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Abstract: Climate change has affected the Arctic Ocean (AO) and its marginal seas significantly. The
reduction of sea ice in the Arctic region has altered the magnitude of photosynthetically available
radiation (PAR) entering the water column, impacting primary productivity. Increasing cloudiness in
the atmosphere and rising turbidity in the coastal waters of the Arctic region are considered as the
major factors that counteract the effect of reduced sea ice on underwater PAR. Additionally, extreme
solar zenith angles and sea-ice cover in the AO increase the complexity of retrieving PAR. In this
study, a PAR algorithm based on radiative transfer in the atmosphere and satellite observations
is implemented to evaluate the effect of these factors on PAR in the coastal AO. To improve the
performance of the algorithm, a flag is defined to identify pixels containing open-water, sea-ice or
cloud. The use of flag enabled selective application of algorithms to compute the input parameters for
the PAR algorithm. The PAR algorithm is validated using in situ measurements from various coastal
sites in the Arctic and sub-Arctic seas. The algorithm estimated daily integrated PAR above the sea
surface with an uncertainty of 19% in summer. The uncertainty increased to 24% when the algorithm
was applied year-round. The PAR values at the seafloor were estimated with an uncertainty of 76%,
with 36% of the samples under sea ice and/or cloud cover. The robust performance of the PAR
algorithm in the pan-Arctic region throughout the year will help to effectively study the temporal
and spatial variability of PAR in the Arctic coastal waters. The calculated PAR data are used to
quantify the changing trend in PAR at the seafloor in the coastal AO with depth < 100 m using
MODIS-Aqua data from 2003 to 2020. The general trends calculated using the pixels with average
PAR > 0.415 mol m−2 day−1 at the seafloor during summer indicate that the annual average of PAR
entering the water column in the coastal AO between 2003 and 2020 increased by 23%. Concurrently,
due to increased turbidity, the attenuation in the water column increased by 22%. The surge in
incident PAR in the water column due to retreating sea ice first led to increased PAR observed at
the seafloor (∼12% between 2003 and 2014). However, in the last decade, the rapid increase in light
attenuation of the water column has restricted the increase in average annual PAR reaching the
bottom in the coastal AO.

Keywords: photosynthetically available radiation; ocean colour remote sensing; climate change;
Arctic Ocean; primary production; turbidity

1. Introduction

In recent decades, the sea-ice cover in the Arctic Ocean (AO) has significantly declined
in extent, thickness, and volume [1]. The lack of sea ice affects flora and fauna [2] and
the traditional means of transportation and subsistence for coastal communities [3]. Light
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availability in the water column has changed significantly, with seasonal climatic oscilla-
tions affecting the growth of primary producers [4–6]. The light utilized by autotrophs for
photosynthesis lies within the spectral range of 400 to 700 nm, called Photosynthetically
Available Radiation (PAR) [7]. PAR acts as a critical indicator for predicting the health and
production of autotrophs and the evolution of the marine ecosystem. Accurately estimating
PAR availability has important implications in estimating the primary production, carbon
budget, ocean acidification, water quality and heat budget in the water column [8–13].

The reduction in sea-ice thickness and spatial extent of the sea-ice cover has resulted in
the increased magnitude of daily PAR entering the water surface in the AO [14–16]. Still, the
lack of light availability due to long nights in winters, and sea-ice cover in the Arctic region
makes PAR an essential environmental parameter of the Arctic ecosystem. Furthermore,
increasing cloudiness and water turbidity due to increased coastal erosion and permafrost
melting can counteract the increase in PAR and may lead to negative trends of PAR at
local scale [14,17,18]. These factors affect the magnitude of light reaching the seafloor in
the coastal AO, impacting the growth of macrophytes, especially kelp [19]. Macrophytes
are key contributors to coastal primary production in the AO, provide important habitat,
food sources and nursery for many animals (invertebrates, fish and sea birds) and are
potential exporters of carbon to the deep ocean [20]. Increasing light in the water column
due to sea-ice retreat and the contrasting role of increasing coastal turbidity has been
suggested to counteract the increase in macrophytes [21]. Nevertheless, PAR is expected
to increase in coastal waters, favouring the net growth of macrophytes along many Arctic
coastlines [22–24].

