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A B S T R A C T

This study aimed to investigate the capability of the two-stream radiative transfer model 2SeaColor for the
simultaneous retrieval of Chlorophyll-a (Chla), Suspended Particulate Matter (SPM) and Colored Dissolved
Organic Matter (CDOM) concentrations from remote sensing measurements under various conditions (i.e., solar
zenith angle values (SZAs) and water turbidity levels). For this evaluation, a time series of diurnal in-situ hy-
perspectral measurements of remote sensing reflectance (Rrs) concurrent with in-situ measured Chla and SPM
concentrations between 2008 and 2010 by the NIOZ jetty station (the NJS), located in the Dutch part of the
Wadden Sea, was used. Validation of the model retrievals against in-situ measurements showed an acceptable
accuracy (Chla: R2=0.80 and RMSE=2.98 [mgm−3]; SPM: R2= 0.89 and RMSE=2.53 [gm−3]) with good
agreement between the temporal trends of measured and retrieved concentration values over multiple years.
However, the model inversion results yielded less good estimates at SZA > 60° during winter. Furthermore, the
effect of the tide on the variation of daily time series of Chla and SPM concentrations was analyzed. At the
particular NJS location, the tidal effects on the concentrations of SPM and Chla were found to be small. The
capability of the 2SeaColor model to retrieve reliable estimates, and the favorable location of the NJS, which is
little influenced by tidal phase variations, contribute to a better understanding of the long-term variability of
Chla and SPM concentrations. The results of this study may support the ongoing efforts on Sentinel-3 Ocean and
Land Color Instrument (OLCI) calibration and validation at the Dutch Wadden Sea.

1. Introduction

Conservation of European coastal waters in a healthy environmental
state has become a high priority as regulated in the “Marine Strategy
Framework Directive, 2008/56/EC” (Mélin et al., 2011). One of the
most important coastal ecosystems, which have drawn great attention
in Europe, is the Wadden Sea. Conservation of this tidal ecosystem as
the largest unbroken system of intertidal mudflats in the world, and as
one of the 193 natural World Heritage properties, has become com-
pulsory since July 2009 (Sijtsma et al., 2015). Accordingly, particular
attention has been paid by the Netherlands, Denmark, and Germany to
protect this area since the early years of the last century (Bashir, 2016).
Maintaining this coastal area in a healthy state requires a continuous
monitoring approach that can capture the dynamics of water con-
stituent concentrations (Chla, SPM, and CDOM). Remote sensing is an
efficient technique that provides information on water constituent
concentrations (hereafter referred to as WCCs) on high spatio-temporal

scales (Kirk, 1994; Philippart et al., 2013). In the Wadden Sea, remote
sensing has often been applied to produce tidal flat maps (e.g., sediment
types maps or finding locations with seagrass). For example, radar and
laser data has been used to detect the land-water boundaries
(Niedermeier et al., 2005; Wang, 1997; Wimmer et al., 2000). However,
there are only a few studies available on remote sensing algorithms of
optical properties that can be applied for continuous monitoring of
WCCs in this area (Hommersom, 2010). Recent studies show that re-
mote sensing of this complex coastal area seems both possible and
beneficial. Nevertheless, ocean color products may comprise errors of
up to 50% due to the following major problems (Arabi et al., 2016;
Cadee and Hegeman, 2002; Hommersom et al., 2010; Philippart et al.,
2013, 2010; Van der Woerd and Pasterkamp, 2008).

1.1. Atmospheric correction problem

Satellite images are widely used for remote sensing of WCCs in
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coastal areas. However, performing an accurate atmospheric correction
is a most challenging task which may cause significant errors especially
in coastal waters studies (Salama et al., 2004; Wang, 2007; Wang et al.,
2009, 2007; Wang and Gordon, 1994; Wang and Shi, 2007). One pos-
sible approach to minimize the problem of atmospheric effects on re-
mote sensing of coastal waters is using ground-based water leaving
reflectance measurements which are collected at the study site (Loisel
et al., 2013; Salama et al., 2012; Wernand and Der Woerd, 2010). In the
present study, we had the opportunity to work with a unique dataset of
time series of diurnal in-situ hyperspectral water leaving reflectance
concurrently with in-situ measured Chla and SPM concentrations col-
lected on a regular basis (noon time) throughout multiple years at the
NJS. By using this continuous in-situ dataset, the effect of the atmo-
sphere on the remote sensing dataset could be minimized. Accordingly,
it was feasible to have the best validation of the hydro-optical model
using this dataset, which was collected over different seasons and
conditions. On the other hand, eliminating the effect of the atmosphere
as the most important source of models' retrieval errors makes it better
possible to evaluate the contribution of other factors (e.g., water tur-
bidity and SZAs) to the model's retrieval accuracy.

1.2. Hydro-optical models saturation in the presence of high turbidity

Most hydro-optical models are not capable enough to simulate
water leaving reflectance values under the condition of high WCCs in
turbid waters. Therefore, saturation occurs when modeling Rrs at high
turbidity, and consequently retrieving WCCs from remote sensing
measurements over turbid waters will often fail. For example, Gordon
et al. (1988) developed a semi-analytical optical model which predicts
the upwelling spectral radiance as a function of the phytoplankton
pigment concentration at the sea surface level for open oceans. Based
on Gordon's model, the variations in the phytoplankton backscattering
and absorption, and the associated detrital material determine the ra-
diance values variations. Lee et al. (2002) developed a multiband quasi-
analytical algorithm based on Gordon's model to retrieve backscattering
and absorption coefficients from remote sensing reflectance spectra for
both open oceans and coastal waters. However, both the Gordon and
Lee models suffer from early saturation at high turbidities (Salama and
Shen, 2010). Fettweis et al. (2007) developed a semi-analytical algo-
rithm to investigate the relationships between the backscattering
coefficient, the absorption coefficient, water leaving reflectance and
WCCs in the Belgian/Dutch coastal area. However, also their model was
only appropriate for low turbidity waters. Since the Wadden Sea is
considered a high turbidity coastal area (Hommersom, 2010), it is
crucial to select a reliable hydro-optical model that does not saturate
too soon for modeling of water leaving reflectance values under high
water turbidity conditions. In this study, we implemented a new hydro-
optical model which comprises an analytical forward model including
an inversion scheme known as the 2SeaColor model (Salama and
Verhoef, 2015) for the simultaneous retrieval of WCCs from in-situ
hyperspectral measurements of remote sensing reflectance, Rrs. The
2SeaColor model was developed while maintaining a relative simplicity
by applying the two-stream approach including direct sunlight, based
on Duntley (1941). The model considers multiple scattering, which
delays the saturation of water reflectance under high turbidity condi-
tions. Most hydro-optical models consider only single scattering
(Salama and Verhoef, 2015), and therefore saturate in producing Rrs

values already at moderate turbidity conditions.

