Remote Sensing of Environment 239 (2020) 111632

Contents lists available at ScienceDirect

Remote Sensing of Environment
journal homepage: www.elsevier.com/locate/rse

Integration of in-situ and multi-sensor satellite observations for long-term
water quality monitoring in coastal areas

T

Behnaz Arabia, , Mhd. Suhyb Salamaa, Jaime Pitarchb,c, Wouter Verhoefa
⁎

a

Department of Water Resources (WRS), Faculty of Geo-Information Science and Earth Observation (ITC), University of Twente, P.O. Box 217, 7500AE, Enschede, the
Netherlands
b
Department of Coastal Systems, NIOZ Royal Netherlands Institute for Sea Research, PO Box 59, 1790AB, Den Burg, Texel, the Netherlands
c
Utrecht University, the Netherlands

ARTICLE INFO

ABSTRACT

Keywords:
Long-term water quality monitoring
Remote sensing
Integration
Multi-sensor satellites
In-situ measurements
Hyperspectral observations
MERIS
MSI
OLCI
ENVISAT
Sentinel-2
Sentinel-3
2SeaColor
MODTRAN
Radiative Transfer modeling
Coastal waters
The Wadden Sea

Recently, there have been significant efforts in the integration of in-situ and satellite observations for effective
monitoring of coastal areas (e.g., the Copernicus program of the European Space Agency). In this study, a 15-year
diurnal variation of Water Constituent Concentrations (WCCs) was retrieved from multi-sensor satellite images
and in-situ hyperspectral measurements using Radiative Transfer (RT) modeling in the Dutch Wadden Sea. The
existing RT model 2SeaColor was inverted against time series of in-situ hyperspectral measurements of water
leaving reflectances (Rrs [sr−1]) for the simultaneous retrieval of WCCs (i.e., Chlorophyll-a (Chla), Suspended
Particulate Matter (SPM), Dissolved Organic Matter (CDOM)) on a daily basis between 2003 and 2018 at the
NIOZ jetty station (the NJS) located in the Dutch part of the Wadden Sea. At the same time, the existing coupled
atmosphere-hydro-optical RT model MOD2SEA was used for the simultaneous retrieval of WCCs from time series
of multi-sensor satellite images of the MEdium Resolution Imaging Spectrometer (MERIS) onboard ENVISAT,
Multispectral Instrument (MSI) onboard Sentinel-2 and Ocean and Land Colour Instrument (OLCI) onboard
Sentinel-3 between 2003 and 2018 over the Dutch Wadden Sea. At the NJS, a direct comparison (Taylor diagram
and statistical analysis) showed strong agreement between in-situ and satellite-derived WCC values (Chla:
R2 ≥ 0.70, RMSE ≤7.5 [mg m−3]; SPM: R2 ≥ 0.72, RMSE ≤5.5 [g m−3]; CDOM absorption at 440 nm:
R2 ≥ 0.67, RMSE ≤1.7 [m−1]). Next, the plausibility of the spatial variation of retrieved WCCs over the study
area was evaluated by generating maps of Chla [mg m−3], SPM [g m−3], and CDOM absorption at 440 nm
[m−1] from MERIS and OLCI images using the MOD2SEA model. The integration of the spatio-temporal WCC
data obtained from in-situ measurements and satellite images in this study finds applications for the detection of
anomaly events and serves as a warning for management actions in the complex coastal waters of the Wadden
Sea.

1. Introduction
Optical remote sensing of water quality using satellite images is the
backbone of aquatic ecosystem studies as it can provide a spatio-temporal estimates of Water Constituent Concentrations (WCCs), although
operational applications are still limited by deficits of in-situ verification (Bonansea et al., 2015; IOCCG, 2000; Salama et al., 2012). The
integration of in-situ and satellite observations, in this respect, forms a
cornerstone in increasing the validity of quantitative water quality
studies in complex coastal areas (Bonansea et al., 2018; Chen et al.,
2004; Dlamini et al., 2016). Long-term monitoring of water quality
using remote sensing techniques benefits from observation complementarities and synergies by combining in-situ measurements and

⁎

satellite images to provide more precise and higher temporal resolution
monitoring (Dekker et al., 2001; Gohin et al., 2019; Ritchie et al.,
2003). However, the integration of satellite images and in-situ measurements for effective monitoring of coastal areas is still a relatively
new topic, since only a limited number of studies have been conducted
on this subject until know (El Serafy et al., 2011; Pleskachevsky et al.,
2003, 2005; Bernini et al., 2016). The main reason that keeps researchers, water managers, private sectors and coastal planners from
implementing integration methods is the availability of in-situ and satellite observations, besides the complexity of coastal areas for optical
remote sensing studies (Brando and Dekker, 2003; Carvalho et al.,
2011; Glenn et al., 2000; Pattiaratchi et al., 1994; Pitarch et al., 2019;
Salama and Shen, 2010; Schofield et al., 2002; Werdell et al., 2007).
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Fig. 1. Right: The geographic location of the Dutch Wadden Sea in Europe; left: one SPOT image captured on the 8th of May 2006 over the Dutch Wadden Sea and
IJsselmeer lake: Photograph: SPOT- 4/ESA. The location of the NJS is shown by a purple dot in the South-Western part of the figure. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

monitoring of this ecosystem is mandatory1 (Bartholdy and Folving,
1986; Brockmann and Stelzer, 2008; Staneva et al., 2009). The Dutch
Wadden Sea covers a surface area of approximately 2500 km2 and is
located in the north of the Netherlands. The region contains 11 islands,
which extend from West to East (Hommersom, 2010). Fig. 1 shows the
location of the Dutch Wadden Sea in Europe and one SPOT (Satellite for
observation of Earth) image captured over the Dutch Wadden Sea and
IJsselmeer lake.
Effective monitoring of this area needs continuous tracking of the
spatio-temporal variations of WCCs in order to capture information on
dynamic events, which might have a substantial impact on ecosystems,
such as changes caused by storms or unexpected phytoplankton blooms
(Zevenboom et al., 1991). However, the climatological conditions of the
Dutch Wadden Sea, characterized by frequent cloudiness, various
combinations of three WCCs, besides the tide-modulated shallowness of
the water, make this region a complex case study for water quality
monitoring using remote sensing approaches (Arabi et al., 2019;
Hommersom et al., 2010a, 2010b; Misdorp et al., 1989; Müller et al.,
2016).

At the water-surface level, the availability of long-term remote
sensing observations is dependent on many factors such as having access to advanced instruments/sensors, doing a consistent survey on the
automatic sensors, and performing regular calibration/validation on
instruments. Moreover, it is vital to apply a suitable data quality control
approach on the recorded dataset to extract high-quality observations
(Garaba and Zielinski, 2013; Ruddick et al., 2005; Wei et al., 2016;
Wernand et al., 2006).
At the Top Of Atmosphere (TOA) level, the availability of long-term
Earth Observation (EO) data is even more problematic. Only a limited
number of satellites are designed to be used for water quality monitoring, where some of them may not cover the region of interest.
Moreover, many satellite images are not usable due to the cloud cover
and hazy conditions during image acquisition (Bonansea et al., 2015;
Brando and Dekker, 2003; Salama et al., 2009; Salama and Shen, 2010).
Even when data are available, the reliability of the provided information from remote sensing observations in complex coastal areas is not
guaranteed due to the challenges of implementing proper atmospheric
correction approaches and water retrieval algorithms (Ambarwulan
et al., 2012; Carpintero et al., 2015; Salama et al., 2011; Salama and
Stein, 2009; Shen et al., 2010a, 2010b; Hu et al., 2000; Wang et al.,
2009; Wang and Shi, 2007).
The main objective of this research is to apply Radiative Transfer
(RT) modeling and inversion on in-situ measurements and multi-sensor
satellite images to retrieve long-term variation of the WCCs
(Chlorophyll-a, Chla [mg m−3], Suspended Particulate Matter, SPM
[g m−3] and Colored Dissolved Organic Matter absorption at 440 nm,
CDOM [m−1]) in the complex coastal waters of the Dutch Wadden Sea.
Considering the unique opportunity of having access to the full archive
of 15 years of diurnal in-situ Rrs measurements and freely available
multi-sensor satellite images of MERIS, MSI, and OLCI, this nominated
World Heritage region was selected to demonstrate the applicability of
our approach.