In a previous study, Bélanger et al. [14] observed a 3% decrease in daily PAR reach-
ing the ocean surface in the pan-Arctic region between 1998 and 2009 due to increasing
cloudiness. Recently, Laliberté et al. [25] reported a similar decline in PAR reaching the
ocean surface with a 2.3% reduction between 2000 and 2016. Yet, the PAR penetrating
the sea surface in the Arctic region has increased significantly due to the shrinking of the
sea-ice cover [6,14,16,26]. Meanwhile, melting ice over the land, glaciers, and rivers brings
a substantial amount of sediments and dissolved organic matter to the littoral zone. This
increase in terrestrial input combined with increased wind-induced sediment re-suspension
over the ice-free coastal AO have increased the turbidity in coastal water, thereby limiting
primary production [19]. Conversely, the increased light and nutrients from the riverine
discharge resulted in a steady increase in primary production, particularly in the interior
shelves of the AO [6]. Therefore, quantifying the variability in PAR can help understand
the impacts of global warming on primary production and health of the coastal ecosystems.

Monitoring the AO is difficult due to lack of accessibility and expensive/labour-
extensive field programs; thus, remote sensing can play an important role. Earth Obser-
vation (EO) satellites provide a synoptic view of the general spatial and temporal trends
of PAR at the global [27], and regional scales [14,25]. Nevertheless, the dynamic climate
variables at high latitude (such as winds, clouds, and sea-ice cover) coupled with higher
solar zenith angle increases the complexity of PAR retrieval using remote sensing data [28].
The standard algorithm used by NASA Ocean Biology Processing Group (OBPG) (here-
after, OBPG algorithm) to calculate PAR just above the sea surface (PAR(0+)) from satellite
data [29,30] performs well with uncertainty less than 20% in daily PAR(0+) [31]. However,
it has limited application in the ice-covered polar waters as this algorithm is not designed
to work in the presence of sea ice [32,33]. Besides incoming PAR, PAR reaching the seafloor
(PAR(zb)) can also be estimated from satellite observations using water column attenuation
parameterization. Gattuso et al. [34] used the OBPG algorithm to estimate PAR at the
ocean surface and Morel [35] to calculate downwelling diffused attenuation coefficient
for PAR (KPAR

d ) to make the first assessment of PAR(zb) at the global scale, including in
the Arctic shelves. This PAR(zb) estimation by Gattuso et al. [34] was upgraded with
higher spatial resolution bathymetry and better KPAR

d by Gattuso et al. [36]. However, KPAR
d

used in these studies is based on Chlorophyll-a concentration (CChl−a), and the accuracy
of CChl−a retrieval from remote sensing in coastal waters remains uncertain, as reported
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by Antoine et al. [37] in the Beaufort Sea. Therefore, more accurate surface PAR and KPAR
d

are essential for a better estimate of PAR(zb) in coastal Arctic waters.
Beside bathymetry, the other major components essential for the calculation of PAR

reaching the seafloor are (1) PAR calculated just below the sea surface (PAR(0−)) and (2)
KPAR

