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This study follows up on the successful feasibility study of Neukermans et al. (2009) for mapping suspended
matter in turbid waters from the SEVIRI sensor on board the METEOSAT geostationary weather satellite plat-
form. Previous methodology is extended to the mapping of turbidity, T, and vertical attenuation of photosyn-
thetically active radiation (PAR), KPAR. The spatial resolution of the SEVIRI products is improved from
3 km×6.5 km to 1 km×2 km using the broad high resolution visual band. The previous atmospheric correc-
tion is further improved and the uncertainties on marine reflectance due to digitization are considered. Based
on a two year archive of SEVIRI imagery, available every 15 min, the diurnal variability of T and KPAR is inves-
tigated during cloud free periods and validated using half-hourly T and KPAR data obtained from a system of
moored buoys (SmartBuoys) in the southern North Sea. Based on numerous match-ups, 80% of SEVIRI de-
rived T and KPAR are within 53% and 39% of SmartBuoy T and KPAR, respectively. Results further show that
on cloud free days, the SEVIRI T and KPAR signals are in phase with the SmartBuoy data, with an average dif-
ference in the timing of the maximum T and KPAR of 11 min and 23 min, respectively. It is concluded that di-
urnal variability of T and KPAR can now be mapped by remote sensing offering new opportunities for
improving ecosystem models and monitoring of turbidity. Limitations of the current SEVIRI sensor and per-
spectives for design of future geostationary sensors and synergy with polar orbiting satellites are discussed.

© 2012 Elsevier Inc. All rights reserved.
1. Introduction

Polar-orbiting multispectral ocean colour sensors such as the Sea-
viewing Wide Field-of-view Sensor (SeaWiFS), the Moderate Resolu-
tion Imaging Spectroradiometer (MODIS), and Medium Resolution Im-
aging Spectrometer (MERIS) provide 2-day coverage of the global ocean
and coastal zones since their respective launches in 1997 and 2002.
These sensors have become well-established sources (McClain, 2009)
of concentration of chlorophyll a, [Chl a] (see Table 1 for notation),
and suspended particulate matter, [SPM], and there has been consider-
able progress towards many new products including particulate and
dissolved organic and inorganic carbon (Stramski et al., 1999;
Vantrepotte et al., 2011), particle size distribution (Loisel et al., 2006),
phytoplankton species composition (Alvain et al., 2008), vertical light
attenuation (Stumpf et al., 1999), turbidity (Nechad et al., 2009;
Stumpf et al., 1999; Woodruff et al., 1999) etc. During the last decades
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the spectral and spatial resolution of space-borne ocean colour sensors
has improved, from multispectral to hyperspectral (e.g., Hyperspectral
Imager for the Coastal Ocean, launched in September 2009), and from
1 km nadir pixel resolution down to less than 100 m in coastal areas.
The quality and quantity of atmospheric corrections and bio-optical al-
gorithms has also significantly progressed.

Even though further progress can still be expected for polar-orbiting
sensors in terms of sensor design and processing algorithms, their sam-
pling frequency, typically once per day, is insufficient for many studies
and applications. Many physical and biogeochemical processes in coastal
regions showvariability at time scales shorter than the daily sampling fre-
quency of polar-orbiting sensors. For example, in situmeasurements have
shown that [SPM] can vary by a factor two or more during the day due to
horizontal advection and/or vertical resuspension forced by tides or wind
events (Eisma & Irion, 1988; Thompson et al., 2011). Hence, long term
data series from polar-orbiting sensors are affected by aliasing that can
only be treated indirectly (e.g., Stumpf et al., 1993). Furthermore, cloudi-
ness and/or sun glint reduce data availability from typically once per day
(e.g. mid-latitude MODIS imagery) to significantly less. Remote sensing
applications, such as harmful algae bloom detection (Stumpf et al.,
2003; Tomlinson et al., 2004), have critical vulnerability to such data gaps.
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Table 1
Notation.

Symbol Parameter definition, units

A0 SEVIRI solar channel calibration correction factor, dimensionless
AS, AT [SPM] and turbidity retrieval algorithm calibration constants,

mg L−1 or FNU
BS, BT [SPM] and turbidity retrieval algorithm offsets, mg L−1 or FNU
bb, bbp, bbw Total, particulate, and pure water backscattering coefficient,

m−1

bbp
m bbp:[SPM], mass-specific backscattering coefficient, m2 g−1

[Chl a] Chlorophyll a pigment concentration, μg L−1

cf Calibration gain factor for SEVIRI bands, mWm−2 sr−1 cm
Δ Uncertainty of a measurement
Δa Aerosol correction uncertainty, dimensionless
Δd Digitization uncertainty, dimensionless
Δw Turbid water uncertainty, dimensionless
ε VIS06:VIS08 band ratio of aerosol reflectances, dimensionless
Ed Downwelling spectral irradiance, W m−2 nm−1

E0
TOA Extraterrestrial solar irradiance at TOA, W m−2 μm−1

ϕ, ϕv, ϕ0 Azimuth angle, sensor and sun azimuth angle
γ VIS06:VIS08 ratio of two-way aerosol transmittances, dimensionless
Kd Spectral diffuse attenuation coefficient for downwelling irradiance,

m−1

KPAR
SB Vertical attenuation of PAR derived from SmartBuoy PAR data, m−1

KPAR,⊗ Vertical attenuation of PAR derived from SEVIRI on the HRV grid, m−1

KPAR Diffuse attenuation coefficient of PAR, m−1

�K PAR Vertically averaged diffuse attenuation coefficient of PAR, m−1

λ Wavelength of light, nm or μm
λ0 Waveband central wavelength, nm or μm
La
TOA Aerosol radiance at TOA, W m−2 sr−1 μm−1

Lg
TOA Sun glint radiance at TOA, W m−2 sr−1 μm−1

Lr
TOA Rayleigh (air molecule) radiance at TOA, W m−2 sr−1 μm−1

Lra
TOA Aerosol–Rayleigh multiple scattering radiance at TOA,

W m−2 sr−1 μm−1

Ltot
TOA Total radiance at TOA, W m−2 sr−1 μm−1

Lw
TOA,Lw0+ Water-leaving radiance at TOA or above-water, W m−2 sr−1 μm−1

Lwc
TOA White-cap radiance at TOA, W m−2 sr−1 μm−1

m Two-way air mass, dimensionless
no Total number of observations
nx Number of outliers
ω(λ) Sensor spectral response function, dimensionless
PAR Photosynthetically active radiation, photons s−1 m−2

r Correlation coefficient, dimensionless
r0 Calibration offset factor for SEVIRI bands, mW m−2 sr−1 cm
ρ Reflectance, dimensionless
�ρ Spatial average of the HRV reflectance on the VIS06 grid,

dimensionless
ρ̂ Spatial anomaly of the HRV reflectance within the VIS06 grid,

dimensionless
ρaTOA Aerosol reflectance at TOA, dimensionless
ρc Rayleigh and gas corrected reflectance at TOA, dimensionless
ρgTOA Sun glint reflectance at TOA, dimensionless

ρraTOA Rayleigh–aerosol interaction reflectance at TOA, dimensionless

ρtotTOA Total reflectance at TOA, dimensionless

ρwTOA Marine reflectance at TOA, dimensionless

ρw0+ Above-water marine reflectance, dimensionless

ρw,⊗
0+ Above-water marine reflectance on HRV grid, dimensionless

ρwc
TOA White cap reflectance at TOA, dimensionless

σ VIS06:VIS08 band ratio of marine reflectance (dimensionless), or
standard deviation, depending on the context

[SPM] Suspended particulate matter concentration, g m−3

to
a, tva, to,va Sun–sea, sea-sensor, and two-way aerosol transmittance,

dimensionless
to
g, tvg, to,vg Sun–sea, sea-sensor, and two-way atmospheric gas transmittance,

dimensionless
to
r , tvr , to,vr Sun–sea, sea-sensor, and two-way Rayleigh transmittance,

dimensionless
T Turbidity, FNU
T0, Tv, To,v Total sun–sea, sea-sensor, and two-way atmospheric transmittance,

dimensionless
TSB Turbidity recorded by SmartBuoy, m−1

T⊗ Turbidity retrieved by SEVIRI on the HRV grid, FNU
θv Viewing zenith angle, degrees
θ0 Solar zenith angle, degrees
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Ocean colour remote sensing from geostationary sensors has the
potential to overcome or mitigate these limitations: the availability
of ocean colour data would significantly increase during periods of
scattered clouds (Mazeran & Meskini, 2008) and the much higher
sampling frequency, typically 1 per hour or higher, allows to observe
the diurnal or tidal cycles of optical and biogeochemical processes of
the open ocean and coastal waters. Geostationary ocean colour data
offers possibilities to study the coupling between physics and biogeo-
chemistry, to quantify fluxes and study transport of carbon and sedi-
ment. Assimilation of geostationary ocean colour data into ecosystem
models may improve modelling results and eutrophication studies.
For example, the availability of light to marine organisms may vary
rapidly in coastal environments due to rapid changes in water turbid-
ity. In light-limited ecosystems such as the Channel and Southern
Bight of the North Sea, this unrepresented high frequency variability
of underwater light may be a cause of discrepancy between the mod-
elled and observed timing of the phytoplankton spring bloom
(Lacroix et al., 2007).

The Geostationary Ocean Colour Imager (GOCI, Faure et al., 2008),
launched by the Korean Space Agency (KORDI) in June 2010, is the
first ocean colour sensor in geostationary orbit. It provides hourly
multispectral imagery of waters surrounding the Korean peninsula
at a spatial resolution of 500 m. Other national and international
space agencies have plans to launch geostationary ocean colour sen-
sors. The European Space Agency (ESA) has commissioned studies
on user requirements and some concept design in the framework of
Geo-Oculus. A proposal to host a GOCI-like sensor on a geostationary
telecommunication satellite has been submitted to ESA (Antoine
et al., 2011). The Hosted Ocean Colour Imager, HOCI, would provide
hourly multi-spectral imagery of the European seas and adjacent
open ocean from late 2014. NASA is preparing the Geostationary
Coastal Ocean and Air Pollution Events (GEO-CAPE) mission, planned
to be operational by 2020 (NRC, 2007).