3. Dataset
The dataset of this research comprises (1) in-situ Chla [mg m−3]
and SPM [g m−3] concentrations, (2) in-situ hyperspectral measurements, and (3) multi-sensor satellite images, as described in detail in
the following sections:
3.1. In-situ hyperspectral measurements
We used the time series of diurnal in-situ hyperspectral measurements collected between 2003 and 2018 at the NJS under the management of the Royal Netherlands Institute for Sea Research (NIOZ)
located nearby the Marsdiep inlet to the Dutch part of the Wadden Sea
(Wernand, 2011). The location of the NJS is illustrated in Fig. 1.
There is a radiometric setup mounted 5 m above the water surface
at this station, which is responsible for the automatic recording of hyperspectral measurements (between 350 nm and 950 nm) every 15 min

2. Study area
The Dutch Wadden Sea is one of the most important European
coastal areas, which has drawn great attention in Europe and across the
world. This area is considered as one of the natural World Heritage
properties1 in July 2009 while conservation, maintenance, and

1

2

World Heritage List (https://whc.unesco.org/en/list/).
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Fig. 2. The optical sensors with the Viewing Zenith
Angle (VZA) of 35° installed on the NJS; w: looking
at water; s: looking at sky; 1: down-welling irradiance sensor at ultraviolet (ES - UV); 2: downwelling 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)) (Wernand,
2011; Arabi et al., 2018).

from 2002 until the present (Wernand, 2011). This radiometric setup
contains six TRIOS sensors, including one Ramses-ACC sensor for
measuring down-welling irradiance values (Es), one Ramses-ACC-UV
sensor for measuring down-welling irradiance values at Ultra-Violet (Es
- UV), and two pairs of Ramses-ARC sensors for measuring sky radiance
values (Lsky) and surface radiance values (Lsfc) looking to the SouthWest and South-East, separately. Fig. 2 shows an image of the NJS
radiometric setup and its radiometer sensors (Wernand, 2011).
The instruments' characteristics, detailed instruments' specifications, and underlying rationale of the NJS radiometric sensors to collect
in-situ measurements are designed following the NASA Ocean Optics
Protocols for validation of satellite ocean color sensor-retrievals
(Wernand, 2011). The instruments are regularly re-calibrated at the
factory facilities and eventually replaced when a level of sensor degradation is shown. The instruments' observation-illumination geometry, are also optimized and installed following the NASA Ocean
Optics Protocols and standards to collect in-situ observations (Mueller
et al., 2004; Wernand, 2002). For example, the surface and sky radiance
measurements are measured from the radiometric setup placed on a
location that minimizes both shading and reflections from the superstructure, while six optical sensors are responsible for recording simultaneous measurements at different angles to measure while
avoiding sun-glint and adjacency effects. Simultaneous ancillary data
such as the date and time (UTC) of the measurements are being collected at this station as well.
For this study, we selected those hyperspectral measurements that
were recorded from 9:30 a.m. until 11:30 a.m. (UTC) each day to select
only those measurements that were concurrent with the MERIS, MSI,
and OLCI overpass times at the study area.

images for each satellite are described in detail hereafter:
3.3.1. The MERIS images
We used the full archive of MERIS images captured between 2003
and 2012 over the Dutch Wadden Sea. The MERIS sensor (full resolution: 300 m) was operational onboard the European environmental
satellite ENVISAT since March 2002 while the European Space Agency
(ESA) officially announced the end of MERIS operation on 9th May 2012
(Kratzer et al., 2008). The MERIS sensor is one of the most practical
sensors for water quality monitoring, which has been widely used in
many researches in different coastal areas (Majozi et al., 2014; Salama
and Stein, 2009; Shen et al., 2010a, 2010b; Doxaran et al., 2014a,
2014b; Loisel et al., 2017; Pitarch et al., 2017). The MERIS had a repeat
cycle of three days (at around 10:30 a.m. (UTC)) over the Dutch
Wadden Sea, with 15 bands covering the spectral range from 400 nm to
950 nm. In this study, we used 207 cloud-free MERIS images (SZAs <
60°) from which 145 images were concurrent with in-situ hyperspectral
measurements at the NJS (hereafter referred to as MERIS-matchups).
3.3.2. The MSI images
The MSI sensor onboard Sentinel-2A started operating in June 2015,
and in March 2017, a replicate MSI sensor was launched onboard
Sentinel-2B, phased 180° against Sentinel-2A to double the revisit time,
which is five days at around 11 a.m. (UTC) over the study area. This
mission opened a new potential in remote sensing of coastal waters
(Bonansea et al., 2019a, 2019b; Orlandi et al., 2018; Pahlevan et al.,
2017). MSI has 13 bands that cover the spectral range between 400 nm
and 2400 nm. MSI spatial resolution varies in different bands (10 m,
20 m, and 60 m). At the time this study was conducted, there were 24
cloud-free MSI images over the Dutch Wadden Sea between 2015 and
2018 (SZAs < 60°), while 20 images were concurrent with in-situ hyperspectral measurements at the NJS (hereafter referred as MSImatchups).

3.2. In-situ Chla and SPM concentrations
We used time series of in-situ measurements of Chla [mg m−3] and
SPM [g m−3] concentrations collected on a daily basis between 2008
and 2010 at the NJS. This dataset was taken from another study conducted by Arabi et al. (2018), and it was used to be compared with the
ones retrieved from in-situ Rrs measurements (Fig. 5).

3.3.3. The OLCI images
The OLCI sensor onboard Sentinel-3 continued the MERIS sensor
mission since February 2016. OLCI is mainly optimized for global
biochemical oceanography and coastal areas monitoring with a full
spatial resolution of 300 m (Saulquin et al., 2016; Woerd and Wernand,
2015). OLCI has 21 bands that cover the spectral range between 400 nm
and 1020 nm. OLCI has a revisit time of two-three days at around
10 a.m. (UTC) over the study area. The first available OLCI product was

3.3. Satellite images
We used a time series of freely available satellite images of MERIS,
MSI, and OLCI for this study. The satellites and the number of used clear
3
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Table 1
The implemented flags to extract high-quality radiometric measurements in this research.
Flag name
Threshold
Status
a
b

r1 = (Lsfc (South-West;
E [ = 940nm]
r2 = ES [ = 370nm] .

SZA condition
SZA < 60°
Accepted
South-East)

Sun-glint affecta
Minimal value of r1
Accepted

Meteorological conditionb
r2 > 0.25
Accepted

Spectral shapec
r3 > 1
Accepted

Minimal solar lightd
r4 > 20
Accepted

[λ = 550 nm]).

S
ES [ = 470nm]
.
ES [ = 680nm]

c

r3 =

d

r4 = Es [λ = 480 nm].

observed in November 2017, and there were in total 20 cloud-free OLCI
images (SZAs < 60°) available over the Dutch Wadden Sea until the end
of 2018, from which 17 images were concurrent with in-situ hyperspectral measurements at the NJS (hereafter referred as OLCImatchups).

2004; Zaneveld et al., 2001) in the NJS data quality control approach.
As a result, he defined some empirical coefficients to flag unreliable
measurements based on thousands of incident solar irradiations as well
as coastal color measurements and meteorological datasets collected at
the NJS (Wernand, 2011; Wernand,2002). Therefore, implementing the
NJS data quality control approach was the most optimal approach to
accurately extract high-quality radiometric measurements from the full
archive of the NJS data collected between 2003 and 2018 for this research. The NJS data quality control approach comprises five main
steps: 1) sun-glint, (2) meteorological, (3) spectral shape, (4) minimal
solar light, and 5) SZA flagging, as summarized in Table 1:
The details of the NJS data flagging approach are explained as follows:

4. Methodology
The methodology of this study can be briefly explained by the following main steps:
a) Select high-quality in-situ hyperspectral measurements and cloudfree multi-sensor satellite images.
b) 15-year of WCC retrievals from daily in-situ hyperspectral measurements using the RT model of 2SeaColor at the NJS.
c) 15-year of WCC retrievals from MERIS, MSI, and OLCI images using
the coupled RT model of MOD2SEA at the NJS.
d) Comparison between retrieved WCCs from in-situ hyperspectral
measurements and multi-sensor satellite images for a period of
15 years at the NJS.
e) Generate WCC maps using the MOD2SEA model from MERIS and
OLCI over the Dutch Wadden Sea.