d to compute the attenuation of PAR(0−) in the water column. However, in polar
waters covered with sea ice, sea-ice cover and transmittance also play an important role
in the computation of underwater PAR. In general, the satellite-derived PAR is calculated
just above the sea surface (PAR(0+)). The major factor affecting the incident PAR(0+) is
the atmospheric transmission of light in the visible bands. Therefore, the magnitude of
incident PAR(0+) is mainly governed by the scattering and absorption by the atmospheric
gases (such as N2, O2 and O3), aerosols, clouds, surface albedo, and the direction of
the incident light (represented by solar zenith angle, θ0) [27]. At higher θ0, a significant
amount of light gets specularly reflected from the sea surface [38] leading to significantly
lower PAR(0−) compared to PAR(0+). Therefore, it is essential to implement specialized
methods to accurately estimate PAR(0−). Considering these necessities, Bélanger et al. [14]
employed the Santa Barbara DISORT Atmospheric Radiative Transfer (SBDART) model [39]
to estimate PAR(0+) and PAR(0−) at extreme solar zenith angles under changing climate
variables (such as clouds, ozone layer, sea-ice cover). Laliberté et al. [32] (hereafter, LBF2016
algorithm) upgraded this algorithm by including the variability of mean surface albedo
in the spectral range of PAR (αs), increasing the accuracy of the PAR algorithm in the
presence of sea ice. The cloud and ozone parameters used as input for these studies
were provided by the International Satellite Cloud Climatology Project (ISCCP) at very
low spatial resolution (280 km) [40]. Given that ISCCP data stopped in 2009, the coarse
resolution of this dataset and the requirement for a continuous climate-compatible time
series (i.e., free of sensor artifact), most of the input parameters were derived using a
single sensor, i.e., the Moderate Resolution Imaging Spectroradiometer (MODIS) onboard
Aqua (2002-present). The second essential parameter, KPAR

d , can be estimated using the
downwelling diffused attenuation coefficient at 490 nm (Kd(490 nm)) [41], and Lee et al. [42]
can be used to calculate Kd at a wavelength (λ) using satellite data with reasonable accuracy,
even in the Arctic region [43]. Estimation of Kd(λ) in coastal waters from satellite data
remains challenging due to increased uncertainty in the atmospheric correction of ocean
colour data [28,44].

The main goal of this study was to upgrade and validate the LBF2016 model to assess
daily PAR entering the water column and reaching the seafloor. Although the model can be
used to evaluate primary production in the water column, here we focused on PAR received
by the benthic component of the marine ecosystem, which has received less attention than
the water column over the last decade [6,14,45,46], but is expected to play a major role
along the Arctic coast in response to climate change [20,22]. The radiative transfer model
to estimate daily integral PAR at the sea surface (especially PAR(0−)) is efficient while
considering the merits and limitations of satellite-based retrieval of PAR in the sea-ice
covered coastal waters of the AO. Therefore, in the present study, two look-up tables (LUTs)
with solar zenith angle (θ0), ozone optical thickness (τoz), cloud optical thickness (τc) and
mean surface albedo in the spectral range of PAR (αs) as variables are computed using
the SBDART model as described by LBF2016 for PAR(0+) and PAR(0−). Then different
methods are applied to either compute or retrieve the four input parameters for these
LUTs from various satellite sources. The efficacy of the other important component for
PAR(zb) estimation, Kd(λ), can be improved significantly by using atmospheric correction
especially designed for coastal waters. Therefore, the spectral shape parameter (SSP)
based atmospheric correction method [47] is used to derive the aerosol optical thickness
(τa) and remote-sensing reflectance used as input for the Kd model of Lee et al. [42].
The estimation/retrieval of input parameters for the LUTs from satellite data using SSP
atmospheric correction algorithm [47], which is designed especially for coastal water
applications, and more accurate computation of Kd(λ) using Lee et al. [42] increases the
robustness of the algorithm substantially. To assess the performance of the PAR algorithm,
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long-term in situ data from stations/moorings at the surface and seafloor from different
coastal regions in the AO are used. Additionally, the result from the present study is
compared with the PAR(zb) estimated by Gattuso et al. [36], and a general trend of PAR(zb)
between 2003 and 2020 in the pan-Arctic domain is computed for the coastal waters of
the AO.