Even though the Spinning Enhanced Visible and Infrared Imager
(SEVIRI) radiometer onboard the METEOSAT Second Generation
(MSG) satellite platform is not capable of ocean colour remote sens-
ing because of its limited spectral resolution, SEVIRI has sufficient
bands for the mapping of [SPM] in turbid waters (Neukermans et
al., 2009). SEVIRI imagery, available since 2004 at 15 minute temporal
resolution, offers the possibility to address the problems (reduced
signal at high orbit and high viewing zenith) and advantages (high
temporal resolution, stable viewing geometry) specific to the geosta-
tionary orbit. The feasibility study for mapping [SPM] with SEVIRI
(Neukermans et al., 2009) was a first attempt to exploit the potential
of a geostationary platform for marine optics. This study, based on a
one month SEVIRI dataset of the southern North Sea, has shown
that [SPM] can be reliably detected in turbid waters, but with consid-
erable uncertainties in clear waters due to SEVIRI's low radio-
metric resolution. Even though at a much lower spatial resolution
(3 km×6.5 km), SEVIRI [SPM] products were shown to correlate
well with MODIS-AQUA 667 nm [SPM] products, and SEVIRI's marine
reflectance correlated well with marine reflectance from the spectral-
ly similar MODIS-AQUA 645 nm band (Neukermans, 2012).

The present study follows up on the successful feasibility study
of Neukermans et al. (2009). The specific objectives of this study
are to (i) improve the spatial resolution of SEVIRI products using
its High Resolution Visual (HRV) band, (ii) improve the quality of
the existing atmospheric correction and extend its uncertainty esti-
mation to include digitization effects, (iii) extend the methodology
to the mapping of turbidity, T, and vertical attenuation of photo-
synthetically active radiation (PAR), KPAR, with uncertainty esti-
mates, (iv) investigate diurnal variability of T and KPAR during
cloud free periods based on a two year SEVIRI archive, and (v) val-
idate SEVIRI T and KPAR products and their temporal dynamics using
T and KPAR data obtained from a system of moored buoys in the
southern North Sea.
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2. Materials and methods

The necessary definitions and notation are introduced to describe
the use of the HRV band to improve the spatial resolution of the ma-
rine reflectance product. Next, improvements to the atmospheric cor-
rection of Neukermans et al. (2009) are described and uncertainties
on marine reflectance products are given in Section 2.4. Algorithms
for the retrieval of T and KPAR are presented and the uncertainty on
each product is assessed in Sections 2.5 and 2.6, respectively. Finally,
validation of SEVIRI products and diurnal variability is described.

2.1. Definitions

At a wavelength λ, the total radiance at the top-of-atmosphere
(TOA) sensed by a satellite sensor can be decomposed as follows:

LTOAtot λð Þ ¼ LTOAr λð Þ þ LTOAa λð Þ þ Tv λð ÞL0þw λð Þ ð1Þ

where Ltot
TOA, LrTOA and La

TOA are the wavelength dependent total, Ray-
leigh (due to air molecules) and aerosol radiances at TOA (units:
W m−2 sr−1 μm−1). Lw

0+(λ) is the upwelling radiance just above
the sea surface and Tv(λ) is the sea-sensor atmospheric transmittance
due to air molecules (tvr), aerosols (tva), and atmospheric gasses (tvg):

Tv λð Þ ¼ trv λð Þtav λð Þtgv λð Þ ¼ LTOAw λð Þ
L0þw λð Þ ð2Þ

For a spectral band B with spectral response function ω(λ),
spectral integration of Eq. 1 gives:

∫ω λð ÞLTOAtot λð Þdλ ¼ ∫ω λð ÞLTOAr λð Þdλþ ∫ω λð ÞLTOAa λð Þdλ
þ ∫ω λð ÞTv λð ÞL0þw λð Þdλ ð3Þ

The band-integrated total, Rayleigh, and aerosol reflectance at
TOA are obtained through normalization of their respective band-
integrated irradiances at TOA by ∫ω(λ)EdTOA(λ)d λ, where Ed

TOA(λ) is
the downwelling irradiance at TOA (units: W m−2 μm−1). Thus:

ρTOA Bð Þ
tot ¼ π

∫ω λð ÞLTOAtot λð Þdλ
∫ω λð ÞETOAd λð Þdλ

ð4Þ

which can be written analogously for ρrTOA(B) , ρaTOA(B) and ρwTOA(B). This
gives the decomposition of total reflectance at TOA for band B:

ρTOA Bð Þ
tot ¼ ρTOA Bð Þ

r þ ρTOA Bð Þ
a þ ρTOA Bð Þ

w ð5Þ

The above-water marine reflectance,ρw0+(λ), is defined as:

ρ0þ
w λð Þ ¼ π

L0þw λð Þ
E0þd λð Þ ð6Þ

where Ed
0+(λ) is the above-water downwelling irradiance, which is

related to Ed
TOA(λ) via the total atmospheric transmittance from sun

to sea:

T0 λð Þ ¼ E0þd λð Þ
ETOAd λð Þ ð7Þ

The band-integrated above-water marine reflectance is:

ρ0þ Bð Þ
w ¼ π

∫ω λð ÞL0þw λð Þdλ
∫ω λð ÞE0þd λð Þdλ

ð8Þ
Which gives, after substitution of Eqs. 6 and 7:

ρ0þ Bð Þ
w ¼ ∫ω λð ÞT0 λð Þρ0þ

w λð ÞETOAd λð Þdλ
∫ω λð ÞT0 λð ÞETOAd λð Þdλ

ð9Þ

Now ρwTOA(B) can be re-written, using Eqs. 2, 6, and 7:

ρTOA Bð Þ
w ¼ ∫ω λð ÞTv λð ÞT0 λð Þρ0þ

w λð ÞETOAd λð Þdλ
∫ω λð ÞETOAd λð Þdλ

ð10Þ

For relatively narrow spectral bands such as the SEVIRI VIS06 and
VIS08 bands, with spectral response shown in Fig. 1, Eq. 10 simplifies
to ρwTOA(B)=Tv

(B)To
(B)ρw0+(B). The atmospheric correction of VIS06, denoted

by (0.6) superscript, described in Neukermans et al. (2009) solves Eq. 5
for ρw0+(0.6). For a very broad spectral band such as SEVIRI's HRV band,
however, each component of the convolution in the spectral integral in
Eq. 10 may show strong spectral variability as shown in Fig. 1 and this
simplification may no longer be valid. To minimize uncertainties of at-
mospheric correction and calibration of the HRV band, the spatial vari-
ability of HRV marine reflectance within each VIS06 pixel is used as a
small perturbation to the VIS06 derived marine reflectance. The ap-
proach is described in the next section.

2.2. VIS06 marine reflectance on the HRV grid

To use the higher spatial resolution information of the HRV band,
first a relationship is established between the marine reflectances in
the HRV and VIS06 bands taking account of the different sensor re-
sponse functions and the different effective atmospheric transmit-
tances. Then this relationship is used to estimate the spatial
variability of ρw0+(0.6) on the fine HRV grid using the spatial anomaly
of TOA HRV reflectance.

2.2.1. Relating marine reflectances in the HRV and VIS06 bands
Re-examining Fig. 1, it can be seen that in the case of the HRV, the

effects of low atmospheric transmittances (T0 and Tv) to the spectral
integral in Eq. 10 are limited: in the spectral range 0.75–0.90 μm,
the strong atmospheric absorption dominated by water vapour goes
with a low ρw0+(λ) and important Rayleigh effects on transmittances
in the range 0.35–0.45 μm coincide with a low ω(λ). Hence, atmo-
spheric transmittances in the range 0.45–0.75 μm contribute most
strongly to the spectral integral in Eq. 10. In this range the atmospher-
ic transmittances are reasonably smooth and high. A good linear
correlation between ρw0+(0.6) and ρw0+(HRV) is observed as shown in
Fig. 2(a). Combination of the observations described above suggests
that ρwTOA(HRV) can be approximated by

ρTOA HRVð Þ
w ≈ Aρ0þ 0:6ð Þ

w þ B
� �

T 0:6ð Þ
o;v αm=2 ð11Þ

where T0,v
(0.6) is the two-way (sun–sea and sea-sensor) atmospheric

transmittance for a given two-way air mass m

m ¼ 1
cosθv

þ 1
cosθ0

ð12Þ

in the VIS06 band:

T 0:6ð Þ
o;v ¼ ∫ω λð ÞTv λð ÞT0 λð ÞETOAd λð Þdλ

∫ω λð ÞETOAd λð Þdλ
ð13Þ

The values of A and α in Eq. 11 have been obtained by spectral
convolution of 67 measured hyperspectral seaborne spectra with:
(a) the HRV and VIS06 band sensor response functions according to
Eq. 8 and (b) with the sensor response functions and the appropriate



Fig. 1. Normalized spectral response, ω(λ) of SEVIRI's VIS06, VIS08, and HRV bands, and one-way total (T0) and Rayleigh transmittance, t0r , for a vertical atmospheric path and the US
standard atmosphere model obtained from LOWTRAN simulations. Thin lines represent above-water marine reflectance spectra,ρw0+(λ) , recorded with hyperspectral above-water
TriOS Ramses radiometers in the southern North Sea between 2001 and 2010. The reader is referred to Ruddick et al. (2006) for details on the seaborne measurement protocol.
Spectrum of solar irradiance at TOA from Thuillier et al. (2003).
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atmospheric transmittances according to Eqs. 10 and 13. The atmo-
spheric transmittances are obtained from LOWTRAN simulations for
m=2 and the US standard atmosphere model, shown in Fig. 1.
These include Rayleigh transmittances, aerosol transmittances, and gas
transmittances for ozone, carbon dioxide, and water vapour. The results
of these calculations are shown in Fig. 2 and give (a) A=0.71(±0.01)
and (b) Aα=0.68(±0.01) and hence α=0.96(±0.02).