4.1.1. Sun-glint flagging
We applied the “sun-glint flagging” to the automatic selection of
those hyperspectral measurements that were affected the least by sunglint contamination (Wernand, 2002). To perform this data flagging,
the NJS was equipped with two pairs of sky radiance (Lsky) and surface
radiance (Lsfc) sensors, looking at the South-East (Lsky (South-East), Lsfc
(South-East)) and the South-West (Lsky (South-West), Lsfc (South-West)), separately (Fig. 2). Per pair, Lsky and Lsfc sensors were 90° apart in the
horizontal plane (under azimuth angles of 135° and 225°). One downwelling irradiance sensor (Es) was also installed per pair. Therefore, one
of the two water-leaving radiance signals was always available with the
least effect of sun-glint contamination. The selection was made by
comparing the spectral values at the wavelength of 550 nm between Lsfc
(South-West) and Lsfc (South-East) for each pair of spectra recorded at the
same time. Then the spectrum with lower Lsfc amplitude was selected
for further analysis, assuming that this spectrum was the least affected
by sunglint while the lower amplitude spectrum is assumed to be
contaminated the least by the adjacency effect, as well (Wernand, 2002;
Arabi et al., 2016; Bulgarelli and Zibordi, 2003). It should be noted that
at the noontime, for both azimuth directions, similar signals can be
expected, and both sensors would either be influenced by the sun glint
or not. On the other hand, at solar noon, the SZA is minimum, which
thus reduces the chance of measuring under sun glint conditions
(Hakvoort et al., 2002; Kutser et al., 2009; Martin et al., 2016).

4.1. Data quality control approach
The suitability and accuracy of a data-quality control approach directly influence the reliability of remote sensing products in complex
coastal waters (Devillers and Jeansoulin, 2006; Mueller et al., 2004;
Organelli et al., 2016; Smirnov et al., 2000). For example, sun-glint
contamination, high wind speed/humidity/SZA situations, and rainy/
cloudy atmospheric conditions, significantly impact the quality of insitu observations by recording out-of-shape/out-of-range spectra. If
low-quality radiometric measurements are not excluded from the dataset properly, misleading information (e.g., overestimated/underestimated WCC retrievals) will be produced. Such information may
negatively affect further decisions by coastal-planners and water
quality managers to establish programs and regulations for sustainable
monitoring of vital coastal waters like the Dutch Wadden Sea.
Although many data-quality control approaches have been proposed
until now, many of them have specific constraints that require an
adaptation of the existing techniques and dedicated processing of the
dataset. For example, Mueller et al. (2004) represent the most comprehensive handbook of protocols for data quality control on in-situ
radiometric measurements. However, their protocols are defined for
sensors that are installed on ships under the control of operators
(Organelli et al., 2016).
Considering the above-mentioned problems, specific procedures
were conducted to develop, improve and ensure a scientific data quality
control approach (hereafter as the NJS data quality control approach)
by Wernand (2002) to extract high-quality in-situ radiometric measurements collected by automated sensors installed at the fixed location
of the NJS. He considered the NASA protocol and recommendations
describing measurements and analysis methods for the standard ancillary variables (e.g., wind speed and climatological data) (Mueller et al.,

4.1.2. Meteorological flagging
We applied the “meteorological data flagging” to the automatic
selection of those measurements that were recorded under favorable
meteorological circumstances (i.e., no precipitation and/or high humidity) (Wernand, 2002). Based on this meteorological data flagging,
the values of Es measurements at two wavelengths, 940 nm (water
vapor absorption wavelength) and 370 nm (ultraviolet (UV)), were
selected for each spectrum. Then the band ratio of r2 = ES [λ=940nm]/ES
[λ=370nm] was calculated for each spectrum. In case r2 was equal to/or
smaller than 0.2, the precipitation condition was detected, and the
spectrum was removed from the dataset. In case r2 was between 0.2 and
0.25, a high humidity condition was detected, and the spectrum was
also removed from the dataset. Otherwise (r2 > 0.25), a dry condition
was detected, and the spectrum was used for further analysis (Wernand,
2002).
4
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4.1.3. Spectral shape flagging
We applied the “spectral shape flagging” to the automatic detection
of those measurements that were contaminated by the specific dusk
effect or dawn radiation. To perform this spectral shape flagging, the
values of ES measurements in two wavelengths of 470 nm and 680 nm
were selected for each spectrum. Then the band ratio of r3 = ES
[λ=470nm]/ES [λ=680nm] was calculated per each spectrum. In case, in
normal daylight, r3 was greater than one (r3 > 1) the spectrum was
used for further analysis (Wernand, 2002).

Table 2
The initial guess of WCCs used in the model inversion (Arabi et al., 2018).
Variable
Chla concentration
SPM concentration
CDOM absorption at 440 nm

Rrs =

4.1.4. Minimal solar light flagging
We applied the “minimal solar light data flagging” to set a minimum
incoming ES level sufficient for a detectable signal back from the water
column. To perform this minimal data flagging, the values of ES measurements at the wavelength of 480 nm, r4 = ES [λ=480nm], were extracted for each spectrum. In case r4 > 20 [mW m−2 nm−1], the
measurement was used for further analysis (Wernand, 2002).

1

Unit
−3

[mg m ]
[g m−3]
[m−1]

Initial guess

Range

0.1
20
0.25

0–100
0–100
0–1.5

0.52 × R (0 )
1.7 × R (0 )

(3)

rsd∞

where
is the directional-hemispherical reflectance of the semi-infinite water layer, and μw is the cosine of the SZA beneath the water
surface. R(0−) is the irradiance reflectance beneath the water surface,
which is equal to rsd∞/Q under sunny conditions, and Q = 3.25. Rrs is
the calculated water-leaving reflectance. The ratio x is the ratio bb/a,
where bb is the total backscattering coefficient and a is the total absorption coefficient, as follows (Salama and Shen, 2010):

4.1.5. SZA data flagging
We applied the “SZA data flagging” to exclude those hyperspectral
measurements, which were recorded during wintertime and under the
condition of SZAs > 60° from the dataset. As Arabi et al. (2018)
showed, these measurements are not reliable enough for doing retrievals by hydro-optical models while the effect of high SZAs besides
higher sensitivity of the measurements to sun-glint and skylight are the
main reasons behind the model's deterioration at SZAs > 60° (Arabi
et al., 2018). Accordingly, only the hyperspectral measurements collected from March to September (SZAs < 60°) were selected for further
analysis.

a ( ) = aW ( ) + aChla ( ) + aNAP ( ) + aCDOM ( )

(4)

bb ( ) = bbw ( ) + bb, Chl ( ) + bb, NAP ( )

(5)

where the subscripts of W, Chla, NAP, and CDOM stand for Water
molecules, Chlorophyll-a, Nan-Algae Particles, and Colored Dissolved
Organic Matter, respectively. In this study, we applied the same parametrization approach, as proposed in Table 2 by Arabi et al. (2018), to
calculate the total absorption and backscattering coefficients of WCCs.
Table 2 presents the initial values of Chla [mg m−3], SPM [g m−3]
concentrations besides CDOM absorption at 440 nm [m−1] in the optimization process.

(1)

4.3.2. Validation of the 2SeaColor model
The accuracy of the 2SeaColor model to simulate Rrs values and to
retrieve WCCs was validated against in-situ measurements. Four statistical parameters, i.e., R2, RMSE, Normalized Mean Square Error (i.e.,
NRMSE = RMSE/range), and Relative Root Mean Square Error (i.e.,
RRMSE = RMSE/mean), were used for this validation. The results of
this evaluation are presented in Figs. 3 and 4 and Table 5.

where Rrs is the water leaving reflectance [sr−1], Lsfc is water surface
radiance, and Es is the down-welling irradiance. The factor
fsky = 0.0265 is the average value of the sky correction factor, which
was taken from the NASA report by Mueller et al. (2004). It should be
noted that because of the sun-glint contamination, the Lsfc (South-West)
was used when its values at 550 nm were minimum, and accordingly,
Lsky (South-West) was used for the sky correction and vice-versa. The simulated high-quality Rrs values were later used for the retrieval of
WCCs, as is described in the following sections:

4.3.3. Long-term variability of WCCs from in-situ Rrs measurements
We inverted the 2SeaColor model against the quality-controlled Rrs
measurements (Eq. (1)) obtained from the full archive of in-situ hyperspectral measurements collected every 15 min from 9:30 a.m. to
11:30 p.m. (UTC) between 2003 and 2018 at the NJS for simultaneous
retrievals of WCCs. The results of these WCC-retrievals are presented on
a monthly basis (each value is the monthly average of retrieved Chla
[mg m−3], SPM [g m−3], and CDOM absorption at 440 nm [m−1] estimates, separately) in Fig. 5.