In the next section (Section 2), we provide the details of the satellite and in situ data
used for the validation of the PAR model. Section 3 deals with the details of the method used
to compute PAR values at surface and bottom. As stated above, the present study employed
the LUTs derived from the SBDART model to compute PAR(0+) and PAR(0−). To increase
the robustness of the model, the input parameters (θ0, τoz, τc and αs) for the LUTs are
also computed using the full-resolution MODIS-Aqua data (Level 1A; Top of atmosphere
radiance). This section also includes the assumptions and methods used to compute the
input parameters. Section 4 contains the evaluation of the method, demonstrating the
effectiveness of the assumptions made to compute input parameters in Section 3. A brief
description of the pan-Arctic trends in PAR in recent decades is also presented in this
section as an example of application of the method. Finally, a summary of the results and
conclusion is given in the last section (Section 5) of the article.

2. Satellite and In Situ Data

2.1. Satellite Data

Algorithms based on ocean colour data from space-borne sensors can help estimate
PAR(0+) with good accuracy and provide synoptic coverage of the AO with high temporal
resolution. However, the gaps in satellite observations can degrade the quality of standard
satellite-derived daily PAR [25,27,32]. Multiple overpasses of polar-orbiting satellites
over the Arctic region within a day can fill the gaps in the observations and reduce the
uncertainty in the estimation of PAR due to variation of clouds [25]. Therefore, the MODIS-
Aqua data are used in the present study to calculate PAR at surface (PAR(0+) and PAR(0−)
and used satellite derived KPAR

d to compute PAR(zb). MODIS-Aqua has a wide swath
(2330 km) with a moderate spatial resolution of 1 km at nadir, providing continuous
coverage of PAR for the pan-Arctic region. Moreover, the surface PAR estimated using
MODIS-Aqua data has low uncertainty over large timescales [30].

The MODIS-Aqua L1A data were downloaded from the NASA Ocean Biology Dis-
tributed Active Archive Center (OBDAAC, oceancolor.gsfc.nasa.gov, 16 September 2020).
The L1A images were processed in SeaDAS v7.5 by implementing the SSP aerosol correction
algorithm of Singh et al. [47] to calculate atmospheric and oceanic parameters (such as
aerosol optical thickness (τa(λ)) and surface reflectance (ρs(λ))) required for the estimation
of PAR at surface and seafloor and Kd(λ). MODIS data are also used to compute τc and αs.
The near real-time sea-ice concentration (Cice) was processed using the NASA Team algo-
rithm [48] at 25 km × 25 km spatial resolution. This processed Cice was acquired from the
National Snow and Ice Data Center (NSIDC) [49,50] via NASA OBDAAC and re-sampled
corresponding to the spatial resolution of MODIS-Aqua. Daily τoz was obtained from
Earth Probe (EP) Total Ozone Mapping Spectrometer (TOMS) [51] at 1.0◦× 1.25◦ spatial
resolution and the Ozone Monitoring Instrument (OMI onboard Aura) [52] at 1.0◦× 1.0◦

spatial resolution through NASA OBDAAC (Figure 1). Finally, ETOPO1 [53] was used for
bathymetry as it matches the spatial resolution of MODIS-Aqua (Figure 2).
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Table 1. Details of the in situ data used to validate PAR.

Region Name
Latitude

(◦N)
Longitude

(◦E)
Measurement

Depth (m)

Period
Source

From To

James Bay
C33-JB 53.746 −79.121 0+ 28 June 2019 23 August 2019 UQAR
V31-JB 52.360 −78.614 0+ 3 July 2019 20 August 2019

Isfjorden
ISA 78.223 15.652 0+ 19 February 2019 16 August 2020 UNIS
IAF 78.233 15.689 1.2 17 June 2020 4 October 2020

Stefansson Sound

Endeavor 70.353 −147.961 0+ 26 July 2002 9 August 2006

[54]

MPI 70.353 −147.961 0+ 26 July 2007 13 July 2018

DS11 70.322 −147.578 6.1 25 July 2004 14 July 2018

E1 70.314 −147.732 4.4 25 July 2004 14 July 2018

E2 70.318 −147.715 4.3 22 July 2005 3 August 2006

L1 70.289 −147.613 5.5 31 August 2014 14 July 2018

W1 70.370 −147.873 6.0 27 August 2014 8 September 2014

W2 70.370 −147.859 6.2 22 July 2005 9 August 2006

W3 70.376 −147.794 6.6 30 July 2016 16 September 2017

UQAR = Université du Québec à Rimouski, UNIS = University Center in Svalbard.