2.2.2. Estimating spatial variability of ρw0+(0.6) from HRV spatial anomaly
Each pixel in the VIS06 grid corresponds to 3×3 pixels in the HRV

grid. The spatial variability of ρwTOA(HRV) within each VIS06 pixel is
used to represent a small perturbation to the marine reflectance re-
trieved from the VIS06 band. Let the bar superscript denote the
mean value of 9 HRV pixels corresponding to one pixel in the VIS06
grid. The spatial anomaly of the HRV signal within the VIS06 grid is:

ρ̂TOA HRVð Þ
tot ¼ ρTOA HRVð Þ

tot −�ρTOA HRVð Þ
tot ð14Þ

The spatial average of Eq. 5 is given by:

�ρTOA HRVð Þ
tot ¼ �ρTOA HRVð Þ

r þ �ρTOA HRVð Þ
a þ �ρTOA HRVð Þ

w ð15Þ
Fig. 2. (a) Linear regression of above-water marine reflectance in the HRV and the VIS06 ban
by two-way atmospheric transmittance in the VIS06 band vs. above-water marine reflectan
Subtraction of Eq. 15 from Eq. 5 gives the spatial anomaly of ρtotTOA(HRV)

within the VIS06 grid pixels as:

ρ̂TOA HRVð Þ
tot ¼ ρ̂TOA HRVð Þ

a þ ρ̂TOA HRVð Þ
r þ ρ̂TOA HRVð Þ

w ð16Þ

It is assumed that the Rayleigh and aerosol reflectances are spa-
tially constant within each 3 km×6 km VIS06 pixel:

ρ̂TOA HRVð Þ
a ¼ 0 and ρ̂TOA HRVð Þ

r ¼ 0 ð17Þ

Eq. 16 then simplifies to:

ρ̂TOA HRVð Þ
tot ¼ ρ̂TOA HRVð Þ

w ð18Þ

Now, let ρw,⊗
0+(0.6) and To,v,⊗

(0.6) denote the above-water marine reflec-
tance and the two-way total transmittance in the VIS06 band on the
HRV grid, respectively and m⊗ denote the air mass on the HRV grid.
From Eq. 11 and subject to the underlying approximation we have:

ρTOA HRVð Þ
w ¼ Aρ0þ 0:6ð Þ

w;⊗ þ B
� �

T 0:6ð Þ
o;v;⊗α

m⊗=2 ð19Þ

and

�ρTOA HRVð Þ
w ¼ A�ρ0þ 0:6ð Þ

w;⊗ þ B
� �

T 0:6ð Þ
o;v;⊗α

�m⊗=2 ð20Þ
ds and (b) linear regression of marine reflectance of the HRV band at TOA, normalized
ce in the VIS06 band.

image of Fig.�2


Fig. 3. Identification of clear water pixels fromwhich the ratio of aerosol reflectance ε is
obtained. The black rectangles delineate the clear water pixels identified by
Neukermans et al. (2009), while the red polygons delineate the clear water pixels
used in this study. Background: [SPM] (in mg L−1) map from SEVIRI on February 11,
2008 at 10:45 UTC. The location of the Cefas SmartBuoys at Warp Anchorage (TH1),
West Gabbard (WG), and Dowsing (D) is also indicated.
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where �ρ0þ 0:6ð Þ
w;⊗ ¼ ρ0þ 0:6ð Þ

w , T 0:6ð Þ
o;v;⊗ ¼ T 0:6ð Þ

o;v , and �m⊗ ¼ m. Within each
VIS06 grid pixel it is reasonable to assume that To,v,⊗

(0.6) ≈To,v
(0.6) and

m⊗≈m. Substitution of Eqs. 19 and 20 in Eq. 18 then gives:

ρ̂TOA HRVð Þ
tot ¼ A ρ0þ 0:6ð Þ

w;⊗ −ρ0þ 0:6ð Þ
w

� �
T 0:6ð Þ
o;v αm=2 ð21Þ

and so

ρ0þ 0:6ð Þ
w;⊗ ¼ ρ0þ 0:6ð Þ

w þ ρ̂TOA HRVð Þ
tot

AT 0:6ð Þ
o;v αm=2

ð22Þ

The first term in Eq. 22 is known for each VIS06 grid pixel. The sec-
ond term represents the spatial variation of ρw0+(0.6) on the HRV grid
within each VIS06 grid pixel. It is computed from the spatial anomaly
of the HRV total reflectance at TOA (=spatial anomaly of HRV marine
reflectance at TOA) after modification to account for differences in at-
mospheric transmittances and spectral convolution with marine re-
flectances between the VIS06 and HRV bands. An uncertainty
estimate on ρw,⊗

0+(0.6) is derived in Section 2.4.2.

2.3. Improvements of the atmospheric correction of the SEVIRI VIS06 and
VIS08 bands

The atmospheric correction of the VIS06 and VIS08 bands de-
scribed by Neukermans et al. (2009) solves Eq. 5 for the VIS06 and
VIS08 bands simultaneously using two assumptions:

1. The VIS06:VIS08 band ratio of marine reflectances is constant in
space and time:

σ ¼ ρ0þ 0:6ð Þ
w

ρ0þ 0:8ð Þ
w

ð23Þ

For this study, σ was recalibrated to account for the small differ-
ence in spectral response of the SEVIRI radiometer on board MSG-2
as compared to MSG-1. Ordinary least-squares regression through
the origin of ρw0+(0.6) vs. ρw0+(0.8) from in situ hyperspectral measure-
ments of ρw0+(λ) as described by Neukermans et al. (2009) gives
σ=6.09±0.16. This is not significantly different from the value of
σ=6.07±0.30 used for MSG-1 by Neukermans et al. (2009).

2. The VIS06:VIS08 band ratio of aerosol reflectances at TOA is
spatially homogeneous over the SEVIRI scene:

ε ¼ ρTOA 0:6ð Þ
a

ρTOA 0:8ð Þ
a

ð24Þ

So that ρw0+(0.6) can be expressed as (see Eq. 20 in Neukermans et
al., 2009):

ρ0þ 0:6ð Þ
w ¼ σ

ρ 0:6ð Þ
c −ερ 0:8ð Þ

c

ta 0:8ð Þ
o;v γσ−εð Þ

ð25Þ

Where ρc(B) denotes the Rayleigh and gas corrected reflectance in
band B:

ρ Bð Þ
c ¼ ρTOA Bð Þ

tot −ρTOA Bð Þ
r

tr;g Bð Þ
o;v

ð26Þ
and γ is the VIS06:VIS08 band ratio of two-way aerosol transmit-
tances, which is close to 1.

An estimate of ε (Eq. (24)) is obtained on an image-by-image basis
from the VIS06:VIS08 band ratio of ρc(B) over clear waters pixels so
that ρc(B) is dominated by the aerosol signal with negligible contribu-
tion from the water (Neukermans et al., 2009). The two year SEVIRI
archive was first processed (atmospheric correction, followed by ap-
plication of the [SPM] algorithm in Eq. 21 in Neukermans et al.,
2009) using the clear water pixels areas described in Neukermans
et al. (2009) and shown as black rectangles in Fig. 3. In the present
study, clear water pixels are redefined as those pixels having [SPM]
below 3 mg L−1 (corresponding to ρw0+(0.6)b0.01 and ρw0+(0.8)b

0.002) for 95% of the observations from the 2-year SEVIRI dataset
and are outlined by the red polygons in Fig. 3. The newly defined
clear water areas exclude the turbid water plume that can be seen
in Fig. 3 and are distributed more evenly throughout the study area.

Neukermans et al. (2009) estimate ε and its uncertainty, Δε, from
the mean and standard deviation of ρc(0.6):ρc(0.8) for these pixels, as-
suming that the ratios are normally distributed. An example is
shown in Fig. 4(a). This assessment of ε is, however, sensitive to
data outliers and noise, and requires the band ratios to be approxi-
mately normally distributed. Especially the noise of the reflectance
ratios may be large for SEVIRI due to digitization effects (see also
Section 2.4.1). Alternatively, ε can be assessed from the slope of the
ρc(0.6) vs. ρc(0.8) regression as shown in Fig. 4(b). An iteratively
reweighted least squares technique using the MATLAB robustfit.m
routine is applied, where Δε is estimated from the standard error of
the slope estimate. This approach minimizes effects of outliers and
data noise and is independent of the normality of the reflectance
ratio distribution. Moreover, the offset of the regression line reflects
small uncertainties in the calibration of the SEVIRI sensor and the
Rayleigh and gas corrections, and allows to correct for these uncer-
tainties through subtraction of the offset from ρc(0.6). Typical values
of this offset are between −0.0051 and 0.0126 (5 and 95th percen-
tiles) with a median of 0.0028 for 15,384 observations. This procedure
is effectively a vicarious calibration of SEVIRI performed on an image-
by-image basis without the need to assume a temporally constant
aerosol type. We further note that if the clear water areas include
pixels with [SPM]>3 mg L−1, which occurs in 5% of the observations
in 2008–2009 by definition, the robust regression routine is expected
to strongly reduce their effect on the estimation of ε.
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Fig. 4. Example of the estimation of the VIS06:VIS08 ratio of aerosol reflectances, ε, on April 9, 2008 at 09:45 UTC from the Rayleigh and gas corrected reflectances, ρc, in the VIS06
and VIS08 bands of clear water pixels via (a) the mean and standard error of ρc(0.6): ρc(0.8) values, shown as the normal fit to the histogram, or (b) via linear regression of ρc(0.6) vs.
ρc(0.8), where uncertainties on regression coefficients are given by their standard error. N is the number of pixels.
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2.4. Uncertainty estimation on marine reflectance

The uncertainty on ρw0+(0.6) associated with the assumptions of
the atmospheric correction in Eqs. 23 and 24 is given by
Neukermans et al. (2009):

Δρ0þ 0:6ð Þ
w ¼ 1

ta 0:8ð Þ
0;v γσ−εð Þ

ρTOA 0:8ð Þ
a σΔε

� �2 þ ρ0þ 0:8ð Þ
w εta 0:8ð Þ

0;v Δσ
� �2� �1=2

ð27Þ

The first component (Δaρw0+(0.6)), is related to the aerosol turbidity,
while the second component (Δwρw0+(0.6)) is related to the water tur-
bidity. The contribution of each component can be understood by sim-
plifying with to,v

a(0.8)=1=γ and taking a typical value of ε=1.02±0.01.
Then Δaρw0+(0.6)=0.012ρaTOA(0.8) and Δwρw0+(0.6)=0.032ρw0+(0.8).