4.3. Retrieval of WCCs from in-situ Rrs measurements

4.4. Retrieval of WCCs from multi-sensor satellite images

4.3.1. The 2SeaColor model
The two-stream RT model, 2SeaColor (Salama and Verhoef, 2015),
has already shown a high accuracy for the retrieval of water optical
properties in the turbid waters of the Dutch Wadden Sea and other
coastal areas in previous studies (e.g., Arabi et al., 2016, 2018, 2019;
Salama and Verhoef, 2015; Yu et al., 2016a, 2016b, Doxaran et al.,
2014a, 2014b; Palmer et al., 2015; Wu, 2015). To invert the 2SeaColor
model against in-situ Rrs measurements, we used a spectral optimization
technique by minimizing the differences between in-situ Rrs measurements and the 2SeaColor-Rrs simulations. The 2SeaColor-Rrs simulations
were defined by the solution of the two-stream RT equations containing
direct sunlight (Salama and Verhoef (2015)):

4.4.1. The MOD2SEA model
We applied the coupled atmospheric hydro-optical RT model called
MOD2SEA for simultaneous retrieval of Chla [mg m−3], SPM [g m−3]
concentrations, and CDOM absorption at 440 nm [m−1] from cloudfree satellite images. The coupled RT model MOD2SEA proposed by
Arabi et al. (2016) is a TOA approach that combines the LUTs of
2SeaColor-Rrs simulations with LUTs of MODerate resolution atmospheric TRANsmission (MODTRAN) atmospheric parameters simulation
(i.e., L0: path radiance; G: gain factor; S: spherical albedo) in order to
generate a combined bigger LUT of TOA radiances (Berk et al., 2011).
The simultaneous retrieval of Chla [mg m−3], SPM [g m−3], and CDOM
absorption at 440 nm [m−1] and atmospheric properties (i.e., visibility
and aerosol type) is then performed by finding the best spectral fit
(RMSE) between the LUT-TOA radiances and the image-pixel TOA radiances. The MOD2SEA model has already shown a fair accuracy for the

4.2. Calculating in-situ Rrs values at the NJS
The extracted high-quality in-situ hyperspectral measurements were
used to compute in-situ water leaving reflectance (Rrs):

Rrs =

rsd =

Lsfc

(fsky × Lsky )
ES

1 + 2x
1
1 + 2x + 2µ w

(2)
5
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(a)

(b)

(c)

Fig. 3. Validation of the 2SeaColor-Rrs simulations against the quality-controlled in-situ Rrs measurements [sr−1] collected every 15 min between 2003 and 2018 at
the NJS (SZAs < 60°): (a) 490 nm; (b) 560 nm and (c) 665 nm.

(a)

(b)

Fig. 4. Validation of the 2SeaColor-WCC retrievals against in-situ measurements collected in a daily basis between 2008 and 2010 at the NJS (SZAs < 60°): (a) Chla
[mg m−3]; and (b) SPM [g m−3] (Arabi et al., 2018).

retrieval of WCCs from MERIS images over the Dutch Wadden Sea
under various conditions of water turbidity and atmospheric local haze
variations, with considerable improvement in comparison to the MERIS
regional Case 2 water algorithm (C2R) (Doerffer and Schiller, 2007) in
previous studies (Arabi et al., 2016).
Following Arabi et al. (2016), in this study, the 2SeaColor LUTs-Rrs
simulations were generated for a different combination of Chla
[mg m−3], SPM [g m−3], and CDOM absorption at 440 nm [m−1]
values per given SZA of each satellite image, separately. Simultaneously, the MODTRAN LUTs-atmospheric parameters were generated
for different combination of atmospheric properties (i.e., visibility,
aerosol type), environmental variables (e.g., Carbon dioxide (CO2),
Ozone (O3), water vapor (H2O)) and illumination geometry (i.e., SZA,
View Zenith Angle (VZA), Relative Azimuth Angle (RAA)), per each
image, separately. Tables 3 and 4 show the input variables, their ranges,
and steps to generate 2SeaColor LUTs-Rrs simulations and the MODTRAN LUTs-atmospheric parameters:
The 2SeaColor LUTs-Rrs simulations were later combined with the
MODTRAN LUTs-atmospheric parameters to generate MOD2SEA LUTsTOA radiances [W m−2 sr−1 μm−1], in the sensor's bands following
Verhoef and Bach (2003):

L TOA = L 0 +

1

Gr
Sr

(6)

where LTOA is the modeled TOA radiances [W sr−1 m−2 nm−1], r is the
hemispherical water-leaving reflectance (= πRrs).
To generate the MOD2SEA LUTs -TOA radiances in the sensor's
spectral bands for multi-sensor satellites, reflectance spectra generated
by the 2SeaColor model at 1 nm resolution were convolved with the
Spectral Response Functions (SRFs) of the MERIS, MSR and, OLCI
sensors respectively, and the same was done with high-resolution
MODTRAN spectra of the atmospheric parameters before applying Eq.
(6). As already mentioned, the simultaneous retrieval of WCCs and
atmospheric properties was finally performed by finding the best
spectral fit (RMSE) between the image-pixel TOA radiance and the
MOD2SEA LUTs-TOA radiances calculated in Eq. (6). For the MERIS, all
bands were used except the band numbers 1, 2 and 11 and 12, for OLCI
all bands were used except the band numbers 1, 2, 3, 13, 20 and 21 and
for the MSI, all bands were used except the band numbers 2, 9, 10, 11.
The excluded bands for each sensor resulted in systematic deviations in
Rrs simulations after doing the atmospheric correction. The reason for
this problem is currently still unknown.

6

Remote Sensing of Environment 239 (2020) 111632

B. Arabi, et al.

(a)

(b)

(c)

Fig. 5. The monthly variation of WCCs at the NJS; red bar) retrieved estimates by the 2SeaColor model from time series of quality-controlled in-situ Rrs measurements
collected every 15 min (SZAs < 60°) (2003–2018); green bar) in-situ measurements collected in a daily basis (SZAs < 60°) (2008–2010); (a): Chla concentrations
[mg m−3]; (b): SPM concentrations [g m−3]; (c): CDOM absorption at 440 nm [m−1]. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

Table 3
The input variables to generate the LUTs-Rrs simulations using the 2SeaColor model.
Variablea

Source

Unit

Values

Step for single pixel retrievalb

Step for generate mapc

Chla
SPM
CDOM
SZA

Case study status
Case study status
Case study status
SZA formula

[mg m−3]
[g m−3]
[m−1]
degree

0–100
0–100
0–1.5
30°–60°

0.1
0.1
0.1
–

5
5
0.5
–

a

The SZA values were calculated concerning the date and time of each measurement, separately, by considering the zone and geographical location of the NJS.
The finer step size of 0.1 was used for the validation of the MOD2SEA model on a narrow window of 5-by-5 pixels surrounding the NJS.
c
The bigger step sizes of 5 for Chla [mg m−3] and 5 for SPM [g m−3] and 0.5 for CDOM absorption at 440 nm [m−1] were used for implementing the MOD2SEA
model on a pixel-by-pixel basis to the satellite image over the study area to generate WCC maps.
b
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Table 4
The input variables, their used sources, units, ranges, and steps to run the MODTRAN in this research.
Variable

Source

Unit

Range

Step

Atmospheric profile
CO2a,b
O3
H2O
Surface height
Sensor heightc
Correlated-k optiond
DISORT number of streams
Start, ending wavelengthe
SZAf
VZA
RAA
Visibilityg
Aerosol-type

Study area status
Global websites
Global websites
Global websites
Water surface height
Sensor height
(Berk et al., 2011)
(Berk et al., 2011)
Sensor band coverage
Satellite image
Satellite image
Satellite image
Study area status
Study area status

–
ppm
DU
[g cm−2]
km
km
–
–
nm
degree
degree
degree
km
–

Mid-Latitude Summer
380–410
250–450
0.5–4.5
0
800/786/814
Yes
8
350–1000
30–60
5–30
0–150
1–100
Maritime, Urban, Rural

Constant per image
Constant per image
Constant per image
Constant per image
Constant value
Constant per image
Constant value
Constant value
1
Constant per image
Constant per image
Constant per image
100, 50, 33.3, …, 4
–

a

The environmental variables were found in the Global Reference Networks concerning the geographic location of the study area and the satellite image capturing
date.
b
The ranges of environmental variables were determined with respect to their annual variations at the Dutch Wadden Sea between 2003 and 2018.
c
The sensor height was determined concerning the altitude of each satellite orbit (MERIS: 800 km, MSI: 786 km and OLCI: 814 km) from the Earth, separately.
d
Detailed information on the correlated-k option and DISORT number of streams values can be found in the MODTRAN user's manual 5.2.1 (Berk et al., 2011).
e
Start and ending wavelengths varied according to each satellite's band coverage, separately.
f
Illumination geometry (SZA, VZA, RAA) was extracted from the MERIS, MSI, and OLCI images directly.
g
The visibility steps were defined using the method of Inverse Visibility (IV = 100/visibility). Per each image, the MODTRAN parameters were simulated for the
IV values of 1, 2, 3, …, 25, and, therefore, the real visibility values of 100, 50, 33.3, …, 4 km.