1.3. SZA effect on the accuracy of the hydro-optical models' retrievals

High SZA values can affect the quality of remote sensing data and
accordingly the accuracy of WCC retrievals using different hydro-op-
tical models. Geostationary satellites (e.g., Geostationary Ocean Color
Imager (GOCI), which observes a region eight or more times a day)
provide observations from the early morning to the late afternoon, and

many data can be obtained under large SZA conditions (Chen, 2017). In
addition, at the location of the Wadden Sea, high SZA variations can be
found in winter around noon and in summer early in the morning or
evening. Therefore, it is essential to use a hydro-optical model that
includes the SZA effect when working with time series of optical
measurements covering the whole year in this area. So far, a few studies
have evaluated the effect of SZA on the accuracy of WCC retrievals
using remote sensing measurements. For example, Volpe et al. (2007)
assessed the uncertainties of Chla retrievals in the Mediterranean Sea
using the OC4V4 algorithm and concluded that this algorithm was not
capable enough to retrieve Chla concentration values at this region due
to the weak light intensity. Chaves et al. (2015) assessed the ocean color
products (e.g., Chla and spectral marine IOPs) from MODIS AQUA data
in the Western Arctic Ocean. They found that the empirical algorithms
were positively biased in comparison with in-situ measurements due to
weak light and high latitudes. Li et al. (2017) investigated the perfor-
mances of seven widely used Chla retrieval algorithms (i.e., OC2,
OC3M, OC3V, OC4V4, Clark, ocean-color index, and Yellow Sea Large
Marine Ecosystem Ocean Color Work Group) under high SZA conditions
using the global in-situ ocean color dataset (NASA bio-optical marine
algorithm dataset). The results showed that the performances of all
seven algorithms decreased significantly under high SZA values com-
pared with those under low to moderate SZA values. They later in-
vestigated the possibility of improving these models by adjusting the
coefficients of the algorithms using the in-situ dataset under the con-
dition of high SZA values. They showed that the results could not be
significantly improved by adjusting the models for high SZA conditions.
In this study, for the first time, we evaluated the effect of SZA on WCC
retrievals using remote sensing measurements in the Wadden Sea. The
2SeaColor model includes incident direct sunlight while it computes the
directional-hemispherical reflectance factor (DHRF) as a function of the
SZA. Therefore the SZA effect on Rrs measurements is considered into
this hydro-optical model while doing WCC retrievals (Salama and
Verhoef, 2015), although no effects of the viewing zenith angle (VZA)
are considered in this model. Consequently, by analyzing a time series
of nearly continuous high quality in-situ hyperspectral measurements
recorded over multiple years at the NJS, it was feasible to explore and
test the model-based retrievals under various SZAs using the 2SeaColor
model.

1.4. Reliability of local specific inherent optical properties (SIOPs)

One of the challenges associated with applying remote sensing
techniques in coastal waters is that the SIOPs show high spatial and
temporal variability in different coastal areas (Babin, 2003; Babin et al.,
2003). These variations are due to numerous factors, including changes
in the water source, sediment type, phytoplankton species composition
and CDOM sources. Since the Wadden Sea is a vast coastal area with
numerous sources of water inputs, it is crucial to evaluate the reliability
of local SIOPs over the location and time in this region. (Salama and Su,
2010). However, for this area, detailed information about seasonal
SIOPs is still lacking. For example, Babin et al. (2003) documated SIOPs
estimates in the Wadden Sea, but they merged them with the North Sea
SIOPs. However, the Wadden Sea SIOPs are different from those of the
North Sea (Hommersom, 2010). In this study, we used a set of measured
SIOPs, which have been collected by Hommersom et al. (2009) at 37
locations between 2006 and 2007 at the Wadden Sea. At the time when
this study was conducted, these measured SIOPs were the only available
ones as representative of water constituent characteristics in the
Wadden Sea. However, some analysis was performed to ensure the re-
liability of these measured SIOPs to be implemented for the 2SeaColor
parametrization during different seasons at the NJS.

1.5. Tidal variation

In remote sensing studies in coastal regions, tidal phase variations
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might interfere with time series of optical measurements and conse-
quently with retrieved WCCs using hydro-optical models. Many studies
have been conducted to evaluate the effect of tide on retrieved WCCs
from remote sensing observations in different coastal areas. For ex-
ample, Eleveld et al. (2014) investigated the relationship between the
tidal phase and retrieved SPM concentration values using MERIS
images in the Western Scheldt located in the southwest of the Nether-
lands. They concluded that tide is one of the leading factors, affecting
the variations in estimated surface SPM concentrations for this tidal
area. He et al. (2013) generated hourly SPM concentration maps from
GOCI observations. They showed that various regions had different
diurnal variations concerning tidal phases in Hangzhou Bay. Wang et al.
(2013) investigated the effect of the tide on the diurnal variation of
ocean optical properties using GOCI images in the western Pacific re-
gion. Doxaran et al. (2009a, 2009b) used one-year time series of in-situ
measurements to show the tidal phase effect on turbidity variations in
the upper part of a micro-tidal estuary using Moderate-resolution
Imaging Spectroradiometer (MODIS) images. Valente and da Silva
(2009) investigated the effect of tide on water turbidity and circulation
in the Tagus estuary using multi-sensor satellite observations. The
Wadden Sea is also a tidal area, which is connected to the North Sea by
a series of tidal inlets (Ridderinkhof et al., 1990). Like anywhere else, at
the NJS location there is a daily shift of about 1 h in the tidal phase, so
that all phases pass by in about one month. Thus, the tidal phase var-
iation might interfere with the time series of measurements since the in-
situ Rrs measurements concurrent with WCCs are taken around noon
local time on all days. Therefore, the effect of tide needs to be con-
sidered carefully when interpreting time series of water quality pro-
ducts in this region. In this study, for the first time, we did a brief
analysis to verify whether the time series analysis of WCCs at the NJS is
affected by tidal phase variations. Although this assessment is not in-
tended as an in-depth study of tidal effects, its conclusion plays a vital
role in following the long-term temporal courses of WCCs at the NJS.

After mentioning the main problems of remote sensing of water
quality at the Wadden Sea, we defined the main objectives of this study
as evaluation and validation of the 2SeaColor model performance for
WCC retrievals under different SZAs and water turbidity conditions at
the NJS. Finally, we will discuss the application of this validated hydro-
optical model to be implemented on the ground-based remote sensing
measurements and satellite images.

2. Study area

The study area of this work is the Dutch Wadden Sea. This is the
area located between the North Sea in the northwest and the mainland
of the Netherlands in the southeast, and between the Eems-Dollard
estuary in the northeast and the Marsdiep in the southwest
(Ridderinkhof et al., 1990). This area is considered as a shallow, well-
mixed tidal region with a surface area of 2500 km2 and consists of
several tidal basins (Ridderinkhof et al., 1990). The satellite image in
Fig. 1 shows the south-western part of the Wadden Sea, with parts of
the Dutch mainland on the right and the island of Texel at the bottom
left, and Vlieland and Terschelling to the north. As this SPOT satellite
image (spatial resolution 20m) shows, the bottom can be seen in large
parts of the Dutch Wadden Sea, illustrating clearly that the sea bottom
effect can influence remote sensing of optical measurements in this
shallow coastal area (Lee et al., 1999). However, this was not the case
for the NJS data due to the moderate turbidity and the depth of the
water (> 5m) at that location, so that the bottom effect on measured
reflectance values is negligible.

This study focused on measurements taken at the NJS located
nearby the Marsdiep inlet (53°00′06″N; 4°47′21″E) to the Dutch part of
the Wadden Sea (Fig. 1). The Marsdiep inlet is located at the western
border and consists of a deep tidal channel flanked by shallow sand and
mudflats. The inlet is bordered by the island Texel to the north and by
the town of Den Helder to the south on the mainland.

3. Dataset

3.1. Time series of in-situ measurements at the NIOZ jetty station

The NIOZ jetty station (hereafter referred to as the NJS) provided
the dataset of the present study. This dataset contained the time series
of in-situ hyperspectral measurements of water leaving reflectance (Rrs)
concurrent with Chla and SPM concentrations (collected at noon time
almost every day) from 2008 to 2010. Fig. 2 presents the spectral
variations of the in-situ Rrs measurements at the NJS for this study.

The NJS has been in operation since 2001 by the Royal Netherlands
Institute for Sea Research (NIOZ) on the Texel Island. Every 15min in-
situ hyperspectral measurements (surface, sky and sun) including me-
teorological data are being collected using the newest generation of
TRIOS Ramses hyperspectral radiometers (Fig. 1 bottom) for “autono-
mous” monitoring of seawater since August 2001 until present
(Wernand, 2011). For more detailed information on the measurement
setup of the NJS, the readers are referred to Wernand (2002).