In what follows, we extend this uncertainty estimate to include
uncertainties associated with digitization effects at TOA in the VIS06
and VIS08 bands.

2.4.1. Digitization uncertainties
Total reflectance at TOA for VIS06 and VIS08 bands is obtained

through calibration of the SEVIRI level 1.5 data. Count data (K) are trans-
formed into total radiance at TOA, LtotTOA (units: Wm−2 sr−1 μm−1), by
applying the appropriate calibration coefficients (cf) and offset values
(r0) (see Table 2):

LTOA Bð Þ
tot ¼

10 c Bð Þ
f K þ r Bð Þ

0

� �
λ Bð Þ
0

� �2 ð28Þ

where λ0(B) is band B's central wavelength. LtotTOA(B) is then converted to
total reflectance at TOA:

ρTOA Bð Þ
tot ¼ π d2LTOA Bð Þ

tot

A Bð Þ
0 ETOA Bð Þ

0 cosθ0
ð29Þ
Table 2
Central wavelengths, λ0

(B), extraterrestrial solar irradiance, E0TOA(B), and calibration correction
and VIS08 bands.

Band λ0
(B)

(μm)
cf
(B)

(mWm−2 sr−1 (cm−1)−1)

VIS06 0.635 0.020135, 0.020419a

VIS08 0.810 0.025922, 0.026168a

a December 9, 2008, 12:00 UTC–September 13, 2009, 18:00 UTC.
where d is the Sun–Earth distance in astronomical units (AU), θ0is the
sun zenith angle calculated from position, date and time, E0TOA(B) is the
extraterrestrial solar irradiance at TOA for band B at 1 AU (in
Wm−2 μm−1). Calibration correction factors, A0

(B), for the MSG-2
SEVIRI VIS06 and VIS08 channels of 0.92 and 0.94 are given by Ham
and Sohn (2010) and Sohn (unpublished results), respectively, and
are given in Table 2.

The uncertainty on the TOA reflectance due to digitization can be
derived from Eqs. 28 and 29:

ΔρTOA Bð Þ
tot ¼

10c Bð Þ
f π d2

λ Bð Þ
0

� �2
ETOA Bð Þ
0 A Bð Þ

0 cosθ0
ð30Þ

Digitization uncertainty increases with increasing sun zenith
angle,0°≤θ0≤80°, between 0.001 and 0.006 for the VIS06 band and
between 0.001 and 0.007 for the VIS08 band, as shown in Table 3.
The uncertainty on ρw0+(0.6) due to digitization in VIS06 and VIS08
at TOA, Δdρw0+(0.6), is obtained using the formula for first order
error propagation (ISO, 1995):

Δdρ
0þ 0:6ð Þ
w ¼ ∂ρ0þ 0:6ð Þ

w

∂ρTOA 0:6ð Þ
tot

ΔρTOA 0:6ð Þ
tot

 !2

þ ∂ρ0þ 0:6ð Þ
w

∂ρTOA 0:8ð Þ
tot

ΔρTOA 0:8ð Þ
tot

 !2" #1=2

ð31Þ

Partial derivation of Eq. 25 to ρtotTOA(0.6) and ρtotTOA(0.8) using Eq. 26
gives:

Δdρ
0þ 0:6ð Þ
w ¼ σ

ta 0:8ð Þ
0;v γσ−εð Þ

Δρ 0:6ð Þ
tot

tr;g 0:6ð Þ
o;v

 !2

þ εΔρ 0:8ð Þ
tot

tr;g 0:8ð Þ
o;v

 !2" #1=2
ð32Þ

This digitization uncertainty is evaluated in Table 3 for a typical
θv=60°(corresponding to the middle of the SEVIRI North Sea
scene in Fig. 3), ε=1.02±0.01, γ=1, typical gas concentrations
factors, A0
(B) (Ham & Sohn, 2010; Sohn, unpublished results) for the SEVIRI MSG2 VIS06

r0
(B)

(mW m−2 sr−1 (cm−1)−1)
E0
TOA(B)

(W m−2 μm−1)
A0
(B)

−1.026910, −1.041374a 1618.0 0.92
−1.32202, −1.334553a 1113.0 0.94
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Table 3
Contribution of each component in Eq. 33 to Δρw0+(0.6) for varying sun zenith angles (θ0), clear (CA, τa(550 nm)=0.01 ) and turbid (TA, τa(550 nm)=0.5) atmospheres, and clear
(CW, ρw0+(0.6)=0.004) and turbid (TW, ρw0+(0.6)=0.07) waters. Viewing geometry values typical for the SEVIRI North Sea area were taken: θv=60° and Δφ=40°, typical gas con-
centrations and ε=1.02±0.01, γ=1, and σ=6.09±0.16. Air mass and digitization uncertainty for total TOA reflectance in the VIS06 (ΔρtotTOA(0.6)) and VIS08 bands (ΔρtotTOA(0.8))
computed using Eq. 30 are also shown.

θ0 m ΔρtotTOA(0.6) ΔρtotTOA(0.8) Δdρw0+(0.6) Δaρw0+(0.6) Δwρw0+(0.6) Δρw0+(0.6)

CA TA CA TA CW TW CA, CW TA, TW

0 3.00 0.0011 0.0012 0.002300 0.002841 0.000006 0.000562 0.000021 0.000370 0.002300 0.002920
10 3.02 0.0011 0.0012 0.002337 0.002889 0.000007 0.000558 0.000021 0.000370 0.002337 0.002965
20 3.06 0.0011 0.0013 0.002455 0.003055 0.000008 0.000645 0.000021 0.000370 0.002455 0.003144
30 3.15 0.0012 0.0014 0.002674 0.003352 0.000010 0.000775 0.000021 0.000370 0.002674 0.003460
40 3.31 0.0014 0.0015 0.003043 0.003858 0.000013 0.000973 0.000021 0.000370 0.003043 0.003996
50 3.56 0.0016 0.0018 0.003667 0.004734 0.000017 0.001245 0.000021 0.000370 0.003667 0.004909
60 4.00 0.0021 0.0024 0.004804 0.006393 0.000022 0.001600 0.000021 0.000370 0.004804 0.006601
70 4.92 0.0031 0.0035 0.007311 0.010986 0.000033 0.002672 0.000021 0.000370 0.007311 0.011312
80 7.76 0.0061 0.0068 0.016202 0.031027 0.000053 0.004607 0.000021 0.000370 0.016202 0.031369
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(320 Dobson units for ozone and 29.3 kg m−2 for precipitable water
content) and for clear (CA) and turbid (TA) atmospheres with aero-
sol optical thicknesses,τa(550 nm), of 0.01 and 0.5, respectively. In
the clearest waters where ρw0+(0.6) is about 0.002–0.006 and for
moderate air mass, the magnitude of the digitization uncertainty is
comparable to ρw0+(0.6). Digitization uncertainty increases rapidly
for air masses above 4, reaching 0.03 for turbid atmospheres and
an air mass of 7.8.

The uncertainty due to digitization is added to the uncertainty as-
sociated with the atmospheric correction to give:

Δρ0þ 0:6ð Þ
w ¼ Δdρ

0þ 0:6ð Þ
w

� �2 þ Δaρ
0þ 0:6ð Þ
w

� �2 þ Δwρ
0þ 0:6ð Þ
w

� �2� �1=2
ð33Þ

The contribution of each component in Eq. 33 to Δρw0+(0.6) is fur-
ther evaluated in Table 3 for a relative azimuth angle of 40° and for
clear (CW) and turbid water (TW) with ρw0+(0.6) of 0.004 and 0.07, re-
spectively. Even for turbid water and a turbid atmosphere the digiti-
zation uncertainty is the dominant contributor to the total
uncertainty on marine reflectance.

2.4.2. Uncertainty estimate of marine reflectance in the VIS06 band on
the HRV grid

Using the formula for first order error propagation (ISO, 1995), the
uncertainty on ρw,⊗

0+(0.6) introduced by uncertainties in ρw0+(0.6), A,
and α can be estimated from an expression analogous to Eq. 31. Par-
tial derivation of the expression in Eq. 22 to each parameter then
gives:

Δρ0þ 0:6ð Þ
w;⊗ ¼ Δρ0þ 0:6ð Þ

w

� �2 þ ρ̂TOA HRVð Þ
tot

AT 0:6ð Þ
o;v αm=2

 !2
ΔA
A

� �2
þ mΔα

2α

� �2� �" #1=2

ð34Þ

With A=0.71, ΔA=0.01,α=0.96, Δα=0.02, and Δρw0+(0.6) from
Eq. 33.