4.4.2. Validation of the MOD2SEA model's atmospheric correction
We validated the accuracy of the MOD2SEA model's to do atmospheric correction against in-situ Rrs measurements at the NJS using
145-MERIS, 20-MSI and 17-OLCI matchups. The statistical parameters
R2, RMSE, NRMSE, and RRMSE, were applied to evaluate the goodnessof-fit between measured and derived Rrs values for all matchups. The
results of this validation are presented in Fig. 6 and Table 6.
To do this validation, we applied the MOD2SEA model to the
darkest pixel extracted from a narrow window of 5-by-5 pixels around
the NJS from every satellite image, separately. The reason to select the
darkest pixel was that the NJS is located nearby the coast, while more
than half of the selected 5-by-5 pixels around this place are located on
land. Moreover, even for water pixels, the light reflected from land
surfaces could contaminate the observed TOA radiances by the adjacency effect (Sterckx et al., 2011). Therefore, as suggested and tested
in previous research conducted by Arabi et al. (2016), we chose the
darkest pixel and assumed that this darkest pixel was observed from
water pixels and was the least contaminated by the adjacency effect
from the neighboring coastal area (Bulgarelli and Zibordi, 2003). It
should be noted that the solution of the darkest pixel was implemented
only for the validation phase of the presented research, while for generating maps, the MOD2SEA model was applied to the observed TOA
radiances on a pixel-by-pixel basis on the satellite images.
Since the MOD2SEA TOA coupling approach does not apply atmospheric correction directly, the water-leaving reflectances (r) were estimated by inverting Eq. (6) as follows (Ambarwulan et al., 2012):

r=

LTOA
G + (LTOA

L0
L0 ) × S

measurements had already been tested and validated against in-situ
Chla and SPM concentrations collected during different dates, seasons,
water turbidity and SZAs in previous researches (Arabi et al., 2018). It
should be noted that the models' parametrizations in both RT models of
the 2SeaColor and MOD2SEA are the same for the in-water constituents, so the WCC retrievals were directly comparable.
The statistical parameters R2, RMSE, NRMSE, and RRMSE, in addition to the Taylor diagram (Taylor, 2001), were used to quantify the
agreement of retrieved Chla concentration [mg m−3], SPM concentration [g m−3] and CDOM absorption at 440 nm [m−1] from the MERIS,
MSI and OLCI images by using the MOD2SEA model against the retrieved ones from in-situ Rrs measurements by using the 2SeaColor
model. The Taylor diagram was used to obtain a direct comparison
between the MOD2SEA-WCC retrievals and 2SeaColor WCC-retrievals
using three statistical measures: (i) the standard deviation, (ii) the
Pearson Correlation Coefficient, and (iii) the Root Mean Square Deviation (RMSD = RMSE) (Bayat et al., 2018;; Bayat et al., 2019). The
results of these evaluations are presented in Fig. 7 and Table 7.
4.5. Long-term variability of WCCs from the integration of multi-sensor
satellite images and in-situ measurements
We presented the 15-year variability of Chla [mg m−3], SPM
[g m−3], and CDOM absorption at 440 nm [m−1] on a monthly basis
from the integration of multi-sensor satellite images and in-situ Rrs
measurements between 2003 and 2018 at the NJS. To do this, we implemented the MOD2SEA model on the 5-by-5 pixels surrounding the
NJS extracted from a time series of available cloud-free images
(SZAs < 60°) of MERIS (207 images between 2003 and 2012), MSI (24
images between 2015 and 2018) and OLCI (20 images in 2018) covering the Dutch Wadden Sea as described in Section 4.4. Simultaneously, the 2SeaColor model was inverted against time series of
quality-controlled in-situ Rrs measurements (SZAs < 60°) collected
every 15 min between 2003 and 2018 at the NJS. For both in-situ and
satellite retrievals, the integrated values per month were calculated to
show the monthly variation of Chla [mg m−3], SPM [g m−3], and
CDOM absorption at 440 nm [m−1], separately. The results of this longterm WCC retrievals are presented in Fig. 8.

(7)

where r the hemispherical water-leaving reflectances (= πRrs), LTOA is
the measured TOA radiances by the satellite [W sr−1 m−2 nm−1].
4.4.3. Validation of the MOD2SEA-WCC retrievals
We validated the accuracy of the MOD2SEA-WCC retrievals against
in-situ Rrs - WCC retrievals as ground-truth measurements at the NJS.
The reason we used in-situ Rrs - WCC retrievals as ground truth measurements is that the in-situ Rrs measurements suffer the least from
atmospheric contamination in comparison to satellite images.
Furthermore, the accuracy of 2SeaColor-WCC retrievals from in-situ Rrs
8
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Fig. 6. Validation of the MOD2SEA-atmospherically corrected Rrs values against in-situ Rrs measurements [sr−1] at the NJS; column 1) 145 MERIS-matchups
(2003−2012); column 2) 20 MSI-matchups (2015–2018); column 3) 17 OLCI-matchups (2018) at the band centers of row 1) 490 nm; row 2) 560 nm and row 3)
665 nm.

4.6. Generate WCC maps from multi-sensor satellite image

spatial resolution of MSI images (10 m, 20 m, and 60 m) was not an
advantage when comparing to in-situ measurements from the single
location of the NJS.

We generated Chla [mg m−3], SPM [g m−3], and CDOM absorption
at 440 nm [m−1] maps from MERIS, MSI, and OLCI images over the
Dutch Wadden using the MOD2SEA model. These maps are presented in
Fig. 9. To apply the MOD2SEA model on a pixel-by-pixel basis to whole
images, bigger steps were taken to speed up running the program.
Therefore, for generating maps we took the steps of 5, 5 and 0.5 for
Chla [mg m−3], SPM [g m−3] and CDOM absorption at 440 nm [m−1],
respectively.
We applied the MOD2SEA model directly to MERIS and OLCI
images. However, the MSI image offers TOA reflectance information.
Therefore, for the MSI images, first, we inverted the TOA reflectances to
TOA radiances using ENVI 5.5. Next, we resized the spatial resolution of
each band of the MSI sensor to 300 m, separately, to provide the same
spatial resolution as the MERIS and OLCI sensors (full spatial resolution: 300 m). The reason to resize these MSI pixels was that the high

5. Results
In Sections 5.1 and 5.2, we show the results of the validation of the
2SeaColor model to simulate Rrs values/retrieve WCCs and show the
output of the l5-year WCC retrievals at the NJS, respectively.
5.1. Retrieval of WCCs from in-situ Rrs measurements
5.1.1. Validation of the 2SeaColor model for Rs simulations/WCC retrievals
Fig. 3 and Table 5 show the validation of the 2SeaColor model to
simulate Rrs values against in-situ Rrs measurements from 2008 to 2010
at the NJS.
As can be seen from Fig. 3(a), (b), and (c), there is a robust
9

Remote Sensing of Environment 239 (2020) 111632

B. Arabi, et al.

(a)

(b)

(c)

Fig. 7. Taylor diagram showing the statistics between the 2SeaColor-retrievals from in-situ Rrs measurements and the MOD2SEA-retrievals between 2003 and 2018 at
the NJS from A: the 145 MERIS-matchups, B: the 20 MSI-matchups, C: the 17 OLCI-matchups; (a) retrieved Chla concentrations [mg m−3]; (b): SPM concentrations
[g m−3]; (c): CDOM absorption at 440 nm [m−1]. (RMSE values are equal to the RMSD values, although the Taylor diagram uses the RMSD indicator in their figures).

agreement between in-situ Rrs values and the simulated ones by the
2SeaColor model at all three wavelengths of 490 nm, 560 nm and
665 nm within multiple years between 2003 and 2018. As the performed statistical analysis presented in Table 5 shows, the calculated R2
values between the 2SeaColor-Rrs simulations and in-situ ones are
≥0.95. The calculated RMSE [sr−1] values do not exceed 0.0003, while
the NRMSE and RRMSE values show reasonable estimates (< 3.5%).
Therefore, it can be concluded that the 2SeaColor model is capable
enough to accurately simulate Rrs values under the various conditions of
water turbidity (i.e., a different combination of Chla [mg m−3], SPM
[g m−3], and CDOM absorption at 440 nm [m−1]), dates, seasons while
SZAs < 60° for 15 years at the NJS.
Fig. 4 shows the validation of the 2SeaColor-WCC retrievals against
in-situ Chla [mg m−3] and SPM [g m−3] concentrations between 2008
and 2010 at the NJS. These in-situ measurements are taken from the
previous study conducted by Arabi et al. (2018).
Fig. 4 confirms the previous research of Arabi et al. (2018) and
shows that retrieved Chla/SPM from in-situ spectra are in good agreement with in-situ measured values (R2 ≥ 0.80, RMSE < 3) on a daily
basis and under different water turbidity conditions.
Considering the fact that in-situ Rrs measurements are least contaminated by the effect of atmosphere and because of the high accuracy
of 2SeaColor to simulate Rrs values/retrieve WCCs, long-term WCC retrievals from time series of in-situ Rrs measurements (2003–2018) can
be considered as ground-truth measurements to represent the actual
WCCs at the NJS.