3.2. Time series of tidal information at the Den Helder station

Simultaneously with recording Rrs measurements at the NJS, tidal
measurements (water depth values, ebb and flood measurements) are
recorded at Den Helder (52.9667° N, 4.7500° E) located only 3.7 km
away from the NJS. Therefore, we had the opportunity to investigate
the possible correlation between the tidal phase and the variation of
WCCs at the NJS. In this study, three-years (2008–2010) of diurnal tidal
measurements containing the water depth values in Normal Amsterdam
Level (NAP) [cm] units, ebb and flood tidal phase information, besides
sunrise and sunset time were extracted from the Den Helder station to
make this evaluation.

4. Method

This study followed the below steps to meet the main objectives of
this research:

(a) Perform data quality control of the NJS dataset.
(b) Evaluate the 2SeaColor model accuracy under different SZA con-

ditions.
(c) Evaluate the 2SeaColor model accuracy under different water tur-

bidity conditions.
(d) Evaluate the reliability of SIOPs measured by Hommersom et al.

(2009).
(e) Analyze the effect of tide on WCC variations at the NJS.

4.1. Data quality control and Rrs calculations at the NJS

Ship-borne and unsupervised optical measurements collected by
sensors installed on jetties, freighters or ferries can be hampered by
factors like meteorological conditions, precipitation or the sun glint
effect. These factors can significantly influence the radiance and irra-
diance measurements and consequently the accuracy of the retrieved
WCCs from calculated water leaving reflectance values. Performing
data quality control by data flagging (based on the knowledge under
which meteorological conditions the optical measurements were col-
lected) is crucial in water quality studies using remote sensing mea-
surements. In this study, three different kinds of data flagging, i.e. re-
lated to “weather conditions (e.g. precipitation, wind speed)”, “spectral
shape” and “sun glint contamination” were implemented to select the
high-quality measurements automatically. This implemented data
flagging approach was proposed by Wernand (2002), based on thou-
sands of measurements of incident solar irradiance as well as coastal
watercolor, and the meteorological dataset collected at the NJS. By
implementing the precipitation flag, we indicated whether any pre-
cipitation occurred during the time of the measurements. Next, the
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spectral shape flag detected those spectra, which were possibly influ-
enced by specific dusk or dawn radiation (red coloring of the sky) using
the band ratio of down-welling solar irradiance (ES) values. By im-
plementing these two data flaggings, all unacceptable spectra were

removed from the dataset. However, sun glint contamination might still
influence the quality of measured Rrs data (Wang and Bailey, 2001). To
minimize the sun glint effect, the NJS was equipped with three optical
hyperspectral sensors consisting of two down-looking water leaving
radiance sensors (Lsfc), 90° apart in the horizontal plane (under azimuth
angles of 135° and 225° from north), instead of the conventional single
sensor measurement, as well as one down-welling irradiance (ES) sensor
(Fig. 1 bottom). In this way, one of the two water-leaving radiance
signals was always available with a minimum of sun glint (Table 1), and
the effect of sun glint contamination was removed from the dataset
(Wernand, 2002). After performing the mentioned data quality control
process and extracting the high-quality spectra from all three sensors,
the water leaving reflectance values were calculated following Wernand
(2002), as explained in Table 1:

The calculated in-situ Rrs values using the equations mentioned
above in Table 1 were later used to perform WCC retrievals using the
2SeaColor model as described below.

4.2. The 2SeaColor model forward modeling and inversion scheme

Table 2 presents the employed algorithms for the 2SeaColor para-
meterization in this study. The same set-up of Table 2 was successfully
used in previous studies for the 2SeaColor model to retrieve WCCs from
remote sensing observations at the NJS (Arabi et al., 2016). Some of the
employed parameterizations are of an empirical nature and therefore
only valid for given ranges of the independent variables (WCCs). For
instance, the Lee et al. (1999) model (Eq. (5)), is not valid for very low
values of Chla (< 0.4 [mgm−3]). Therefore, special care was taken to
ensure that each variable stayed within its valid range, and outside
these ranges, the border value was taken. To do this, we implemented

Fig. 1. Upper-right: the Southwestern part of the Dutch Wadden Sea in Europe; Upper-left: one SPOT satellite image covering the Dutch Wadden Sea and parts of
IJsselmeer lake (8th of May 2006); bottom: the optical sensors installed on the NIOZ jetty station with the viewing zenith angle of 35° (w: looking at water, s: looking
at sky, 1: down welling irradiance sensor at ultraviolet (ES - UV), 2: down welling irradiance sensor (ES), 3: the surface radiance sensor looking to South East (Lsfc -
South East), 4: the surface radiance sensor looking to South West (Lsfc - South West), 5: the sky radiance sensor looking at the South East (Lsky - South East), 6: the sky
radiance sensor looking at the South West (Lsky - South West)).
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Fig. 2. The in-situ spectral measurements of Rrs between 2008 and 2010 at the
NJS.

Table 1
Water-leaving reflectance calculation at the NJS (Wernand, 2002).

Variable Formula Eq.

Selecting east/west Lsfc sensors for Rrs

sky correction1
Lsfc (min) =minimum of Lsfc
sensors

(1)

Calculate Lw Lw=Lsfc (min)− (fsky× Lsky) (2)
Calculate Rrs Rrs= Lw/Es (3)

1 When Lsfc west was minimum, Lsky west was used to do sun glint con-
tamination correction and vice-versa.
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an automatic truncation function in MATLAB to stay within the valid
ranges of WCCs in this study.

In Table 2, the symbols a and bb represent the absorption and
backscattering coefficients. The subscripts Chla, SPM, CDOM, NAP and
W denote Chlorophyll-a, Suspended Particulate Matter, Colored Dis-
solved Organic Matter, Non-Algae Particles (NAP) and water molecules,
respectively. [Chla], [SPM] are the concentrations corresponding to
Chla and SPM, respectively. It should be noted that the predicted re-
flectance from the water by the 2SeaColor model (rsd∞) is dependent on
the SZA values (Eq. (18)), although the range in the cosine of the SZA
(μw) is quite moderate, since the maximum SZA under water is Brew-
ster's angle, 53° for water. The calculated IOPs using the

parameterizations in Table 2 and the set of measured SIOPs valid for the
Dutch Wadden Sea were used to model Rrs spectra by the 2SeaColor
model (Eqs. (17)–(20)). Next, an iterative optimization technique was
applied for the model inversion to retrieve the WCCs. Within the con-
straints mentioned in Table 2, there are three WCCs in Eq. (18), Chla
[mgm−3] concentration, SPM [gm−3] concentration and CDOM ab-
sorption at 440 nm [m−1], which uniquely determine the modeled Rrs

spectra. These unknown variables can be retrieved by minimizing the
differences between Rrs curves that are modeled by the 2SeaColor
model calculated in Eq. (20) and the measured ones calculated in Eq.
(3) (Lee et al., 1999). The “Trust Region” algorithm, implemented in
the MATLAB (The MathWorks, Inc. Natick, MA, USA) function

Table 2
Summary of the used parameterizations (Arabi et al., 2016).

Variable Parameterization Ref. Eq.