2.5. Retrieval and uncertainty estimate of turbidity

The semi-empirical single band turbidity retrieval algorithm of
Nechad et al. (2009) for the SEVIRI VIS06 band was calibrated using
in situ data of marine reflectance and turbidity, T. Non-linear regres-
sion was applied on 68 simultaneous observations of T and marine re-
flectance in the southern North Sea obtained in 2007–2010 (see
Nechad et al., 2010 for details on curve fitting and Neukermans,
2012 for data selection criteria). T, expressed in Formazine Nephelo-
metric Units (FNU), was recorded on 10 mL subsamples with a Hach
2100P portable turbidity instrument. This instrument measures the
ratio of light scattered at an angle of 90° at a wavelength of 860 nm
to forward transmitted light, as compared to the same ratio for a stan-
dard suspension of Formazine, in accordance with ISO, 7027 (1999).
Six replicate measurements were mean-averaged to obtain T. Marine
reflectance in the VIS06 band was obtained after Eq. 8 from hyper-
spectral above-water measurements of Lw

0+(λ) and Ed
0+(λ) with

TriOS RAMSES radiometers.
Calibration of the algorithm (Nechad et al., 2009)

T ¼ ATρ
0þ 0:6ð Þ
w

C−ρ0þ 0:6ð Þ
w

þ BT ð35Þ

gives AT=35.8±3.8 FNU and BT=−0.1±0.9 FNU. The value of C is
band specific, giving C=0.1639 for the SEVIRI VIS06 band. The algo-
rithm in Eq. 35 is applied without the offset BT and is shown in Fig. 5.

The uncertainty on remotely sensed T, resulting from the com-
bined uncertainties on marine reflectance and the parameter AT is
(Neukermans et al., 2009):

ΔT ¼ 1

C−ρ0þ 0:6ð Þ
w

ρ0þ 0:6ð Þ
w ΔAT

� �2 þ ATCΔρ
0þ 0:6ð Þ
w

C−ρ0þ 0:6ð Þ
w

 !2" #1=2
ð36Þ

Replacing ρw0+(0.6) by ρw,⊗
0+(0.6) and Δρw0+(0.6) by Δρw,⊗

0+(0.6) gives T
and ΔT on the HRV grid, denoted by T⊗ and ΔT⊗.

2.6. Retrieval and uncertainty estimate of PAR attenuation

Many studies have illustrated that the variability in light attenuation
is primarily driven by [SPM] in turbid coastalwaters (Devlin et al., 2008;
Xu et al., 2005) and in lagoons and estuaries (Christian & Sheng, 2003;
Lawson et al., 2007; Painting et al., 2007). From a spatially extensive
survey of vertical profiles of PAR and [SPM] in coastal and offshore UK
waters a strong linear relationship (R2=0.98) between the water col-
umnmean [SPM], S, and thewater columnmean attenuation coefficient
of PAR, KPAR, was found (Devlin et al., 2008):

KPAR ¼ 0:325 �0:06ð Þ þ 0:066 �0:002ð Þ � S ð37Þ

where S varied between 0.1 mg L−1 and 250 mg L−1, with most values
below 50 mg L−1 and KPAR varied between 0.3 m−1 and 15 m−1 with
most values below 3 m−1. This model has been shown to work well
in turbid waters, dominated by suspended sediments (Devlin et al.,
2008). A SEVIRI KPAR product is derived from a combination of Eq. 37
and the single band [SPM] retrieval algorithm of Nechad et al. (2010),
calibrated for the SEVIRI VIS06 band:

S ¼ ASρ
0þ 0:6ð Þ
w

C−ρ0þ 0:6ð Þ
w

þ BS ð38Þ



Fig. 5. Scatter plot of 68 seaborne measurements of marine reflectance in the VIS06 band,
and turbidity (T) and [SPM] (S). The RMSE and the 5–50–95th percentiles of the prediction
error (PE=ratio of the absolute value of the difference between the model prediction
from the measured value to the measured value) of each fit are also given.
The black and grey lines represent the SEVIRI VIS06 retrieval algorithms for T and S from
Nechad et al. (2009) and Nechad et al. (2010), respectively.
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with calibration factors AS=37.1±5.7 g m−3 and BS=−0.17±
1.4 g m−3, obtained from the same in situ dataset as for the calibration
of the T algorithm. The [SPM] algorithm, shown in Fig. 5, is also applied
without the offset. Eq. 36 gives an expression for the uncertainty on S
when AT is replacedwithAS. The uncertainty on the SEVIRIKPAR product,
introduced byuncertainties on S and the slope and offset of themodel in
Eq. 37 is:

ΔKPAR ¼ 0:066ΔSð Þ2 þ 0:002Sð Þ2 þ 0:062
h i1=2 ð39Þ

Replacing ρw0+(0.6) by ρw,⊗
0+(0.6) and Δρw0+(0.6) by Δρw,⊗

0+(0.6) in Eq.
38 gives KPAR and ΔKPAR on the HRV grid, denoted by KPAR,⊗ and
ΔKPAR,⊗.
2.7. Validation of SEVIRI turbidity and PAR attenuation products

2.7.1. SmartBuoy measurements of turbidity and PAR attenuation
Half-hourly measurements of physical, chemical, optical, and biologi-

cal variables are made in UK shelf seas from moored platforms
(SmartBuoys;Mills et al., 2003), operated by the Centre for Environment,
Fisheries and Aquaculture Sciences (Cefas) on a regular basis since 2001.
Several SmartBuoys were operational in the southern North sea in 2008–
2009: Warp Anchorage (TH1) (51.5235°N, 1.0240°E) and West Gabbard
(WG) (51.9802°N, 2.0828°E), and since 2009 also Dowsing (D)
(53.5313°N, 1.0532°E). Their location is shown in Fig. 3. Cefas SmartBuoys
measure water turbidity, denoted TSB, using a Seapoint turbidity meter,
which records light scattered by suspended particles between 15° to
150° from a light source emitted at 880 nm. Turbidity is measured 1–
2 m below the surface and expressed in Formazine Turbidity Units
(FTU). PAR is recorded using three LI-COR (LI-192SB) underwater quan-
tum sensors installed just above the surface and at 1 m and 2 m depths
(units: μE m−2 s−1). SmartBuoy turbidity and PAR measurements are
recorded during 10 minute bursts, every half hour. Every burst gives
600 scans, which were mean-averaged.
The vertical light attenuation coefficient can be derived from PAR
measurements at 1 m and 2 m depth using the Lambert–Beer equation:

KSB
PAR ¼ ln

PAR 1mð Þ
PAR 2mð Þ
� �

ð40Þ

with uncertainty:

ΔKSB
PAR ¼ ΔPAR 1mð Þ

PAR 1mð Þ
� �2

þ ΔPAR 2mð Þ
PAR 2mð Þ

� �2
−2

ΔPAR 1mð ÞΔPAR 2mð Þ
PAR 1mð ÞPAR 2mð Þ

� �1=2
ð41Þ

where Δ represents the standard deviation of PAR during each burst
and the third term is present because PAR(1 m) and PAR(2 m) are high-
ly correlated with correlation coefficients above 0.95 for each
SmartBuoy (simplified in Eq. 40 with r=1). The above water PARmea-
surements, PAR(0 m), were used for data quality control based on fol-
lowing criterion:

ln
PAR 0mð Þ
PAR 1mð Þ
� �

− ln
PAR 1mð Þ
PAR 2mð Þ
� �

≤0:5 ln
PAR 0mð Þ
PAR 1mð Þ
� �

ð42Þ

This means that observations where PAR attenuation between 1 m
and 2 m depth differs more than 50% from the PAR attenuation be-
tween the surface and 1 m depth are rejected. The 0.5 threshold
value corresponds to the 75th percentile so that 25% of the PAR data
were rejected. Unfortunately no surface PAR measurements are avail-
able at WG, so the validation of SEVIRI KPAR is limited to TH1 and D.

2.7.2. Comparison of instantaneous SEVIRI-SmartBuoy observations
Cloud free SEVIRI T and KPAR products, P, were regressed against

corresponding SmartBuoy data, PSB. Single pixel match-ups were con-
sidered, with differences in sampling time smaller than 10 min were
taken. Correlation analysis and ‘least squares cubic’ regressions
(York 1966), which take into account measurement uncertainties in
the data, are used. The least squares cubic regression is applied after
removal of outliers, identified by the MATLAB robustfit.m routine.
Correlation coefficients are given with their 95% confidence intervals,
obtained from bootstrapping. Details of these statistical procedures
are described in the Web appendix of Neukermans et al. (2012).

Several statistics are used to quantify agreement between SEVIRI
and SmartBuoys products. The Root-Mean-Square-Error (RMSE),
computed after removal of outliers:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n−2

Xn
k¼1

PSB−PÞ2
�vuut ð43Þ

and the 5th, 50th, and 95th percentiles of the relative absolute predic-
tion error, PE (computed from all observations):

PE ¼
P−PSB
			 			

PSB ð44Þ

and the relative bias:

bias ¼ P−PSB

PSB ð45Þ

2.7.3. Validation of SEVIRI product time series
Continuous and cloud free SEVIRI T and KPAR time series longer

than 4.5 h were compared against corresponding SmartBuoy time se-
ries. SmartBuoy time series were interpolated on the SEVIRI time grid.
A moving average filter with a span of 5 observations was applied
twice to the SEVIRI and Cefas time series and local maxima were
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identified using the findextrema.m MATLAB script of Deng (2009). In
the case of multiple local maxima for SEVIRI time series, only the
global maximum was retained. The timing of the global maximum
of the SEVIRI product, t(Pmax), was then compared against the
timing of the nearest maximum of the corresponding SmartBuoy
product, t(Pmax

SB ). Smoothed time series where the diurnal variability
of P detected by SEVIRI (Pmax−Pmin) was smaller than the daily
mean standard error on P were not considered. Also, time series
where the diurnal variability detected by the SmartBuoy was smaller
than a certain fraction of the maximum SmartBuoy data for a given
day were not considered. This fraction was arbitrarily set to 0.4 for T
and 0.2 for KPAR. The agreement in timing of the maximum between
SEVIRI and SmartBuoy time series of a product P is quantified by the
mean and standard deviation and the 5th, 50th, and 95th percentiles
of the timing bias,biast= t(Pmax)− t(Pmax

SB ), and the timing prediction
error, PEt=|t(Pmax)− t(Pmax

SB )|.