highest values in April and May and lowest values mainly in July and
August (2003–2018). Chla concentrations, on the other hand, are < 15
[mg m−3] in March while they reach their first peak (~25 [mg m−3])
in April and decrease until they reach a second peak, mainly in September.
The reconstructed Chla temporal pattern in Fig. 5(a) are in accordance with the dynamics of the Wadden Sea (Hommersom, 2010)
whereby the highest level is attained during the springtime (i.e.,
April–June). During this season, the sunlight and nutrients are readily
available to the plants, and therefore, phytoplankton blooms occur,
with an increase in the concentration of Chla. During summertime, the
level of Chla concentration decreases due to stimulating factors that
affect phytoplankton growth and productivity, such as the sudden increase in light and temperature, circulation, grazing, and nutrients
(Gleitz et al., 1994). Altogether, the mentioned factors lead to a decrease in the level of Chla concentration in the summertime. During
September, a mild sea-temperature occurs, which is more favorable for
phytoplankton bloom, and accordingly, an increase in Chla level is
seen. In winter (January–March) and autumn (October–December), the
level of Chla concentration reaches its lowest level as there is less
sunlight (very high SZAs), and therefore less phytoplankton bloom
occurs in the study area (results are not presented here) (De Jong et al.,
1999).
Furthermore, the range of monthly Chla concentrations is similar
(0–20 [mg m−3]) between 2003 and 2012, while a slight increase (0–25
[mg m−3]) has occurred after 2013. However, climatological factors
need to be considered carefully to discuss the main reason behind this
change (Zhao et al., 2019; Hallegraeff, 2010; Montes-Hugo et al., 2009;
Sommer and Lengfellner, 2008), which is beyond the scope of this
study.
The monthly variation of retrieved SPM concentrations [g m−3]
(Fig. 5(b)) also shows a similar temporal pattern for 15 years at the NJS.
The highest values of retrieved SPM mainly occur in March and September (20–30 [g m−3]) when there are more storms through the Dutch
Wadden Sea, which causes higher levels of upwelling SPM. Whereas,
the lowest SPM values mainly occur in May and June (5–15 [g m−3])
for all years, which confirms previous work in the area (Hommersom
et al., 2010a, 2010b).
As Fig. 5(c) shows the temporal pattern of monthly CDOM absorption at 440 nm [m−1] can hardly be found. However, the retrieved
CDOM absorption at 440 nm [m−1] is independent of that of the retrieved Chla concentrations [mg m−3], particularly in coastal waters
(Yu et al., 2016a, 2016b). The higher levels of CDOM absorption at
440 nm [m−1] could be observed in April–June (0.6–0.8 [m−1]), while

5.1.2. Long-term variability of WCCs from in-situ Rrs measurements
Fig. 5 presents the 15-year monthly variation of 2SeaColor-retrieved
WCCs (red bars) from time series of in-situ Rrs measurements between
2003 and 2018 at the NJS. The collected in-situ Chla [mg m−3] and
SPM [g m−3] concentrations (green bars) between 2008 and 2010 at
the NJS are also presented in this figure (there was no in-situ CDOM
absorption at 440 nm [m−1] measured at the NJS to be presented in
this figure). The Y-axis of Fig. 5(a), (b) and (c) shows the estimates of
Chla [mg m−3], SPM [g m−1] and CDOM absorption at 440 nm [m−1],
aggregated per month, respectively, and the X-axis shows the years
between 2003 and 2018, where each year is divided in 12 months. As
explained before, due to the SZA flagging data proposed by Arabi et al.
(2018), only the WCCs from March to September (SZAs < 60°) are
presented for each year. Moreover, there is a data gap in 2007 at the
NJS.
As can be seen in Fig. 5(a), the monthly variation of retrieved Chla
concentrations [mg m−3] shows a similar annual pattern, with the
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Fig. 8. The monthly variation of retrieved WCCs at the NJS from red stars) quality controlled in-situ Rrs measurements by using the 2SeaColor model (2003–2018);
purple circle: 207 cloud-free MERIS images by using the MOD2SEA model (2003–2012); blue square) 24 cloud-free MSI images by using the MOD2SEA model
(2015–2018); green star) 20 cloud-free OLCI images by using the MOD2SEA model (2018). (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

lower values mainly occur during March and September (0–0.4 [m−1]).
In general, these results are in agreement with what is expected, as the
variation of CDOM absorption level [m−1] is associated with decaying
phytoplankton, detritus and organic matter, which typically shows similar temporal pattern with Chla concentration, with a higher level in
spring and a lower level in winter (Aurin and Dierssen, 2012; Brando
and Dekker, 2003; Slonecker et al., 2016).

5.2. Retrieval of WCCs from multi-sensor satellite images
In Sections 5.2.1 and 5.2.2., we show the results of the validation of
the MOD2SEA model to do atmospheric correction and to retrieve
WCCs from multi-sensor satellite images at the NJS.
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(a)

(b)

Fig. 9. Generated WCC maps using the MOD2SEA model from column 1) the MERIS image captured on 10th of September 2003 and column 2) the OLCI image
captured on 15th of May 2010 over the study site; row 1) retrieved Chla concentration [mg m−3]; row 2) retrieved SPM concentration [g m−3] and row 3) retrieved
CDOM absorption at 440 nm [m−1].

5.2.1. Validation of the MOD2SEA model for doing atmospheric correction
Fig. 6 and Table 6 show the evaluation of the MOD2SEA model's
results of atmospheric correction.
As Fig. 6 shows, there is a reasonable agreement between in-situ and
atmospherically-corrected Rrs values from the MERIS, MSI, and OLCI
matchups for three band centers located at 490 nm, 560 nm and 665 nm
(R2 ~0. 70, RMSE < 0.0035 [sr−1], NRMSE < 10% and RRMSE <
16%). Therefore, considering the results of the performed statistical
analysis in Table 6, the capability of the MOD2SEA model can be
considered good enough for doing atmospheric correction on time

Table 5
Validation of the 2SeaColor-Rrs simulations against the quality-controlled insitu Rrs measurements [sr−1] collected every 15 min between 2003 and 2018 at
the NJS (SZAs < 60°).
Statistical analysis/
wavelength

R2

RMSE × 10−2

NRMSE(%)

RRMSE(%)

490 nm
560 nm
665 nm

0.97
0.98
0.98

0.02
0.03
0.02

3.1
2.6
1.8

3.3
2.8
3.2
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Table 6
Validation of the MOD2SEA-atmospherically corrected Rrs values against in-situ Rrs measurements [sr −1] at the NJS for the 145 MERIS-matchups (2003–2012), 20
MSI-matchup (2015–2018) and 17 OLCI-matchups (2018).
Statistical analysis

R2

RMSE ×10−2

Image/band center

MERIS

MSI

OLCI

MERIS

MSI

OLCI

MERIS

MSI

OLCI

MERIS

MSI

OLCI

490 nm
560 nm
665 nm

0.79
0.84
0.87

0.73
0.68
0.74

0.80
0.82
0.86

0.10
0.13
0.09

0.26
0.21
0.17

0.07
0.05
0.03

09.46
07.44
06.34

09.88
08.40
09.95

09.79
09.44
09.22

13.6
08.1
12.6

14.4
15.2
14.6

13.6
05.4
10.1

NRMSE(%)

RRMSE(%)

Table 7
Statistical measures to evaluate the agreements between in-situ Rrs and satellite WCC-retrievals for the 145 MERIS-matchups, 20 MSI-matchups, 17 OLCI-matchups
between 2003 and 2018 at the NJS.
Constituent
Chla concentration [mg m

−3

]

SPM concentration [g m−3]
CDOM absorption at 440nm [m−1]

Satellite-matchups

Standard deviation

Correlation coefficient

RMSE

R2

NRMSE(%)

RRMSE(%)