It is difficult to install and maintain stations/moorings in the Arctic region, and hence,
data from some stations were collected during summer only. These include the data from
two stations (C33-JB and V31-JB) installed on small islands (50–100 m wide) in James Bay
(located in the south of Hudson Bay in Canada) and one station (Endeavor) installed in the
Stefansson Sound situated in the Beaufort Sea at the northern coast of Alaska, USA. These
stations are located in the sub-Arctic (James Bay, latitude ∼53◦N) and the Arctic (latitude
∼70◦N) and cover two distinct periods (Table 1 and Figure 2).

Furthermore, there were two stations, MPI (in Stefansson Sound) and ISA on the
roof of the University Center in Svalbard (UNIS) (Longyearbyen, Svalbard), that have
recorded PAR(0+) throughout the year. The station at UNIS (ISA) is located on land, but the
algorithm used in the present study is developed for marine applications. The significant
difference in the surface albedo of land when compared with water would lead to higher
uncertainty in the estimation of PAR at land. Besides, potential adjacency and multiple
scattering effects between the surface and the lower atmosphere in the presence of brighter
land surface could yield higher PAR values if compared to PAR estimated over a water
surface [32].

Seven moorings deployed underwater (almost near the seafloor) in the Stefansson
Sound, and one PAR sensor (IAF) deployed at 1.2 m depth (the total depth of the statiion is
13 m) close to the innermost river catchment area of Adventfjorden were used to validate
the satellite-derived PAR(zb).

Sensitivity of In Situ Sensors

The PAR sensors used in the present study are manufactured by different companies
and have different sensitivities. Moreover, they are deployed in extreme environmental
conditions affecting the accuracy of these sensors. The PAR sensors are deployed in cold
environments for long periods of time with varying amounts of sunlight ranging from
minimum (∼zero) during the polar night and maximum during the polar day. According
to the manufacturer, the sensors have an uncertainty of ±5% along with a temperature-
induced uncertainty of ±0.15% per ◦C to the in situ PAR recorded by LICOR LI-193 and
LICOR SPQA-193 sensors at all the sites except ISA. At ISA, HOBO S-LIA-M003 records in
situ PAR with an uncertainty of ±5%. However, this PAR sensor has a significantly higher
drift of ±0.75 µmol m−2 s−1 ◦C−1 at 25 ◦C due to a change in temperature.
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The uncertainty in PAR recorded by these sensors in good light conditions is ≤5%,
fulfilling the uncertainty requirements defined for field measurement of radiometric quan-
tities by IOCCG [55]. However, during the low light conditions in winter, and when the
temperature reaches well below 0 ◦C the PAR values recorded by these in situ sensors
drifts significantly from the actual value. The uncertainty in the PAR recorded from LICOR
sensors increase by another ±0.15% per ◦C relative to sensor calibration (25 ◦C), yielding
an uncertainty of ±8.75% at 0 ◦C [56]. At the same time, the in situ PAR recorded by
HOBO S-LIA-M003 can deviate by ±18.75 µmol m−2 s−1 at 0 ◦C adding to the standard
uncertainty of ±5%. Therefore, it is essential to consider the effect of sensitivity of the PAR
sensors deployed in low light and cold conditions (especially, MPI and ISA) on validation
of the PAR values computed in the present study.