Chla absorptiona at λ1 aChla(λ1)= 0.06× ([Chla])0.65 (Lee et al., 1999) (4)
Chla absorptionb aChla(λ)= {[a0(λ)+ a1(λ)× ln aChla(λ1)]× aChla(λ1)} (Lee et al., 1999) (5)
CDOM absorptionc aCDOM(λ)= aCDOM(λ2)× exp [−SCDOM(λ− λ2)] (Bricaud et al., 1981) (6)
NAP absorptiond at λ2 = ×

∗a λ a λ SPM( ) ( ) [ ]NAP NAP2 2 (Lee et al., 1998) (7)
NAP absorptione aNAP(λ)= aNAP(λ2)× exp [−SNAP×(λ− λ2)] (Lee et al., 1998) (8)
Chla backscattering at λ3 bb, Chla(λ3)= 0.416× [Chla]0.766 (Morel and Maritorena,

2001)
(9)

Chla backscattering bb, Chla(λ)= {0.002+ 0.01× [0.5− 0.25× log10[Chla]× (λ/λ3)n]}× bb, Chla(λ3) (Morel and Maritorena,
2001)

(10)

NAP backscatteringf at λ3 = × ×
∗b λ b λ I SPM( ) ( ) [ ]NAP NAP3 3 (Doxaran et al., 2009a,

2009b)
(11)

NAP scatteringg bNAP(λ)= bNAP(λ3)× (λ3/λ)γ− [1− tanh (0.5× γ2)]× aNAP(λ) (Doxaran et al., 2009a,
2009b)

(12)

Water molecules absorptionh aW(λ): listed values (Pope and Fry, 1997) (13)
Water molecules scattering bbw(λ): listed values, table (3.8), page 104. (Mobley, 1994) (14)
Total absorption coefficient a(λ)= aW(λ)+ aChla(λ)+ aNAP(λ)+ aCDOM(λ) (IOCCG, 2000) (15)
Total backscattering coefficient bb(λ)= bbw(λ)+ bb, Chla(λ)+ bb, NAP(λ) (Arnone et al., 2006) (16)
Backscattering to absorption coefficients ratio x= bb/a (Salama and Verhoef,

2015)
(17)

The directional-hemispherical reflectance of the semi-
infinite mediumi

= + − + +
∞r x x μ( 1 2 1)/( 1 2 2 )sd w (Salama and Verhoef,

2015)
(18)

Irradiance reflectance beneath the surfacej R(0−)≃ rsd∞/Q (Mobley et al., 1993) (19)
Above-surface remote sensing reflectance Rrs=(0.52× R(0−))/(1− 1.7× R(0−)) (Lee et al., 2002) (20)

a λ1, λ2 and λ3 are reference wavelengths at 443, 440 and 550 nm, respectively.
b a0 and a1 are the absorption and backscattering coefficients of water molecules taken from Lee et al. (1998).
c SCDOM=0.013 [nm−1] is the spectral slope of CDOM taken from Hommersom et al. (2009).
d aNAP∗(λ2)= 0.036 [m2 g−1] is the specific absorption of non-algae particles taken from Hommersom et al. (2009).
e SNAP=0.011 [nm−1] is the spectral slope of non-algae particles (NAP) taken from Hommersom et al. (2009).
f bNAP∗(λ3)= 0.282 [m2 g−1] is the specific scattering coefficient of NAP taken from Hommersom et al. (2009) and I=0.019 for the North Sea was taken from

Petzold (1972).
g γ=0.6 for the North Sea was taken from Doxaran et al. (2009a, 2009b).
h aw and bbw are the absorption and backscattering coefficients of water molecules and were taken from Mobley (1994) and Pope and Fry (1997).
i μw is the cosine of the SZA below the (flat) water surface.
j Q=3.25 was taken from Mobley (1994).

Fig. 3. The spectral residual (RMSE between the best fits of modeled and measured Rrs) and the yearly SZA variation versus DOY for the quality-controlled
meteorological, shape and sun glint effect dataset between 2008 and 2010 at the NJS.
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“lsqnonlin”, was used to minimize the cost function. The program cal-
culated the Root Mean Square Error (RMSE) between the measured and
modeled values over the whole wavelength range of the reflectance
spectra.

To avoid local minima, we did the minimization in numerous loops
starting with different WCCs initial guesses as recommended by Salama

and Shen (2010). We changed the model's initial values and modeled
the Rrs spectra. The results (data are not shown) showed that initial
values had no significant effects on the minimization and thus on the
retrieved parameters.

(b)

(a)

(c)

Fig. 4. Temporal variation of retrieved Chla concentrations [mgm−3] by the 2SeaColor model versus in-situ Chla concentrations [mgm−3] for the flagged me-
teorological, shape and sun glint effect dataset at the NJS in (a): 2008; (b): 2009 and (c): 2010.
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4.3. Evaluation of the 2SeaColor model accuracy under different SZA
values, turbidity conditions and set of measured SIOPs at the NJS

To investigate the SZA variation effect, we categorized the time
series of in-situ Rrs measurements into different SZA groups.
Considering the yearly SZA variation (from 30° to 75°) at the

measurement site (located at 53° North) with an average change of
almost 7.5° per month, we created six SZA groups (SZAs < 37.5°,
37.5°≤ SZAs < 45°, 45°≤ SZAs < 52.5°, 52.5°≤ SZAs < 60°,
60°≤ SZAs < 67.5° and 67.5°≤ SZAs≤ 75°). Regarding different
water turbidity conditions, we extracted the concentration ranges of in-
situ Chla [mgm−3] and SPM [gm−3] measurements between 2008 and

(a)

(b)

(c)

Fig. 5. Temporal variation of retrieved SPM concentrations [g m−3] by the 2SeaColor model versus in-situ SPM concentrations [g m−3] for the flagged meteor-
ological, shape and sun glint effect dataset at the NJS (a): 2008; (b): 2009 and (c): 2010.
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2010 at the NJS corresponding to each SZA group separately. Then a
Mean Squared Error (MSE) decomposition analysis was performed for
different SZA groups and water turbidity conditions at the NJS. The
MSE is one of the most widely used criteria for evaluation of models
against in-situ measurements. We decomposed the MSE into three
contributions due to i) unequal standard deviations, ii) a bias in the
mean values, and iii) a lack of (positive) correlation, following (Gupta
et al., 2009) as expressed in Eq. (21).

= − + − + −MSE σ σ μ μ σ σ R( ) ( ) 2 (1 )1 2
2

1 2
2

1 2 (21)

where 1 and 2 indicate the variables (modeled and measured values), σ
and μ are standard deviations and means, respectively, and R is the
correlation coefficient. The results of the MSE decomposition analysis
results are presented in Sections 5.1 and 5.2. Finally, we analyzed the
reliability of measured SIOPs to be implemented in the 2SeaColor
model parametrization at the NJS. For this evaluation, the occurrence
of any systematic errors between modeled and measured Rrs spectra in
different parts of the spectrum by using the spectral difference criteria
for different SZA groups was investigated. Results of this evaluation are
also presented in Section 5.3.

4.4. The 2SeaColor model validation

The 2SeaColor model accuracy was evaluated at two different le-
vels: (i) validating the modeled spectra against in-situ Rrs measurements
at the four reference wavelengths of 443, 490, 550 and 665 nm and (ii)
validating the retrieved concentrations of Chla and SPM against in-situ
measurements. The statistical measures of the determination coefficient
(R2) and the Root Mean Square Error (RMSE) were used to quantify the
goodness-of-fit between modeled and measured Rrs, and retrieved and
measured in-situ Chla and SPM concentrations. The results of these

assessments are presented in Section 5.4.