MERIS
MSI
OLCI
MERIS
MSI
OLCI
MERIS
MSI
OLCI

13.29
13.85
06.79
07.32
09.99
06.88
0.255
0.280
0.193

0.85
0.84
0.91
0.86
0.86
0.96
0.83
0.83
0.93

06.89
07.51
03.97
03.92
05.22
02.32
0.139
0.162
0.096

0.72
0.70
0.82
0.73
0.72
0.92
0.68
0.67
0.86

16.44
22.05
08.84
05.50
09.41
05.67
11.96
16.16
07.86

52.63
62.08
40.84
11.00
21.96
16.53
27.38
39.66
14.26

series of satellite images of the MERIS, MSI, and OLCI sensors between
2003 and 2018. However, the OLCI atmospherically-corrected Rrs values show the most robust agreement (R2 ≥ 0.80, RMSE ≤0.001
[sr−1]) against in-situ Rrs measurements in comparison to the MERIS
and MSI ones. The MSI atmospherically-corrected Rrs values show the
lowest accuracy in comparison to OLCI and MERIS ones (R2 ≤ 0.74,
RMSE ≥0.0015 [sr−1]). The reason might be due to the fact that the
MSI sensor, with its very high spatial resolution, has low noise to signal
ratio, which is mainly suitable for land monitoring (Drusch et al.,
2012). Therefore, atmospherically corrected spectra of MSI have less
accuracy than those of OLCI and MERIS images, which are the most
optimal past and present EO sensors for coastal water quality monitoring (Attila et al., 2018; Hieronymi et al., 2017; Moses et al., 2012;
Peschoud et al., 2016; Woerd and Wernand, 2015; Zibordi et al., 2006).
Moreover, MOD2SEA used the least numbers of spectral bands (i.e., 8
bands) for simultaneous retrieval of five variables (i.e., visibility, and
aerosol type, Chla [mg m−3], SPM [g m−3], CDOM absorption at
440 nm[m−1]) from the MSI images in comparison to the OLCI and
MERIS images, which obviously leads to a reduction of accuracy.

it can be stated that OLCI is the most practical sensor to be used for the
retrieval of WCCs in comparison to the MERIS and MSI sensors in this
study. The MERIS (indicated by A) and MSI (indicated by B) WCC-retrievals also agree well with in-situ Rrs WCC-retrievals with similar
correlation coefficients ≥0.83. However, MERIS WCC-retrievals have
lower amplitudes of the variations (i.e., the standard deviation) in
comparison to MSI WCC-retrievals and accordingly smaller RMSE estimates for all three constituents. Further statistical analysis presented
in Table 7 are other evidence of the better agreement of MERIS WCCretrievals with in-situ Rrs WCC-retrievals (R2 ≥ 0.68, NRMSE < 17%
and RRMSE < 53%) in comparison to the MSI ones (R2 ≥ 0.67,
NRMSE < 23% and RRMSE < 63%). Therefore, it can be concluded
that the MERIS sensor can be rated as the second practical sensor to be
used for WCC retrievals in this study. The least accurate sensor for WCC
retrievals in this study is MSI with the highest RMSE estimates in
comparison to the MERIS and OLCI sensors, while these estimates show
larger variations with in-situ Rrs retrievals for all three estimates. Furthermore, the lowest estimates of R2 and the highest estimates of
NRMSE and RRMSE (Table 7) illustrate that MSI-retrievals have lower
correlations and agreements with in-situ Rrs retrievals in comparison to
MERIS and OLCI ones.
One main reason for these differences in the accuracy of WCC retrievals from the OLCI, MERIS and MSI images is due to the disparities
in the band configurations, SRFs, and spatial resolutions of these three
satellites, although due to the different times of satellites overpass, a
real-time comparison is not possible given the available data (Giardino
et al., 2014; Goetz et al., 2008; Harvey et al., 2015; Shen et al., 2014;
Zoran and Anderson, 2006).
The MSI sensor has a much higher spatial resolution in comparison
to the MERIS and OLCI sensors, while for satellite water quality monitoring, a moderate spatial resolution (e.g., 300 m) is more favorable
(Trishchenko et al., 2002). The reason is that the moderate spatial resolution increases the signal-to-noise ratio and smoothens the spatial
gradients of water properties at very small scales due to water flow
patterns or wind. Therefore, using integrated WCC values estimated
from a larger extent can lead to a better accuracy while conducting the
validation at the single location of the NJS (Drusch et al., 2012).
Moreover, since the pixel size of MSI is small, the spectral bandwidth is
large in order to receive sufficient energy of light for a reasonable
signal-to-noise ratio while in satellite remote sensing of water quality
smaller spectral bandwidths are more favorable. That is why the MERIS

5.2.2. Validation of MOD2SEA-WCC retrievals
The Taylor diagram in Fig. 7 and Table 7 present a summary of the
statistical measures and relationships between the retrieved WCCs from
satellite images and the ones from in-situ Rrs measurements which are
used as ground truth measurements (named as in-situ Rrs retrievals in
these diagrams). The statistical measures of retrieved WCCs from the
three different satellite sensors are presented by the three different
capital letters A, B, and C for the MERIS, MSI, and OLCI matchups,
respectively. As can be seen in Fig. 7(a), (b), and (c), these statistical
measures are compared with each other for three different types of
satellites and with ground truth measurements (i.e., in-situ Rrs retrievals) as the reference.
As can be seen from the Taylor diagrams, OLCI retrievals (indicated
by C) agree the best with in-situ Rrs retrievals for all three constituents
Chla [mg m−3], SPM [g m−3] and CDOM absorption at 440 nm [m−1]
(correlation coefficient > 0.90, standard deviation estimates < 7)
while for each retrieved-constituent, the estimated RMSE values is < 4
and lies the closest to the “in-situ Rrs retrievals” on the X-axis.
Moreover, as Table 7 shows, OLCI-WCC retrievals show the most robust
agreements with the in-situ Rrs retrievals (R2 ≥ 0.82, NRMSE < 9%,
RRMSE < 41%) in comparison to MSI and MERIS retrievals. Therefore,
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and OLCI sensors, which are specifically designed for water quality
monitoring, have many narrow bands and higher signal-to-noise ratios
due to the low spatial resolution. Furthermore, the spectral resolution
of the MSI sensor is lower than that of the MERIS and OLCI sensors,
whereas in this study a higher spectral resolution is more favorable as
we track water quality in terms of different water constituents (i.e.,
Chla, SPM, and CDOM) based on their reflectance spectrum (Harvey
et al., 2015; Ibrahim et al., 2010; Trishchenko et al., 2002).
In addition to the aforementioned factors, the differences in the
SRFs of various sensors have been recognized as one of the most important factors which could impact the long-term WCCs consistency
retrieved from multi-sensor satellites (Gonsamo and Chen, 2012;
Trishchenko et al., 2002) at the NJS. The SRF differences defined for
different radiometers cause biases that could prevent the reflectance
change detection coming from different combinations of WCCs occurred withing a long-period of time. Therefore it can be concluded
that, although the higher-spatial resolution satellite sensor MSI is suitable for land monitoring application, this sensor has a lower signal-tonoise ratio in comparison to other ocean color satellites like MERIS and
OLCI and is not the most suitable one for aquatic remote sensing
(Gonsamo and Chen, 2012; Soldovieri et al., 2011; Giardino et al.,
2014).

5.4. Spatio-temporal variability of WCCs using satellite images in the Dutch
Wadden Sea
Fig. 9 presents the generated WCC maps by applying the MOD2SEA
model on two cloud-free MERIS and OLCI images, over the Dutch
Wadden Sea. For each map, the location of the NJS (53°00′06″N;
4°47′21″E) and the North arrow are shown in pink color. The name of
the used sensor (MERIS/OLCI) is mentioned above each map, and the
legend of each retrieved WCC is shown in the corresponding row. Note
that due to the limited number of CDOM steps taken in generating maps
(Table 3), only four different absorption values (0, 0.5, 1, 1.5, 2 [m−1])
are presented in the CDOM absorption at 440 nm [m−1] maps.
As can be seen from these maps, considering the different dates,
tidal phases, and seasons of the satellite overpass, different spatial
variations of retrieved WCCs can be observed over the study area.The
generated Chla, SPM and CDOM maps using MERIS and OLCI images
show high levels of retrieved concentrations (Chla: 0–100 [mg m−3];
SPM: 0–100 [g m−3]; CDOM absorption at 440 nm: 0–1 [m−1]) close to
the coast and low levels of retrieved concentrations (Chla: 0–25
[mg m−3]; SPM: 0–20 [g m−3]; CDOM absorption at 440 nm: 0–0.5
[m−1]) in open waters in the neighborhood of the North Sea as well as
the internal parts of the Dutch Wadden Sea for all maps. These results
are logical considering the bathymetry of the Dutch Wadden Sea with
low water depths nearby the cost and accordingly high concentration of
WCCs. Note that the high concentrations of retrieved WCCs could be
due to the bottom visibility around the Frysian coast, which issue needs
to be investigated carefully in future studies.
Overall, considering the spatial variation of retrieved WCCs (Fig. 9),
and with respect to the complex heterogeneity of the Dutch Wadden Sea
(Hommersom, 2010), it can be assumed that the generated maps fairly
reflect reality. On the other hand, these results confirm the previous
studies in the area (Doerffer and Fischer, 1994; Doerffer and Murphy,
1989; Dube, 2012; Garaba et al., 2014; Hommersom et al., 2010a,
2010b). However, the effect of tide and sea-bottom should be considered into the model's retrievals to generate more accurate maps in
these shallow coastal waters (Eleveld et al., 2014; van der Wal et al.,
2010; Arabi et al., 2019), although this does not apply for the location
of the NJS where the sea-bottom effect does not contribute to the
sensor's measurements (water depth > 5 m).