Due to the variation in the sensitivity of these sensors with respect to temperature and
illumination conditions, the data from all these sensors may have a bias. The PAR sensors
deployed at ISA and MPI collected data throughout the year, including low light conditions
leading to polar night. These sensors also recorded PAR at sub-zero air temperatures,
which would have increased the uncertainty in the PAR values recorded in these conditions.
The uncertainty and bias vary for every in situ sensor. If the data from all sensors is used
altogether to validate the model output, then the uncertainty in the in situ observations
and the uncertainty of the model observations could not be resolved efficiently. Therefore,
the data from these sensors were used separately for validation to avoid misrepresentation
of uncertainty and bias of the in situ instrument with model uncertainty.

The data from PAR sensors are grouped in four different categories based on the
deployment illumination conditions and temperature range. The four groups are (1) PAR
sensors deployed during summer (C33-JB, V31-JB and Endeavor), (2) PAR sensor deployed
at Stefansson Sound (MPI) throughout the year, (3) PAR sensor installed at Isfjorden (ISA)
collecting PAR continuously for more than one year, and (4) the underwater moorings
deployed in summer at the Stefansson Sound and Adventfjorden (IAF).

3. The PAR Algorithm

The LUTs used to calculate PAR were computed using the SBDART model as de-
tailed in LBF2016. These LUTs are based on the variation in (1) Solar zenith angle (θ0)
denoting the direction of the incident PAR, (2) Ozone optical thickness (τoz) represent-
ing the absorption of PAR by O3 gas, (3) Cloud optical thickness (τc) quantifying the
effect of clouds on PAR reaching the surface, and (4) Mean surface albedo in the spec-
tral range of PAR (αs) denoting the fraction of PAR reflected by the surface. As stated
earlier, Bélanger et al. [14] and LBF2016 used τc provided by ISCCP. Surface albedo, αs,
was assumed constant by Bélanger et al. [14], whereas LBF2016 (their Equation (2); and
Equation (4) below) took a value that depended on sea-ice concentration (Cice) derived from
passive microwave and the ice albedo for different phases of sea ice from Perovich et al. [57]
(see also Laliberté et al. [25]). The present study aims to calculate τc and αs for each pixel at
a much finer spatial resolution than in previous works, which had a spatial resolution of
280 km and 25 km for τc and αs, respectively. Therefore, both τc and αs are now retrieved
from MODIS data directly. To do so, we defined a flag ( fWIC) to identify pixels containing
water, sea ice or cloud and treated them accordingly. fWIC marks the MODIS pixels either
as water, sea ice or cloud (fractional cloud or sea-ice cover is assumed to be unity). The
detailed descriptions for estimation of fWIC, αs, τc and PAR are described below.

3.1. Water, Ice, or Cloud Flag ( fWIC)

The sea ice, snow and clouds are white surfaces with similar spectral features in the
visible bands. Therefore, it is necessary to segregate sea ice or snow (hereafter referred
to as sea ice for simplicity) from cloud pixels to avoid miscalculation of atmospheric and
surface parameters. The water, sea ice or cloud flag ( fWIC) marks the pixel containing water
and differentiates between thick clouds and sea ice. However, at 1 km spatial resolution,
fWIC will flag the pixel based on the dominant constituent in the pixel. For example, if the
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The normalised difference indices (N ) are calculated using (λg, λb) and (λn, λs) to
capture the difference in the spectra more effectively.

Ngb =
ρs(λg)− ρs(λb)

ρs(λg) + ρs(λb)
(1)

Nns =
ρs(λn)− ρs(λs)

ρs(λn) + ρs(λs)
(2)

Finally, the shortwave-infrared (SWIR) band and near-infrared (NIR) bands are used
to distinguish sea ice and clouds. The clouds have significantly higher radiance values
in SWIR as compared to sea ice that is almost black due to high ice absorption coefficient
in this spectral domain (Warren [63], Figure 3b). Moreover, clouds remain bright in NIR
resulting in lower gradient between radiance at SWIR and NIR for clouds as compared to
sea ice. Therefore, the projection of the slope between ρs(λn) and ρs(λs) on the y-axis (n) of
the λ vs. ρs plot can used to distinguish between the clouds and sea ice.

n =
ρs(λs)λn − ρs(λn)λs

λn − λs
(3)

The fWIC (shown in Figure 3d) is calculated using the following steps:

Step 1: If θ0 > 83◦, then there will not be enough light to calculate fWIC. Else, the pixel
is assumed to contain water, fWIC = water.