3. Results

3.1. HRV imagery

An example of the improvement in spatial resolution achieved by
the use of the HRV band is shown in Fig. 6 for turbidity on February
11, 2008 at 13:00 UTC.

3.2. Comparison of instantaneous SEVIRI-SmartBuoy observations

3.2.1. Turbidity observations
A total of 3068 SEVIRI-SmartBuoy T match-ups were observed at

TH1, WG, and D. Scatter plots of T vs. TSB are shown in Fig. 7(a). Ob-
servations with over 100% uncertainty on ρw0+(0.6) (obtained from
Eq. 37, see grey dots in Fig. 7(a) were removed, giving 2598 (=nv)
remaining observations. Least squares cubic regression was applied
to this dataset after removal of 51 (=nx) outliers. Equation and statis-
tics of the regression are shown in Table 4. A good correlation is ob-
served between T and TSB with correlation coefficient r=0.933±
0.006. On average, T is underestimated by SEVIRI by 14%, with a me-
dian prediction error of 29% and an RMSE of 5.8 FNU. In 80% of the
cases T is within 53% of TSB and in 95% of the cases within 80% (see
Table 4). For validation of the high spatial resolution T product, T⊗,
observations neighbouring cloud or low aerosol transmittance
(where to,v

a(0.6)b0.85) pixels were further removed (shown by grey
dots in Fig. 7(b)), giving 1412 remaining match-ups. The correlation
coefficient, regression equation, and RMSE found for T⊗ vs. TSB were
similar to the values found for the low spatial resolution T vs. TSB
Fig. 6. Turbidity on February 11, 2008 at 13:00 UTC for a subset of the SEVIRI southern Nort
(b) on the HRV grid with a spatial resolution of 1 km×2 km.
comparison. However, the scatter in the T⊗ vs. TSB plots is higher
with higher spread in the 5–95th percentiles of PE and bias and
higher median underestimation by SEVIRI of 20% (see Table 4).

3.2.2. PAR attenuation observations
A total of 1492 SEVIRI-SmartBuoy KPAR match-ups were observed

at TH1 and D. Scatter plots of KPAR vs. KPAR
SB are shown in Fig. 7(c). Ob-

servations with over 100% uncertainty on ρw0+(0.6) or quality flagged
PAR data (see Eq. (42)) are shown as grey dots in Fig. 7(c). These ob-
servations were removed from the dataset, giving 988 remaining
match-ups. Equation and statistics of the regression are shown in
Table 4. A good correlation is observed between KPAR and KPAR

SB with
correlation coefficient r=0.926±0.008. Overall, SEVIRI overesti-
mates KPAR by 9% on average, with a median prediction error of
18% and an RMSE of 0.34 m−1. In 80% of the cases KPAR is within
39% of KPAR

SB and in 95% of the cases within 81% (see Table 4). Analo-
gously to the validation of T⊗ , observations neighbouring cloud or
low aerosol transmittance pixels were further removed (shown by
grey dots in Fig. 7(d)), giving 424 remaining match-ups for KPAR,⊗.
The correlation coefficient, regression line, and prediction errors of
KPAR,⊗ vs. KPAR

SB are comparable to the values found the low spatial res-
olution product. The overestimation of KPAR by SEVIRI for the high res-
olution product decreased by 4% on average compared to the low
resolution product.

3.3. Validation of SEVIRI product time series

3.3.1. Time series of turbidity
A total of 105 continuous and cloud free SEVIRI/SmartBuoy T time

series longer than 4.5 h were found of which 49 satisfied the selection
criteria described in Section 2.7.3. A random selection of 12 time se-
ries of T derived from SEVIRI and the SmartBuoys are shown in
Figs. 8 and 9. The in situ data shows strong variability with a period
of about 6 h, typical of resuspension dynamics induced by a semi-
diurnal tide, but strong wind and wave action also affect advection
and resuspension of sediments from the bottom. Overall, the diurnal
variability of T detected by the SmartBuoys is picked up well by
SEVIRI, albeit with some exceptions (e.g. Fig. 9h,j). In general, the
high spatial resolution time series of SEVIRI are noisier than the low
resolution time series. For comparison, data availability from MODIS
Aqua, MODIS Terra, and MERIS ENVISAT is also indicated in Figs. 8
and 9, clearly showing the tremendous increase in data availability
that can be gained from a sensor in geostationary orbit.

Fig. 10 shows the comparison of the timing of maximum T derived
from the smoothed SEVIRI VIS06 time series (see big red dots in
h Sea scene on (a) the SEVIRI VIS06 grid with a spatial resolution of 3 km×6.5 km and
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Fig. 7. Scatter plots of SEVIRI vs. SmartBuoy turbidity (T) and light attenuation (KPAR) at TH1, WG, and D for the period 2008–2009 on the low (a, c) and the high (b, d) spatial res-
olution SEVIRI grids. Regression lines are shown in red (equations and statistics in Table 3), while the 1:1 line is shown in black. Quality flagged observations are shown in grey and
correspond to pixels where either the SEVIRI marine reflectances have over 100% uncertainty (a, b, c, d), or are in the proximity of cloud or low aerosol transmittance pixels (c, d), or
low quality PAR measurements (c, d). Error bars are plotted for 1% random observations and denote uncertainties on SmartBuoy and SEVIRI products expressed by Eq. 41 and
Eqs. 36 and 39, respectively. Regression outliers are labelled by white crosses.
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Figs. 8 and 9) against the timing of maximum T obtained from the
SmartBuoys for all available cloud free periods (n=49). In 75% of
the cases, the phase difference is less than one hour. On average,
the maximum SEVIRI T is reached 11 min before the maximum
SmartBuoy T, with a standard error of 1.46 h.

3.3.2. Time series of PAR attenuation
A total of 46 continuous and cloud free SEVIRI/SmartBuoy KPAR

time series at TH1 and D longer than 4.5 h were found of which 27
satisfied the selection criteria described in Section 2.7.3. Six randomly
selected time series are shown in Fig. 11. Approximately 6-hourly
variability is apparent for some time series, although other temporal
variability is also apparent. For comparison, data availability from
MODIS Aqua, MODIS Terra, and MERIS ENVISAT is also indicated in
Fig. 11. Fig. 12 shows the comparison of the timing of maximum
Table 4
Equation and statistics of the least squares cubic log–log regressions between SmartBuoy an
resolution grids. The total number of match-ups is given by ntot, of which nv passed the qu
removed as regression outliers. The correlation coefficient, r , with 95% confidence interval (r
The RMSE (units of P), and the 5th, 50th, and 95th percentiles of the prediction error (PE)

P ntot nv nx r Δr log 10P=a(±Δa)log 10

a Δa

T 3068 2598 51 0.933 0.006 0.822 0.009
T⊗ 3068 1412 72 0.922 0.009 0.812 0.012
KPAR 1492 988 16 0.926 0.008 0.846 0.014
KPAR,⊗ 1492 424 4 0.917 0.015 0.798 0.022
KPAR derived from the smoothed SEVIRI VIS06 time series (see big
red dots in Fig. 11) against the timing of maximum KPAR obtained
from the SmartBuoys for all available cloud free periods. In 80% of
the cases, the phase difference is less than one hour. On average,
the maximum SEVIRI KPAR is reached 23 min before the maximum
SmartBuoy KPAR, with a standard error of 1.27 h.

4. Discussion

Overall, good correspondence is found between the SEVIRI and
SmartBuoy products for both T and KPAR, but with considerable scatter
along the 1:1 line as shown in Fig. 7. There are several possible causes
for differences between SEVIRI and SmartBuoy data including: small
spatial scale variability (point vs. pixel comparison), uncertainties of
the SEVIRI atmospheric correction and digitization, design of the
d SEVIRI T and KPAR products obtained on the SEVIRI low and high (⊗ subscript) spatial
ality control criteria (see Sections 2.2.1 and 2.2.2 for details), and from which nx were
±Δr), slope, a, and offset , b, of the regression line are given with their standard errors.
and the bias are given.

PSB+b(±Δb) RMSE PE (%) Bias (%)

b Δb 5 50 95 5 50 95

0.148 0.010 5.795 3 29 80 −65 −14 77
0.126 0.013 5.340 3 32 93 −73 −20 82
0.047 0.003 0.342 2 18 81 −27 9 81
0.018 0.005 0.341 2 19 79 −35 5 79
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Fig. 8. Randomly selected original and smoothed time series of T obtained from SEVIRI and SmartBuoys. SEVIRI T data from the VIS06 and HRV bands with their uncertainty (see
Eq. (36)) are shown by the black and grey error bars, respectively. Temporally smoothed data series for VIS06 (O) and HRV (⊗) T products are shown in grey, with global (big red
dot) and local (small red dots) maxima. SmartBuoy T and its uncertainty is shown by the blue error bars, while the temporally smoothed data series is shown by blue circles with
local maxima highlighted in cyan. Grey vertical dotted lines represent data availability from MODIS Aqua/Terra and MERIS ENVISAT.
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SEVIRI retrieval algorithms for T and KPAR, and incommensurability
between in situ and remotely sensed products.
4.1. Limitations of the atmospheric correction and sensor digitization

The uncertainty estimate on SEVIRI marine reflectance combines
uncertainties due to the atmospheric correction assumptions and
SEVIRI digitization (see Eq. (33)). Digitization uncertainties are of
the order 0.004, as can be seen from Table 3 for a typical sun zenith
angle of 40°. This minimum uncertainty on the retrieved marine re-
flectance corresponds to a turbidity detection limit for SEVIRI of
T=0.9 FNU after Eq. 35. This explains the location of the majority of
the grey dots in Fig. 7(a). Comparison with TSB for these observations
is clearly problematic.