4.5. Tidal effect evaluation

For the tidal effect evaluation, two different approaches were used
in this study. In the first approach, the temporal variation of in-situ SPM
and Chla concentrations corresponding to their water depth values
within the yearly tidal cycles between 2008 and 2010 at the NJS were
plotted (Figs. 4 and 5). Next, the correlation between time series of in-
situ Chla and SPM concentrations at the NJS and the corresponding
water depth values at the Den Helder station for different SZA groups
was calculated to investigate the possible correlation between these two
parameters (Table 10). For the second approach, a complete dataset of
ebb and flood tidal information (including water depth values during
the ebb and flood, ebb and flood occurrence times and sunrise and
sunset time per day) between 2008 and 2010 were obtained for the Den
Helder station (flood: 1076 measurements, ebb: 1065 measurements).
For times concurrent with tidal events, in-situ Rrs measurements at the
NJS were extracted. After performing the data quality control process,
508 and 383 reliable in-situ Rrs measurements were selected under
conditions of flood and ebb, respectively. Then, the 2SeaColor model
was inverted to retrieve Chla and SPM concentrations per each Rrs

measurement of the quality-controlled dataset. Then the differences
between mean values of retrieved SPM and Chla concentration during
flood and ebb for different SZA groups were evaluated as an indicator to
investigate whether the tide causes any significant change in the WCCs
(Table 11).

5. Results

5.1. Evaluation of the 2SeaColor model accuracy under different SZA
conditions

Fig. 3 presents the daily variation of SZA over the year at the NJS.
The spectral residuals (RMSE) between in-situ and modeled Rrs values
over the whole wavelength region as a function of time (DOY) are also
presented in this figure.

The X-axis in this figure shows DOYs during three years (between
2008 and 2010). The left Y-axis shows the SZA values corresponding to
each day (black line). The spectral residual (RMSE) values for each
measurement are presented with red dots while a moving average with
a span of 5 days is also used (blue dashed-line) to show the variation of
RMSE with SZA variation better. As the figure shows, the spectral re-
sidual values increase (from 0.0001 to 0.0016 [sr−1]) nearly in parallel
with SZA (from 10° to 80°). By evaluating the rising trend of spectral
residual amounts at high SZAs (SZAs>60°), it can be concluded that
the 2SeaColor model inversion yields worse spectral fitting results
under high SZAs in this region. As to the effect of SZA variation on the
accuracy of the 2SeaColor model retrievals, the results of MSE de-
composition analysis for all SZA groups are computed in Tables 4 and 5.
In these tables, the distribution of the three error sources (i.e. unequal
standard deviations (second column), bias in the mean values and lack
of correlation (third column) and lack of correlation (fourth column))
are calculated as the percentages (%) of total MSE. In addition, the
calculated R2 values (first column) are attached to the MSE decom-
position tables as follows:

As the results of Table 4 show, the calculated R2 values between the
measured and retrieved Chla estimates significantly decrease (from
0.81 to 0.08) when SZAs become higher than 60°. The R2 value of Chla
is around 0.80 for 30° < SZAs < 52°, decreasing to 0.75 for
52° < SZAs < 60° and it is dropping to<0.2 for SZAs > 60°.
Therefore, the SZA of 60° might be considered as a threshold which
leads to less accurate retrievals in case Rrs measurements are collected
at SZAs > 60°. However, the total MSE values for all SZA groups are
relatively small (between 6 and 12) and do not increase in parallel with
the SZA. The very low R2 values (< 0.1) of Chla retrievals by the model

Table 3
The initial guess of WCCs used in the model inversion.

Variable Unit Lower/upper boundary Border values Initial guess

Chla mgm−3 0–50 0, 50 0.1
SPM gm−3 0–100 0, 100 20
CDOM m−1 0–3 0, 3 0.25

Table 4
The statistical measures used for evaluation of the SZAs effect on the retrieved
Chla [mgm−3] concentrations by the 2SeaColor model.

SZAs R2 Unequal
standard
deviations (%)

Bias in the
mean
values (%)

Lack of
(positive)
correlation (%)

Total MSE

[30°–37.5°) 0.81 18.15 0.15 81.69 6.61
[37.5°–45°) 0.78 18.17 2.15 79.68 7.43
[45°–52.5°) 0.74 28.67 4.72 66.61 11.44
[52.5°–60°) 0.72 14.77 20.00 65.23 8.80
[60°–67.5°) 0.03 50.12 43.93 15.95 8.40
[67.5°–75°] 0.08 42.30 43.40 14.30 10.07

Table 5
The statistical measures used for evaluation of the SZAs effect on the retrieved
SPM [gm−3] concentrations by the 2SeaColor model.

SZAs R2 Unequal
standard
deviations (%)

Bias in the
mean
values (%)

Lack of positive
correlation (%)

Total MSE

[30°–37.5°) 0.89 1.69 21.01 77.29 4.14
[37.5°–45°) 0.84 1.54 10.57 87.89 8.42
[45°–52.5°) 0.83 1.46 10.41 88.13 10.28
[52.5°–60°) 0.87 1.52 14.35 84.14 11.85
[60°–67.5°) 0.23 0.58 31.97 67.45 36.25
[67.5°–75°] 0.42 0.74 41.20 58.06 65.09
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in winter (SZAs > 60°) do contribute little (< 15%) to the total MSE
and therefore cannot be considered a major source of error. This also
means that R2 as an error measure is rather meaningless in this case.
Improving the correlation would not help much here since the greatest
contributions to the MSE decomposition for Chla estimates in winter
(SZAs > 60°) come from the bias in the mean values (~45%) and the
unequal standard deviations (~50%) while the lack of positive

correlation plays the smallest role (~15%) in the total MSE. The results
of the calculated R2 values as well as the MSE decomposition analysis
for all SZA groups for SPM estimates are presented in Table 5.

Like for the Chla estimates, the calculated R2 values between the
measured and retrieved SPM estimates significantly decrease (from
0.89 to 0.42) in winter when SZAs become higher than 60°. On the
other hand, the total MSE values of SPM estimates also increase (from 4

(b)

(c)

Fig. 6. Temporal variation of retrieved CDOM absorption at 440 nm [m−1] by the 2SeaColor model for the flagged meteorological, shape and sun glint effect dataset
at the NJS (a): 2008; (b): 2009 and (c): 2010. (For interpretation of the references to color in this figure, the reader is referred to the web version of this article.)
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to 65) with the SZA increase in winter. The total MSE values are ~12
for SZAs < 60° and they increase dramatically to ~65 for SZAs > 60°.
Moreover, the lack of positive correlation does have the most significant
contribution (~70%) to the total MSE for SPM estimates in winter.
Therefore, the seasonal variation of higher SPM concentrations in
winter might be another factor besides the SZA effect that leads to the
sudden increase of total MSE at SZAs > 60°. In the following section,
the 2SeaColor model's performance with respect to the variation range
of in-situ Chla and SPM concentrations at different SZA groups is in-
vestigated.

5.2. Evaluation of the 2SeaColor model performance under different water
turbidity conditions

The ranges of in-situ Chla and SPM concentrations for the various
SZA groups at the NJS are presented in Table 6:

As can be seen from Table 6, the maximum levels of in-situ SPM
concentrations (~50 [gm−3]) occur during winter (SZAs > 60°) while
these amounts are considerably higher than the maximum levels of SPM
concentration (~ 30 [gm−3]) during spring and summer
(30°≤ SZAs < 52.5°). Conversely, the maximum levels of in-situ Chla
concentration (~30mgm−3) occur in spring and summer, while these
amounts reach their minimum values (~0.1 [mgm−3]) during winter.
Therefore, the substantial variations in concentration of in-situ

measured Chla and SPM in different seasons in the NJS might be an-
other reason for the model's deterioration in winter, especially for the
SPM estimates. Figs. 4 and 5 present the temporal variation of retrieved
Chla and SPM concentration versus their corresponding in-situ mea-
surements at the NJS. In these figures, the retrieved values between
March and October (SZAs < 60°) are shown by red triangles. Blue stars
show the retrieved values during winter (SZAs > 60°), and black dots
indicate the in-situ Chla and SPM measurements at the NJS. In addition,
the water depth values at the Den Helder station corresponding to each
in-situ Chla and SPM measurement at the NJS are presented in grey bars
to support the further analysis given in Section 5.5.