Step 2: The higher n and lower Ngb represent clouds that are almost spectrally flat in
the visible region. Therefore, when n > 0.1 and Ngb < 0.1, the pixel is assumed
to contain cloud, fWIC = cloud.

Step 3: The higher Nns shows that ρs(λn) is significantly higher than ρs(λs), which is
more sensitive to temperature [62], pointing towards the presence of sea ice in
the pixel. Furthermore, the effect of turbidity on Nns can be minimized using
Qgb. Hence, if Nns/Qgb > 0.6 and ρs(λb) > 0.12, the pixel is assumed to contain
ice, fWIC = ice.

A pixel flagged as cloud may contain water or sea ice, which has implications for
the estimation of PAR. Therefore, pixels flagged as clouds are treated separately while
calculating the input parameters for the LUTs along with the daily integrated PAR values,
as described in Section 3.2.3. fWIC plays an essential role in coastal waters (Figure 3),
especially in the summer months when Cice acquired from passive microwaves at low
spatial resolution has low accuracy due to melting sea ice [64].

3.2. Mean Surface Albedo for PAR Bands (αs)

The αs plays a vital role in the estimation of surface PAR for bright ice-covered sur-
faces. Bélanger et al. [14] computed the irradiance LUT using a constant value of αs pegged
at 8% for all water surfaces. However, this assumption does not hold true for ice-covered
water surfaces due to multiple scattering between the surface and the lower atmosphere;
therefore, the LBF2016 algorithm updated the LUTs by adding the αs parameter, which was
estimated using

αs = αw
s (1 − Cice) + αice

s Cice (4)

where the mean surface albedo for water (αw
s ) was assumed to be 6%, and surface albedo

of sea ice (αice
s ) was calculated as a function of day of the year for different phases of sea ice

using Perovich et al. [57] in situ observations. The Cice is available at the spatial resolution
of 25 km × 25 km, which was super-sampled to 1 km × 1 km resolution to match the
spatial resolution of MODIS-Aqua. However, as mentioned previously, the accuracy of
passive microwave data during the melting and freezing season could be erroneous [65], as
illustrated in Figure 4 (a versus b, see below). Moreover, the super-sampling of data can
increase the uncertainty, especially in the coastal zone. Additionally, the rate of change of
surface albedo of sea ice through the season used to calculate αice

s also varies on a spatio-
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CH4 (tg(λ), Gao et al. [68]) and diffuse atmospheric transmittance (td(λ), Wang [69]) for
Rayleigh-aerosol atmosphere.

The TOA radiance (Lt) can be expressed as [70–72]

Lt(λ) =
[

LR(λ) + La(λ) + Lra(λ) + t↑glint(λ)Lglint(λ) + t↑d(λ)Lf(λ) + t↑d(λ)Lw(λ)
]

× t↑g(λ)× fpol(λ)

=
[

Lp(λ) + t↑glint(λ)Lglint(λ) + t↑d(λ)Lf(λ) + t↑d(λ)Lw(λ)
]

× t↑g(λ)× fpol(λ)
(5)

where Lp(λ) is the atmospheric path radiance, which can be subdivided into LR(λ) for
Rayleigh radiance, La(λ) for aerosol radiance, and Lra(λ) for the radiance due to multi-
scattering. Lw(λ) is water-leaving radiance, Lglint(λ) is the radiance due to sunglint and
Lf(λ) is caused due to whitecaps on the sea surface. td(λ) is the diffused transmittance [69]
and tglint(λ) is transmittance for sunglint [72]. Another loss in ρw(λ) will occur due to the
absorption by atmospheric gases (tg(λ)). The arrows over td(λ), tglint(λ) and tg(λ) depict
the path of the transmittance (↓ = sun to surface, ↑ = surface to the sensor). fpol(λ) is the
polarisation correction factor [73].