While the SEVIRI atmospheric correction in clear waters is limited
by the SEVIRI digitization uncertainty, the atmospheric correction is
expected to fail in very turbid waters, due to the non-linearity of
the VIS06:VIS08 marine reflectance ratio (assumption in Eq. (23))
for very high reflectance (see Fig. 5 in Neukermans et al., 2009).
This assumption is only valid for waters with ρw0+(0.8)b0.011 and
thus ρw0+(0.6)b0.062. The effect of this assumption on the atmospher-
ic correction for waters with higher marine reflectance can be under-
stood by studying the normalized bias of the marine reflectance
retrieved by SEVIRI (after Eq. (25) with ρa(0.8)=0.01 and simplifica-
tions γ=1= to,v

a(0.8)) from the in situ measured marine reflectance
ρw,m
0+(0.6):

NB ¼ ρ0þ 0:6ð Þ
w −ρ0þ 0:6ð Þ

w;m

ρ0þ 0:6ð Þ
w;m

Fig. 13 shows the relationship between NB and ρw,m
0+(0.6) for a typical

range of ε values. For ε=1.02, ρw0+(0.6) is underestimated by about 10%
for ρw0+(0.6)=0.08 (T=34 FNU), and by over 25% for larger reflec-
tances. This corresponds to an underestimation in T of 18% and 53%, re-
spectively. Taking account of sensor digitization and the limitations due
to the σ atmospheric correction assumption, SEVIRI's atmospheric cor-
rection is expected to perform optimally for 0.004bρw0+(0.6)b0.080,
which corresponds to an optimal T retrieval between 1and 35 FNU.
This may explain why the majority of the observations with TSB

above 35 FNU lie below the 1:1 line in Fig. 7(a).
Fig. 14 gives a map of the percentage of observations of ρw0+(0.6) in

2008–2009 that lie in the SEVIRI optimal range, i.e. between 0.004
and 0.08×0.9 (where the 0.9 factor accounts for the 10% underesti-
mation when ρw0+(0.6)=0.08 shown in Fig. 13). At TH1, 93% of the ob-
servations are in the optimal range, whereas at WG and D marine
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Fig. 9. Continuation of Fig. 8.

Fig. 10. Scatter plot of the timing of maximum turbidity derived from the SmartBuoys
(TH1, WG, and D) and SEVIRI for 49 cloud free time series. The 1:1 line (solid) and 1 h
offset lines (dashed) are shown in black. Labels refer to the time series shown in Fig.
8 and Fig. 9. The mean and standard deviation of the phase difference, median and
5th–95th percentile interval for prediction error and bias are also given.
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reflectance is optimally retrieved in 65% and 42% of the observations,
respectively.

It might be possible to push the upper retrieval limit further by re-
fining the algorithm to have a non-constant σ via an extra iterative
loop with σ calculated as a function of ρw0+(0.8). However, the issue
of non-constant σ in the atmospheric correction is mirrored by limi-
tations of the reflectance model underlying Eq. 35 near its high reflec-
tance asymptote. This “saturation” phenomenon (Bowers et al., 1998)
is ideally avoided for ocean colour sensors such as MERIS by using
longer wavelengths where pure water absorption is higher (Shen et
al., 2010). Unfortunately, for SEVIRI this is not an option due to its
low spectral resolution and high digitization/noise uncertainties.
SEVIRI's short wave infrared band (NIR1.6) has been considered pre-
viously for aerosol correction, but resulted in even higher atmospher-
ic correction uncertainties due to its very high digitization/noise (see
Appendix A of Neukermans et al., 2009).
4.2. Limitations of SEVIRI spatial resolution: pixel vs. point observations

Contrary to our expectations, the improved spatial resolution of
SEVIRI products did not improve correspondence with SmartBuoy
data. This could be caused by imperfect alignment of the SEVIRI
VIS06 and the HRV spatial grids (Seiz et al., 2007), by the spatial het-
erogeneity of aerosols within each VIS06 grid pixel, or by digitization/
noise effects for the HRV band. Removal of SEVIRI observations neigh-
bouring clouds or masked pixels (to,va(0.6)b0.85) strongly reduced the
scatter along the 1:1 line in Fig. 7(b,d).
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Fig. 12. Scatter plot of the timing of maximum PAR attenuation derived from the
SmartBuoys (TH1 and D) and SEVIRI during 27 cloud free periods. The 1:1 line
(solid) and 1 h offset lines (dashed) are shown in black. Labels refer to the time series
shown in Fig. 11. The mean and standard deviation of the phase difference, median and
5th–95th percentile interval for prediction error and bias are also given.

Fig. 13. Effect of the atmospheric correction assumption of constant σ on the retrieval of
ρw0+(0.6): normalized bias of ρw0+(0.6) obtained from SEVIRI from the true marine reflec-
tance for a typical range of ε values, with ρa(0.8)=0.01 and simplifications γ=1=to,v

a(0.8).
The dashed line demarcates the reflectance region where σ was calibrated.

Fig. 11. Six randomly selected original and smoothed time series of KPAR obtained from SEVIRI and SmartBuoys. SEVIRI KPAR data from the VIS06 and HRV bands with their uncertainty
(from Eq. (39)) are shown black and grey error bars, respectively. Temporally smoothed data series for VIS06 and HRV (⊗) KPAR products are shown in grey, with global (big red dot) and
local (small red dots) maxima. SmartBuoy KPAR and uncertainties (from Eq. (41)) are shown by the blue error bars, while the temporally smoothed data series are shown by blue circles
with local maxima highlighted in cyan. Grey vertical dotted lines represent data availability fromMODIS Aqua/Terra andMERIS ENVISAT. The yellow crosses indicate quality flagged KPAR

SmartBuoy data (from Eq. (42)).
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Fig. 14.Map of percentage of total SEVIRI observations in 2008–2009 where SEVIRI ma-
rine reflectance was in the optimal range, i.e. 0.004bρw0+(0.6)b0.072. Circles mark the
location of SmartBuoys at TH1 (blue), WG (green), and D (red). Data with less than
100 valid observations were masked.

577G. Neukermans et al. / Remote Sensing of Environment 124 (2012) 564–580
4.3. Limitations of the SEVIRI retrieval algorithms

Analogous to the assumption of constant [SPM]-specific particu-
late backscattering coefficient (=bbp:[SPM]) in the single band
[SPM] retrieval algorithm of Nechad et al. (2010), the T retrieval algo-
rithm (Nechad et al., 2009 in Eq. 35) is based on the assumption that
the T-specific backscattering coefficient (=bbp:T) is constant. Like bbp:
[SPM], bbp:T is relatively well constrained with variability of a factor 3
(see Appendix A and Neukermans et al., 2012). Variability in bbp:T is
best explained by variations in particle composition (see Appendix
A). Significant, but weaker, correlations with particle size and density
were also found, however. This implies that for a water mass of fixed
turbidity, changes in particle composition from mainly organic to
mainly inorganic will lead to a higher remotely sensed T. Particle
composition could vary on time scales of a few hours, for example
due to tidal resuspension of inorganic bottom sediments (Thompson
et al., 2011).

The KPAR retrieval algorithm is based on the optical model of
Devlin et al. (2008), identifying suspended particles as the main
source of light attenuation (KPAR is proportional to [SPM], see Eq.
37). This one parameter model was found by Devlin et al. (2008) to
represent most of the variability in KPAR that was measured at a vari-
ety of North Sea stations and gives good performance here for the
more turbid waters. It is ideally suited to the limited spectral resolu-
tion of the SEVIRI sensor which is essentially limited to the retrieval of
[SPM] (and covarying parameters) only. See also Stumpf et al. (1999)
for a study with the spectrally similar polar-orbiting AVHRR sensor.
Expressing KPAR as a linear function of [SPM] is clearly a gross simpli-
fication because KPAR can be affected by variability of many factors in-
cluding: concentration of coloured dissolved organic matter (CDOM,
Kratzer & Tett, 2009) , phytoplankton (expressed via Chl a concentra-
tion), size, shape and composition of suspended particles, the average
cosine of downwelling irradiance (or sun zenith angle), the spectral
composition of incident irradiance, and the invalidity of the Lambert–
Beer “law” (Gordon, 1989). Any of the first three factors could explain
the apparent difference in performance of the SEVIRI KPAR product
during clear water periods at TH1 (SEVIRI underestimates) and D
(SEVIRI overestimates). The single parameter KPAR model is expected
to perform poorly in clearer waters with varying concentrations of
CDOM and Chl a, because their contribution is represented by a con-
stant offset (see Eq. 37). In the North Sea, CDOM has a mainly
terrestrial origin (Foden et al., 2008) and decreases with salinity
(e.g., Astoreca et al., 2009). Salinity data recorded by the SmartBuoys
in 2008–2009 give average values of 34.14±0.68 PSU and 34.54±
0.17 PSU at TH1 and D, respectively, which corresponds to observa-
tions in Fig. 7(c,d) of higher KPAR at TH1 than at D in clear waters. It
is, however, beyond the scope of this paper and beyond the scope of
the SEVIRI sensor to resolve the question of CDOM impact on KPAR, al-
though improvement of the SEVIRI KPAR model might be achievable
by integrating lower frequency information on CDOM and phyto-
plankton (or euphotic depth) from suitably designed polar-orbiting
ocean colour sensors such as MODIS or MERIS.