As can be seen in Fig. 4, the temporal trends of retrieved and in-situ
Chla concentrations [mgm−3] are in good agreement (between 0 and
35 [mgm−3]) with the daily Chla concentration variations between
2008 and 2010 at the NJS. The highest values of retrieved and mea-
sured Chla concentrations are mainly observed in the spring period
(April, May, and June) ~30 [mgm−3]. After the spring period, Chla
values start to decrease in July (~5 [mg −3]) with a slight increase in
September (~10 [mgm−3]), and they reach their lowest values during
winter (~0 [mgm−3]) (blue stars). However, underestimation of re-
trieved Chla concentrations in comparison to in-situ measurements in
winter (SZAs > 60°) can be observed in all three years (Fig 4(a), (b)
and (c)). Indeed, the low concentration of in-situ Chla measurements
during the winter makes the water leaving spectrum less sensitive to

(a) (b)

(c) (d)

(e) (f)

400 500 600 700 800 900
0

0.005

0.01

0.015

0.02

0.025

Wavelength [nm]

R
rs

 30
o
< SZAs < 37.5

o Measured R
rs

Modeled R
rs

400 500 600 700 800 900
0

0.005

0.01

0.015

0.02

0.025

Wavelength [nm]

R
rs

 37.5
o
< SZAs < 45

o Measured R
rs

Modeled R
rs

400 500 600 700 800 900
0

0.005

0.01

0.015

0.02

0.025

Wavelength [nm]

R
rs

 45
o
< SZAs < 52.5

o Measured R
rs

Modeled R
rs

Fig. 7. The spectral differences between in-situ and model's best fit Rrs corresponding to the different SZA groups versus wavelength for the quality-controlled
meteorological, shape and sun glint effect dataset between 2008 and 2010 at the NJS. Left: red dashed-lines present the spectral average of in-situ Rrs values and the
blue lines present the spectral average of the models best fits Rrs values; right: the spectral differences (RMSE) between in-situ and model's best fit Rrs for the whole
wavelength region. (a,b): data collected at SZAs [30°–37.5°); (c,d): data collected at SZAs [37.5°–45°); (e,f): data collected at SZAs [45°–52.5°); (g,h):data collected at
SZAs [52.5°–60°); (i,j): data collected at SZAs [60°–67.5°); (m,n): data collected at SZAs [67.5°–75°]. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
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changes in Chla values. That is why the model underestimates Chla
concentration retrievals by tending to take the lower boundaries (~0
[mgm−3]) of the Chla concentration variable through optimization
techniques (Table 3). On the other hand, in-situ Chla concentrations
occur in very low ranges (~0 to 5 [mgm−3]) during winters. Conse-
quently, reasonable temporal agreement occurs between the retrieved
and in-situ Chla concentrations in winter, with relatively low total MSE
(~10) in the high SZA groups (SZAs > 60°) (Table 4), which also
means that the low R2 (< 0.1) is harmless in wintertime, since the low
Chla concentrations in winter (between 0 and 5 [mgm−3]) were pre-
dicted correctly. Therefore, it can be concluded that the 2SeaColor
model is capable enough to retrieve Chla concentrations under different
water turbidity conditions at the NJS. The temporal variations of re-
trieved SPM concentrations versus in-situ ones at the NJS are presented
in Fig. 5.

As can be seen in Fig. 5, the temporal trends of retrieved and in-situ
SPM concentrations [gm−3] are in good agreement (between 0 and 60

[gm−3]) with the daily water turbidity variation between 2008 and
2010 at the NJS. Both retrieved and in-situ SPM concentrations show
their highest values (between 10 and 60 [gm−3]) from January to
February, they start to decrease (from 0 to 30 [gm−3]) from April to
July and they increase again at the beginning of October (between 10
and 35 [gm−3]), until they reach their highest level in November and
December (between 40 and 60 [gm−3]). On the other hand, some
overestimation of retrieved SPM concentrations in comparison to in-situ
measurements can be observed during winters (SZAs > 60°) in all
three years. As the results of the MSE analysis also showed (Table 5),
the total MSEs significantly (from 4 to 65 [gm−3]) increase in winter,
in parallel with SZA increase (from 30° to 75°) while the most sig-
nificant contribution to this error at SZAs > 60° is due to lack of cor-
relation (~90%). Therefore, the higher level of SPM concentrations in
winter in comparison to summer level (SZAs < 60°) might be another
reason (besides SZA increase) that the total MSE values considerably
increase during winter for SPM retrievals (from 4 to 65 [gm−3]).
However, as explained before in Section 1.2, and following recent
studies (Arabi et al., 2016; Salama and Verhoef, 2015; Yu et al., 2016a),
the 2SeaColor model has been developed to deal with high turbidity.
Therefore, this SPM overestimation might be related to the unreliability
of the SIOPs implemented in the 2SeaColor model's parametrization for
SPM retrievals during winter. The main reason is that the SPM con-
centration levels follow a certain seasonal pattern over different years
(Fig. 5(a), (b), (c)) while there is no information about seasonal SIOPs
at this moment for the NJS. Indeed, the implemented SIOPs in this
study have been collected only during spring and summer (Hommersom
et al., 2010). However, even this model overestimation in winter still
shows fairly reasonable agreement with the trend of in-situ SPM con-
centrations for all three years. Therefore, from the results of this
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Fig. 7. (continued)

Table 6
The concentration ranges of in-situ Chla [mgm−3] and SPM [gm−3] mea-
surements corresponding to each SZA group between 2008 and 2010 at the
NJS.

SZAs Chla SPM

[30°–37.5°) 0.22–22.04 3.06–30.54
[37.5°–45°) 1.37–18.92 5.60–31.39
[45°–52.5°) 0.84–26.52 7.64–32.08
[52.5°–60°) 0.19–20.96 2.84–39.46
[60°–67.5°) 0.19–09.37 3.63–43.48
[67.5°–75°] 0.40–08.51 1.17–51.65
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evaluation it can be concluded that the 2SeaColor model is capable
enough to retrieve SPM concentrations under various water turbidity
conditions at the NJS. However, the results of winter retrievals
(SZAs > 60°) show a considerable model overestimation in this season.
It should be noted that the 2SeaColor model also retrieves CDOM

absorption at 440 nm [m−1] simultaneously with Chla and SPM con-
centration values. The trend of retrieved CDOM by the 2SeaColor model
is presented in Fig. 6. However, there were no in-situ CDOM mea-
surements to evaluate the agreement between the temporal variation of
measured and retrieved CDOM absorptions.
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Fig. 8. Comparison between the 2SeaColor model's best-fit spectra and in-situ Rrs measurements for the quality-controlled dataset between 2008 and 2010 at the NJS
for wavelengths: (a) 443 nm; (b) 490 nm; (c) 550 nm and (d) 665 nm.
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Fig. 9. Left: comparison between retrieved and in-situ measurements of Chla concentration [mgm−3] for the quality-controlled dataset between 2008 and 2010 at
the NJS; right: the same after removing winter retrievals.
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As Fig. 6 shows, the temporal variability of CDOM is independent of
that of Chla (Yu et al., 2016b). In general, the retrieved values of CDOM
(blue stars) are low (~0.5m−1) during winter (SZAs > 60°) and in-
creasing to ~1.2 m−1 in spring and summer (red triangles) during three
years at the NJS. Moreover, the temporal CDOM absorption variations
follow similar trends [between 0 and 2m−1] over the years between
2008 and 2010 at the NJS.

5.3. Evaluation of the reliability of the set of measured SIOPs at the NJS

The reliability of the measured SIOPs by Hommersom et al. (2009)
used in the 2SeaColor model parametrization, are evaluated as ex-
plained in Fig. 7.