5.3. Long-term variability of WCCs from the integration of satellite images
and in-situ measurements
Fig. 8 presents the 15-year monthly variation of retrieved WCCs
from the integration of in-situ Rrs measurements and multi-sensor satellite images from MERIS, MSI, and OLCI images between 2003 and
2018 at the NJS.
As can be seen from this figure, both retrievals from satellite images
and in-situ Rrs values stay within similar ranges and amplitudes for all
three water constituents (Fig. 8(a): Chla ~0–40 [mg m−3]; Fig. 8(b)
SPM ~0–50 [g m−3]; Fig. 8(c): CDOM absorption at 440 nm ~ 0–1
[m−1]) while the temporal patterns of satellite WCC - retrievals fit very
well with the retrieved ones from in-situ Rrs measurements at the NJS.
The trends of retrieved Chla concentrations [mg m−3] from MERIS
(purple circle), MSI (blue square), and OLCI images (green stars) follow
almost similar temporal patterns to the ones retrieved from in-situ Rrs
measurements within multiple years between 2003 and 2018
(Fig. 8(a)). A slight overestimation can be observed for MERIS-Chla
retrievals [mg m−3] in comparison with retrieved ones from in-situ Rrs
measurements at the NJS. Similar temporal trends can be detected
between SPM-retrievals [g m−3] from multi-sensor satellite images and
in-situ Rrs measurements for 15 years, while only small underestimations are observed for the satellite-SPM retrievals [g m−3] in
comparison with ones retrieved from in-situ Rrs measurements
(Fig. 8(b)). The similar temporal pattern of retrieved CDOM absorption
at 440 nm [m−1] from satellite and in-situ Rrs retrievals can be seen in
Fig. 8(c). The reason that the OLCI WCC-retrievals have lower amplitudes might be due to the short period when the OLCI images were
available.
The integration of multi-sensor satellite images and in-situ Rrs
measurements of this study has provided an opportunity to track longterm variation of WCCs at a higher temporal resolution at the NJS. As
can be seen in Fig. 8, the NJS sensors have not recorded any radiometric
measurements in 2007, while still a temporal variation of WCCs can be
tracked by the MERIS images of that year. On the other hand, MERIS
has stopped since 2012, while tracking the variability of WCCs was
continued by the NJS sensors since 2012 until the present time. The MSI
and OLCI retrievals have also become involved since 2015 and 2018,
respectively, which provided higher temporal resolution of WCC variabilities in this location.

6. Discussion
Optical remote sensing of water quality is dramatically improving
by developing new approaches for integration of EO data with in-situ
measurements in support of critical activities such as the effective
monitoring of complex coastal regions and aquatic ecosystems
(Bonansea et al., 2019a, 2019b). Indeed, the combination of WCC data
obtained from in-situ and satellite observations is an optimal remote
sensing approach to provide high temporal resolution information on
water surface properties in coastal regions (Lawford et al., 2013;
Pitarch et al., 2016).
In this study, a combination of multi-sensor EO data and in-situ
measurements is used to assess the long-term variation of WCCs by
using RT modeling, with a particular focus on the Dutch Wadden Sea.
The results show that WCCs retrieved from ground-based remote sensing observations (Rrs) at the water surface level are in good agreement
with the retrieved ones from satellite images at TOA level, following
similar temporal patterns over a 15-year period between 2003 and 2018
at the NJS. Moreover, the spatio-temporal variation of WCCs retrieved
from MERIS and OLCI images is reasonable considering the ecological
and climatological conditions of the Dutch Wadden Sea and also in
comparison with previous researches conducted in this study area
(Cadée, 1996; Hommersom et al., 2009; Philippart et al., 2010, 2013;
Reuter et al., 2009; Tillmann et al., 2000).
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6.1. Suggested applications

Wadden Sea region. From the results of this research, it is concluded
that: (1) the two-stream RT model 2SeaColor can accurately track the
temporal variation of WCCs retrieved from in-situ Rrs measurements
between 2003 and 2018; (2) the coupled RT model MOD2SEA accurately tracks the temporal variation of WCCs retrieved from MERIS
(2003–2012), MSI (2015–2018), and OLCI (2018) images; (3) there are
similar temporal trends and good agreement between the retrieved
WCCs by 2SeaColor at water surface level and the ones retrieved by the
coupled MOD2SEA model at the TOA level for a period of 15 years.
The provided high temporal frequency information on water quality
variables obtained from the integration of ground and space remote
sensing observations obtained in this study is vital for decision-makers
to detect anomalies and to establish effective monitoring of the study
area.

The established long-term WCC data at a high temporal frequency
obtained from integration of in-situ measurements and satellite images
is vital to empower decision-makers, coastal planners and water-managers to detect possible alerts or anomalous ecological phenomena (e.g.,
excessive growth of phytoplankton, unexpected variations in suspended
sediment level, toxic algae blooms or a reduction of phytoplankton
growth as a result of very high CDOM concentrations). Moreover, the
provided time series of the diurnal datasets from remote sensing observations are fundamental to be used as baseline information for
weekly, monthly, seasonal, and annual basis of WCC variations and
trends in the Dutch Wadden Sea, as one of the most important worldwide aquatic ecosystems. One important issue that attracts attention in
the water quality community is to know whether any considerable
decreasing trend between 2003 and 2018 has occurred while analyzing
the long-term WCC variabilities and trends (Le et al., 2013).
The generated reliable WCC maps from EO data over complex
coastal waters of the study area are a significant achievement. The
validated MOD2SEA model can be directly applied to present and future multi-sensor satellite images to generate time series of WCC maps,
and frequent updates of these maps over the Dutch Wadden Sea. These
satellite water quality products have moderate pixel sizes and therefore
represent an average over a few hundred meters, which might be more
representative than point measurements. Producing such products is a
great assistance to comply with the Marine Strategy Framework
Directive (MSFD), the Water Framework Directive (WFD), and World
Heritage Properties Conservation Regulations (2009) for continuous
monitoring, conservation, maintenance and protection of this critical
coastal area.
The radiometric sensors at the NJS are still operational, and the MSI
and OLCI sensors are still producing free images over the Dutch
Wadden Sea, and more satellites are going to be launched in the near
future (e.g., Environmental Monitoring and Analysis Program (EnMAP)
and Plankton, Aerosol, Cloud, ocean Ecosystem (PACE)). Integration of
these EO data with ground-based observations helps to exploit their
synergies and complementarities to reduce uncertainties for effective
and automatic monitoring of water quality and will provide information on the status and evolution of various aquatic ecosystems. Such
water quality products are the great interest of many sectors such as
scientific community, governmental organizations, coastal planners and
some stakeholders such as the 2030 Agenda for Sustainable
Development (the SDGs), the United Nations Convention to Combat
Desertification; the UN Office for Disaster Risk Reduction (UNISDR),
the Convention on Biodiversity (CBD) and United Nations Framework
Convention on Climate Change (UNFCCC).
The approach followed in this research can be extended to other
coastal regions with the main focus on less-developed countries to
support one of the main objectives of the SDGs program (i.e., Goal 14:
Conserve and sustainably use the oceans, seas and marine resources)
(SDGs, 2019; UNEP, 2006).
The long-term spatio-temporal WCC estimates obtained from space
and ground-based remote sensing observations combined with earth
systems and hydrological modeling can play a significant role in the
effective monitoring of energy, water, and biogeochemical cycles in
order to the better management of coastal ecosystems under global
change. Providing such information may be the most beneficial for
crucial coastal areas with more necessity to be monitored due to the
risks of the illegal fishery, human activities, and climate change, while
it would benefit many economic concerns important to society and local
economies, including coastal recreation, and tourism activities.
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