4.4. Incommensurability between in situ and remotely sensed products

4.4.1. Remotely sensed vs. in situ T
The T retrieval algorithm in Eq. 35 is calibrated using in situ mea-

surements of marine reflectance and measurements of side scattering
(90° scattering angle) at a wavelength of 860 nm (Hach 2100P turbid-
ity meter), whereas the SmartBuoy T is measured with a Seapoint tur-
bidity meter, which records particulate scattering at a wavelength of
880 nm between 15° and 150°. Both instruments are calibrated with
Formazine suspensions and give output relative to Formazine in
FNU. Despite both turbidity instruments being calibrated with stan-
dard Formazine suspensions, their response in natural waters will
be different because of their different angular configuration (Roesler
& Boss, 2007). The wide solid angle of the Seapoint turbidity meter
also includes forward scattering and increases the instrument's sensi-
tivity to particle size compared to instruments with narrow solid an-
gles in the back direction such as the Hach 2100P turbidimeter or
D&A Tech optical backscatter instruments (OBS-3, FOBS-7, see
Downing, 2006 for a comprehensive overview of instrument specifi-
cations and sensitivity to bulk particle characteristics). A factor 2 var-
iability between SEVIRI T (which is proportional to the particulate
backscattering coefficient, bbp, in the linear regime of the SEVIRI T re-
trieval algorithm) and Seapoint T was found (Neukermans, 2012)
using in situ measurements of the volume scattering function with
the WET Labs MASCOT instrument (Sullivan & Twardowski, 2009;
Twardowski et al., 2012). This variability is caused by changes in par-
ticle size, shape, and composition, which are known to occur on time
scales of a few hours (Verney et al., 2011).

4.4.2. Remotely sensed vs. in situ KPAR

Differences between remotely sensed KPAR and in situ KPAR can be
caused by differences in the thickness and depth of the water layer
considered for deriving KPAR. The SmartBuoy KPAR is obtained from
PAR measurements at 1 m and 2 m depth, while the thickness of the
remotely sensed layer varies with water clarity and with the wave-
length of the light considered. For a vertically homogenous water col-
umn, approximately 90% of the marine reflectance at a given
wavelength is derived from a layer between the surface and depth
Kd
−1 (Gordon & McCluney, 1975). From inversion of SmartBuoy KPAR,

this results in KPAR remote sensing contributions of a layer of water
of 3 m±1 m deep at D and of 1.1 m±1.0 m at TH1, on average. Al-
though KPAR may be depth dependent (Lee, 2009), an average PAR at-
tenuation coefficient, �KPAR, is usually derived from a water layer
extending from the surface down to the euphotic depth, where PAR
has dropped to 1% of its surface value (Kirk, 1996, 2003; Morel,
1988). Therefore, the SEVIRI derived KPAR represents the mean PAR
attenuation in the euphotic zone.

4.5. Perspectives for the design of future geostationary sensors and syner-
gy with polar-orbiting sensors

It is shown here that the SEVIRI sensor can be used to estimate T
and KPAR in the turbid waters of the southern North Sea and their
tidal variability for the first time from space. However, this meteoro-
logical sensor was not designed for ocean remote sensing and hence
its ocean application has a number of limitations, as shown in this
study. Future geostationary ocean colour sensors should have (i) bet-
ter spectral resolution, e.g. 5–8 visible/near infrared bands for open
ocean chlorophyll retrieval and more for applications in coastal
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Fig. 15. (a) Relationship between the particulate backscattering coefficient, bbp (λ=650 nm), and turbidity in clear (case 1) and turbid (case 2) waters. The regression line with its
90% confidence bounds in log–log scale and statistics are shown (MPE=median PE). (b) Variability of T-specific bbp as a function of particle composition. The fitted regression and
statistics can be found in Table 5. See also Neukermans et al. (2012) for details on in situ measurements and data treatment.
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waters (IOCCG, 2000), instead of two for SEVIRI (VIS06 and VIS08),
(ii) finer digitization and better signal to noise ratio for observation
of dark targets like the ocean, and (iii) higher spatial resolution, pos-
sibly by the use of mixed resolution broad/narrow bands (mimicked
here by the VIS06/HRV combination).

For Chl a estimation, the atmospheric correction for blue bands
will be particularly difficult, especially for the high air masses en-
countered at high latitudes by geostationary remote sensing. The
use of a geosynchronous orbit (IOCCG, 2012) may mitigate this slight-
ly but at the cost of a varying viewing geometry.

While the current paper demonstrates remote sensing of tidal var-
iability associated with [SPM], many other high frequency processes
become potentially amenable to remote sensing by a geostationary
ocean colour sensor, including diurnal variability of photosynthetic
processes, bidirectionality of aerosol or hydrosol particulate scatter-
ing (via sun variation in day, for stable conditions), diurnal migration
of certain algal species, etc (IOCCG, 2012). These new processes add
to the obvious practical advantage of better coverage from high tem-
poral frequency data in regions or periods of scattered clouds. Finally,
it is probable that entirely newways will be found to process high fre-
quency ocean colour data, where the current pixel-by-pixel approach
may be supplemented by consideration of temporal coherency of data
in analogy to approaches already explored in atmospheric remote
sensing (Kaufman et al., 1997).

The synergy between polar-orbiting and geostationary sensors
still needs to be investigated with the aim of exploiting the advan-
tages of each orbit: the higher spatial resolution and better atmo-
spheric correction of polar-orbiters, especially for high latitudes and
the higher frequency of geostationary-orbiters. In the context of the
current paper, a potential synergy would be to use background
information on CDOM and [Chl a] and higher spatial resolution
Table 5
Correlations and regression analysis of turbidity-specific backscattering vs. mean particle d
(i.e., p>0.05), no is the number of observations, nx is the number of outliers removed as de

x Case no nx

ρa
(kg L−1)

1 35 0
2 72 2
1+2 107 3

DA

(μm)
1 35 0
2 72 3
1+2 107 4

POC:
(POC+PIC)

1 17 0
2 30 1
1+2 47 1

⁎ pb0.001.
information on [SPM] from polar-orbiters, modulated by the high fre-
quency variability of [SPM] observed here by SEVIRI. This could fur-
ther be combined with a geostatistical cloud-filling and outlier
detection approach, similar to that of (Sirjacobs et al., 2011), to give
unprecedented details of spatio-temporal variability of PAR attenua-
tion for the forcing of ecosystem models.

5. Conclusion

This study successfully extended the methodology developed by
Neukermans et al. (2009) for mapping of suspended matter in the
southern North Sea from the SEVIRI sensor to the mapping of turbid-
ity, T, and vertical attenuation, KPAR, of photosynthetically active radi-
ation (PAR). Based on numerous match-ups from a two year archive
of SEVIRI imagery and half-hourly T and KPAR data from a system of
moored buoys (SmartBuoys), good correspondence was found, with
80% of SEVIRI derived T and KPAR being within 53% and 39% of
SmartBuoy T and KPAR, respectively. The previous atmospheric correc-
tion was improved and the uncertainties on marine reflectance due to
digitization were considered. Also, the spatial resolution of the SEVIRI
products is improved from 3 km×6.5 km to 1 km×2 km, becoming
comparable to the spatial resolution of the polar-orbiting MODIS
ocean colour satellite. During cloud free periods diurnal variability
of T and KPAR is detected by SEVIRI and comparison with SmartBuoy
time series shows that the signals are in phase with an average differ-
ence in the timing of the maximum T and KPAR of 11 min and 23 min,
respectively. This diurnal variability is now detected from remote
sensing for the first time, offering new opportunities for improving
ecosystem models and monitoring of turbidity.

The limitations of the methodology have also been clearly identi-
fied and include: the limited spectral resolution of SEVIRI, the limited
iameter (DA), mean apparent density (ρa), and particle composition. ns: not significant
scribed in Neukermans et al. (2012).

r Equation (units: m−1 FNU−1), RMSE, MPE (%)

0.43±0.34 –

ns –

0.27±0.17⁎ 0.013(±0.002) x+0.0052(±0.0005),0.0029,19
ns –

0.59±0.17⁎ 0.00006(±0.00002) x+0.0075(±0.0004),0.0019,11
0.32±0.17⁎ 0.00004(±0.00002) x+0.0077(±0.0004),0.0023,15
ns –

−0.52±0.22⁎ −0.007(±0.002) x+0.013(±0.001),0.0017,12
−0.57±0.17⁎ −0.006(±0.001) x+0.012(±0.001),0.0019,14
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digitization of SEVIRI, limitations in usage of the HRV band, the use of
a single parameter model for KPAR as well as different definitions for
the remotely sensed T and KPAR products and the in situ measure-
ments used to validate them. In fact, when considering all these diffi-
culties it is perhaps surprising that any useful marine information at
all can be retrieved from a meteorological sensor designed to look
at clouds, a much brighter target. However, the information on tidal
variability of T and KPAR presented here is clearly a significant im-
provement on the aliased information that is provided by MODIS
and MERIS and that is already being used in both monitoring and
modelling applications. The present study provides a glimpse of
what will become possible when dedicated geostationary ocean col-
our sensors become operational and provides some first hints on
the methodological challenges and opportunities that they will raise.
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Appendix A. Variability of turbidity-specific backscattering

The single band retrieval algorithms for T (Nechad et al., 2009) and
SPM (Nechad et al., 2010) are based on the assumption that T- and
SPM-specific particulate backscattering coefficients (bbp), respectively,
are constant. In analogy with the study of natural variability of SPM-
specific backscattering of Neukermans et al. (2012), the variability of
T-specific particulate backscattering (=bbp:T) is investigated using
the same dataset and methodology. Fig. 15(a) shows a scatter plot of
all available in situ T and bbp data (n=251). T and bbp are well correlat-
ed with a correlation coefficient of 0.987±0.004 and the fitted log–log
regression has a median prediction error (MPE) of 16%. Results of the
correlation and regression analysis of bbp:T vs. mean particle diameter
(DA), mean apparent density (ρa), and particle composition on the
same data subset as in Neukermans et al. (2012) are shown in
Table 5. The median bbp to T ratio is 0.0089, with 90% of the ratios be-
tween 0.0045 and 0.0135 m−1 FNU−1, giving variability in bbp:T of a
factor 3. A similarly small range of variability in bbp:SPM was found
(a factor 3–4). For pooled clear (case 1) and turbid (case 2) waters, sta-
tistically significant correlations are found between bbp:T and ρa, DA ,
and particle composition (expressed as the ratio of particulate organic
carbon concentration, POC, to total carbon concentration, POC+PIC).
The highest amount of variability (32%) is explained by the latter,
with inorganic particles having bbp:T coefficients that are about 2
times higher than for organic particles (see Fig. 15(b)).
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