As the left panels of this figure show, by using Hommersom's SIOPs,
good fits are found between measured and modeled Rrs spectra while
the calculated RMSE are in very low range groups
(0.0001 < RMSE < 0.00022) for all SZA. However, as the right

panels of this figure show, many zero-crossings occur constantly at
nearly the same spectral positions. For example, there are systematic Rrs

underestimations around 410 and 600 nm for all SZA groups. In addi-
tion, another systematic Rrs overestimation can be observed in the Near
Infrared Red (NIR) part of the spectrum (between 780 and 900 nm).
Regarding the similar patterns of zero-crossings as well as the very low
spectral residuals (0.0001 < RMSE < 0.00022) for all SZA groups
(Fig. 7 right panel), it can be stated that the SIOPs measured by
Hommersom et al. (2009) are suitable to be implemented for the
2SeaColor model parametrization at the NJS. However, there is a slight
mismatch between the real and implemented SIOPs for the 2SeaColor
model parametrization at this region. Therefore, modifying these SIOPs
with respect to the seasonal patterns of WCCs at the NJS may lead to
improved retrieval results. On the other hand, as the right panels of
Fig. 7 show, the calculated RMSE values between the measured and
modeled Rrs spectra increase (from 0.00010 to 0.00021) in parallel with
the SZA increase (from 30° to 75°). The RMSE values are around
0.00013 for 30° < SZAs < 52°, increasing to 0.00016 for
52° < SZAs < 60° and rising to around 0.0002 for SZAs > 60°. On
the other hand, the amplitudes of Rrs values also increase (from 0.01 to
0.02) (Fig. 7, left panels) in parallel with the SPM level increase from
spring to winter (Table 6). The Rrs amplitude values are around 0.012
for 30° < SZAs < 52°, increasing to 0.015 for 52° < SZAs < 60° and
are rising to around 0.02 for SZAs > 60°. This can be other evidence of
the lower reliability of the retrieved WCCs during winter under high
SZA conditions at the NJS (Table 5). However, it is uncertain whether
the higher spectral residuals and consequently the worse retrieval re-
sults during winter are caused by the seasonal pattern of SPM con-
centrations and lack of seasonal SIOPs, or by the SZA effect.

5.4. Validation of the 2SeaColor model performance to model Rrs spectra
and retrieve WCCs against in-situ measurements

The results of the 2SeaColor model validation for modeling Rrs

spectra and retrieving Chla and SPM concentrations are provided in
Figs. 8, 9 and 10, respectively.

Fig. 8 presents the results of the 2SeaColor model validation for
modeling Rrs spectra for the four wavelengths at 443, 490, 550 and
665 nm for the flagged meteorological, shape and sun glint effect da-
taset between 2008 and 2010 at the NJS. As this figure shows, the
modeled best fitting spectra agree very well with measured spectra at
the selected wavelengths. The related error statistics are also presented
in Table 7.

The high R2 values (R2 > 0.95 for all selected wavelengths) and
small RMSE values (0.00015 < RMSE<0.00035) for all the quality-
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Fig. 10. Left: comparison between retrieved and in-situ measurements of SPM concentration [gm−3] for the quality-controlled dataset between 2008 and 2010 at the
NJS; right: the same after removing winter retrievals.

Table 7
The model's performance evaluation for Rrs model's best-fit spectra against in-
situ ones for the quality-controlled dataset between 2008 and 2010 at the NJS
for wavelengths at 443, 490, 550 and 665 nm.

Wavelength/statistical measures R2 RMSE [sr −1]

443 nm 0.95 0.00032
490 nm 0.99 0.00019
550 nm 0.99 0.00028
665 nm 0.99 0.00032

Table 8
The model's performance evaluation of Chla retrievals for the quality-controlled
dataset with and without winter retrievals between 2008 and 2010 at the NJS.

SZA groups/statistical measures R2 RMSE [mgm−3]

All dataset (Fig. 9 left) 0.79 2.57
SZAs < 60° (Fig. 9 right) 0.80 2.98

Table 9
The model's performance evaluation of SPM retrievals for the quality-controlled
dataset between 2008 and 2010 at the NJS.

SZA groups/statistical measures R2 RMSE [gm−3]

All dataset (Fig. 10 left) 0.66 7.65
SZAs < 60° (Fig. 10 right) 0.89 2.53
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controlled datasets show that the 2SeaColor model is capable of accu-
rately reproducing the measured reflectance spectra for varying WCC
values at the NJS. The accuracy of the 2SeaColor model for retrieving
Chla and SPM concentrations for the NJS dataset with and without
winter retrievals are also illustrated in Figs. 9 and 10, respectively.

Fig. 9 presents the results of the 2SeaColor model validation for
retrieving Chla concentrations from a time-series of daily quality-con-
trolled Rrs measurements for three years at the NJS. As the Fig. 9 left
shows, the model is less successful in achieving reasonable retrievals in
winter under high SZAs. However, by removal of the winter retrievals,
the retrieved-measured Chla scatter plot shows significant improve-
ment (Fig. 9 right). The related error statistics are also presented in
Table 8.

As Table 8 presents, the calculated R2 and RMSE values of the Chla
estimates slightly improve (R2 from 0.79 to 0.80; RMSE: from 2.57 to
2.98) when the winter retrievals are removed. However, for both
groups (with and without winter data), the statistical measures still
indicate a reasonable agreement between the retrieved and in-situ Chla
concentrations for three years at the NJS.

Fig. 10 also presents the results of the 2SeaColor model validation
for retrieving SPM concentrations from a time-series of daily quality-
controlled Rrs measurements for three years at the NJS. As Fig. 10 left
shows, retrievals are less successful in winter under high SZAs. How-
ever, by removal of the winter retrievals, the retrieved-measured SPM
scatter plot shows improvement (Fig. 10 right). The related error sta-
tistics are also presented in Table 9.

As Table 9 shows, the calculated R2 and RMSE values of the SPM
estimates improve significantly when the winter retrievals are removed.
Indeed the model shows much better performance to retrieve SPM
concentrations after removing the winter retrievals (R2= 0.89,
RMSE=2.57 [gm−3]). However, as explained before in Section 5.3, it
is uncertain whether this model's deterioration in winter is due to the
seasonal pattern of SPM concentrations or due to the SZA effect.
Moreover, the accuracy of the 2SeaColor model to retrieve SPM con-
centration is, as expected, (Salama et al., 2011; Salama and Stein,
2009), better than that for Chla after removal of winter retrievals. The
R2 values are 0.89 and 0.80 and the RMSE values are 2.98 and 2.53 for
retrieved Chla and SPM estimates, respectively.

5.5. Tidal effect

To investigate the possible correlation between WCC variations and
the tidal cycles over the year at the NJS, the two figures that were
produced in Section 5.2 to present the time series (Fig. 4: Chla con-
centrations versus water depth values, Fig. 5: SPM concentrations
versus water depth values) can be used. These figures show the tem-
poral variation of the in-situ Chla and SPM concentrations (black dots)
in comparison with their water depth values (grey bars), respectively.
As these figures show, no temporal relationship can be found to prove
that the concentration of Chla and SPM values at the NJS are affected
by the level of water depth. The scatter plots of in-situ Chla and SPM
concentrations at the NJS and their corresponding water depth values
at the Den Helder station are also presented in Fig. 11.

As can be seen from these figures, no relationships are found be-
tween in-situ Chla and SPM concentrations and their corresponding
water depth values. The calculated correlation estimates between time
series of in-situ Chla and SPM concentrations at the NJS corresponding
to their water depth values at the Den Helder station at different SZA
groups are also presented in Table 10.

As shown in this table, there are no explicit relationships between
measured measurements (i.e. Chla and SPM) and their corresponding
water depth values. Table 11 presents the mean values of retrieved Chla
and SPM concentrations by the 2SeaColor model during the flood and
ebb tide for different SZA groups between 2008 and 2010.

Fig. 11. Left: scatter plot of in-situ Chla concentrations [mgm−3] at the NJS versus water depth values [cm] at the Den Helder station for the quality-controlled
dataset between 2008 and 2010; right: the same, for in-situ SPM concentrations [g m−3].

Table 10
The calculated correlation between in-situ Chla [mgm−3] and SPM [gm−3]
concentration values between 2008 and 2010 at the NJS and their water depth
values [cm] corresponding to different SZA groups.

SZAs/water constituents Chla [mgm−3] SPM [gm−3]

[30°–37.5°) −0.02 −0.12
[37.5°–45°) −0.34 −0.41
[45°–52.5°) −0.14 −0.30
[52.5°–60°) 0.09 −0.01
[60°–67.5°) 0.03 0.07
[67.5°–75°] −0.01 −0.04

Table 11
The mean values of retrieved Chla and SPM concentrations for the flood and
ebb groups corresponding to their SZA degrees for the quality-controlled da-
taset between 2008 and 2010 at the NJS.

SZA/water constituent Chla [mgm−3] SPM [gm−3]

Flood Ebb Flood Ebb

[30°–37.5°) 7.02 7.10 17.25 19.15
[37.5°–45°) 9.77 8.66 17.66 20.61
[45°–52.5°) 9.93 8.78 20.39 22.86
[52.5°–60°) 8.10 7.93 24.60 26.01
[60°–75°] 4.87 4.97 25.94 28.86
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As Table 11 shows, there is no large difference between the mean
values of retrieved Chla and SPM concentrations under the conditions
of flood and ebb for different SZAs, since the mean differences are<
1.15 [mgm−3] and< 3 [gm−3] for Chla and SPM, respectively, for all
groups. Only for SPM, we found that the mean values at flood tend to be
slightly lower, which might be due to the inflow of relatively clear
water from the North Sea.

6. Discussion

In-situ hyperspectral measurements recorded from fixed offshore
platforms can be a cost-effective solution to provide continuous ob-
servations for long-term water quality monitoring (Zibordi et al., 2009,
2006). In this study, the two-stream radiative hydro-optical modeling
2SeaColor was applied for the simultaneous retrieval of Chla, SPM and
CDOM absorption from a time-series of in-situ Rrs measurements re-
corded between 2008 and 2018 at the NJS located at the Dutch Wadden
Sea. Based on the results of this study, the 2SeaColor model shows a
good performance in modeling water leaving reflectance spectra
(Table 7) and retrieving Chla and SPM concentration values (Tables 8
and 9) using the implemented parameterization in this work (Table 2).
The trends of retrieved Chla and SPM values (Figs. 4 and 5) show higher
values of Chla (between 10 and 35 [gm−3]) in spring and lower ones in
winter (between 0 and 5 [mgm−3]), as well as low values of SPM in
spring and summer (between 5 and 30 [g m−3]), and higher values
(between 10 and 60 [gm−3]) in winter. These results are in agreement
with previous studies for the long-term monitoring of Chla and SPM
concentration variations during cruise measurements in the Dutch
Wadden Sea (Hommersom, 2010; Hommersom et al., 2009). Further-
more, the performed analysis in the present study revealed that the
accuracy of the model deteriorates during winter when the SZA effect
and seasonal pattern of WCCs play a role in the quality of in-situ Rrs

measurements, affecting thereby the accuracy of the retrievals. The
results of this study have significant implications for the assessment of
the causes and the consequences of long-term water constituent con-
centrations dynamics in the complex turbid waters of the Dutch
Wadden Sea using ground-based measurements and satellite images as
follows:

6.1. The implication for water quality monitoring using ground-based
measurements

The tidal effect evaluation of this study shows that the NJS is lo-
cated at a favorable location at the Dutch Wadden Sea, where tides do
not significantly influence WCCs (Table 10). This conclusion helps to
investigate the monthly, seasonal and annual variation of WCCs re-
trieved by the 2SeaColor model from time series of in-situ Rrs mea-
surements at the NJS, without concerns about the tidal effect on the
variation of these WCCs. Otherwise, the studying of the temporal course
would become very complicated. In other words, it is fortunate that
tidal effects were small, since otherwise we could hardly follow the
seasonal courses. Once a hydro-optical model is considered sufficiently
valid for WCC retrievals, its temporal predictions can be used for the
long-term water quality monitoring at the Dutch Wadden Sea. The
validated 2SeaColor model was applied to every 15min of in-situ Rrs

measurements collected for more than one decade (from 2002 till
present) at the NJS for the simultaneous retrieval of WCCs. These long-
term retrievals can later be used to conduct the phenological analysis of
Chla concentration and investigation of SPM variation at this area. Of
particular interest when conducting Chla phenological analysis, is
whether any significant decreasing trend from 2002 until present might
indicate the influence of prior nutrient reduction management actions.
This has remarkable applications for identifying positive anomaly oc-
currences and may operate as a warning for water management actions
(Arabi et al., 2016). In addition, considering the fair accuracy of the
2SeaColor model (Tables 8 and 9), these accurate long-term

observational baselines of SPM and Chla can be used as an indicator to
check the accuracy of retrieved WCCs using other water retrieval al-
gorithms in the complex Dutch Wadden Sea.

6.2. The implementation of long-term water quality monitoring using
satellite observations

Using a hyperspectral optical model like 2SeaColor, which has been
validated under different conditions, and coupling its output to an at-
mospheric Radiative Transfer (RT) model like MODTRAN following
Arabi et al. (2016), allows generating Top Of Atmosphere (TOA) ra-
diance signals for any hyperspectral or multispectral sensor, thus
creating a flexible solution that can be applied with any given optical
sensor system. The modeled TOA radiance data can next be used in an
optimization loop to retrieve all relevant WCCs. Then we will be able to
produce retrieved WCCs using satellite images of the Dutch Wadden
Sea. Regarding the atmospheric correction, two approaches can be
followed: either the atmospheric parameters (aerosol type and visibi-
lity) for the whole image are estimated first and next applied to the
whole image, or the atmospheric correction parameters are retrieved
pixel by pixel, along with the WCCs, in which case the spatial variation
of atmospheric properties is accommodated (Arabi et al., 2016; Shen
and Verhoef, 2010). At present, there is a full archive of MERIS images
of the Dutch Wadden Sea which have been captured from 2002 to 2012.
In addition, there is free access to OLCI Sentinel-3 images of the Dutch
Wadden Sea since February 2016 (Harvey et al., 2014). Therefore,
producing WCC maps retrieved from time series of MERIS (from 2002
to 2012) and OLCI (2016 till present) images will be the next objective
of this research. These maps can be used as baseline data for the long-
term spatio-temporal monitoring of the area. However, due to the
shallowness of large parts of the Dutch Wadden Sea, considering the
bottom effect into the hydro-optical retrieval model to produce more
reliable WCC maps from satellite images is recommended for these
further studies.

7. Conclusion

From the performed analysis and evaluation of this study, we con-
clude that: (1) the 2SeaColor model is accurate enough to retrieve the
concentrations of Chla and SPM during spring and summer for a period
of three years (from 2008 to 2010) at the NJS located in the Dutch part
of the Wadden Sea; (2) the 2SeaColor model's retrievals of Chla and
SPM deteriorate in winter. For Chla, the levels of Chla during winter are
too low to be well detectable, and for SPM the concentrations in winter
are higher than in the rest of the year. It is therefore uncertain whether
the worse results during winter are caused by the seasonal pattern of
the concentrations, or by a SZA effect; (3) the SIOPs measured by
Hommersom et al. (2009) were found valid for the retrieval of Chla and
SPM concentrations. However, measuring seasonally varying SIOPs is
recommended for further studies; (4) At the NJS the tide has little ob-
servable effects on the diurnal changes of SPM concentration.
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