In the presence of sea ice, there will be no specular reflection from water, hence,
Lglint(λ) ≈ 0. Furthermore, the spatially averaged ∼ 1 km pixels of MODIS-Aqua sensor
will result in negligible radiance due to whitecaps [58] making Lf(λ) ≈ 0. Therefore,
Equation (5) can be written in the form of irradiance (E(λ)) using the mean earth-sun
distance corrected extra-terrestrial solar irradiance for the day (F0(λ)) and the solar-sensor
geometry as

πLt(λ) cos θv =
[

πLp(λ) cos θv + t↑d(λ)Es(λ)
]

× t↑g(λ)× fpol(λ) (6)

where Lp(λ) is the radiance due to atmospheric scattering (Rayleigh scattering, aerosol
scattering and multi-scattering), θv is the sensor zenith angle and Es(λ) is the irradiance
reflected from the sea-ice surface. Lp(λ) is computed using modified SeaDAS v7.5 to use
the SSP aerosol correction algorithm [47] instead of the default option. The above equation
can be re-arranged to give Es(λ) as

Es(λ) = π cos θv

[

Lt(λ)

t↑g(λ)× fpol(λ)
− Lp(λ)

]

×
1

t↑d(λ)
(7)

Similarly, as the components of Equation (5) are scalar, the incident irradiance at
the surface Ei(λ) can be expressed using the incident extra-terrestrial solar irradiance,
E0(λ) = F0(λ) cos θ0, and as Ei is not observed by a sensor, polarisation correction is not
required, hence fpol(λ) = 1. Therefore, using Equation (7), the irradiance reaching the
surface for clear sky, Eclear

i (λ), can be expressed as

Eclear
i (λ) =

[

E0(λ)

t↓g(λ)
− πLp(λ) cos θv

]

×
1

t↓d(λ)
(8)

The bands (λb = 469 nm, λg = 555 nm and λr = 645 nm) of MODIS-Aqua were used to
calculate αs to avoid band saturation in the presence of clouds and ice [74]. The spectrally
weighted surface reflectance, αs, can be calculated as

αs =

∑
k

Es(λk)

Eclear
i (λk)

× E0(λk)

∑
k

E0(λk)
, k = b, g, r (9)

3.2.2. αs for Water under Clear Sky

In the case of water pixels, radiance from the surface is very small compared to the
path signal, which may increase uncertainty in the estimation of αs. Therefore, the αs for
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water was calculated using mean total transmittance (tt) and direct transmittance (Td) as
described by Frouin et al. [29]

αs =

[

0.05
1.1 × cos θ0

1.4 + 0.15

]

Td

tt
+ 0.08 ×

(

1 −
Td

tt

)

(10)

3.2.3. αs under Clouds

The estimation of αs under the clouds becomes difficult due to the absence of informa-
tion about Ei(λ) and Es(λ). However, as clouds are mobile and MODIS-Aqua has more
than one overpass in a day over the Arctic circle, a major portion of αs for cloudy pixels
can be filled by the temporal mean of cloud-free data for the pixel in a day employing
Equation (9) and Equation (10). However, even after multiple overpasses, it is not necessary
that cloud-free αs will be observed for every pixel of the scene within a day (Figure 4b).
In such cases, Equation (10) can be employed to get the approximate αs for water pixels
under the clouds. The primary difficulty in using Equation (10) to estimate αs for a pixel
containing clouds is the unavailability of τa to calculate td and Td. However, scattering due
to aerosols is significantly lesser than the scattering by air molecules in the Arctic region.
Therefore, τa can be assumed to be zero to approximate αs under the clouds.

The presence of sea ice under the clouds can increase the complexity of αs retrieval. In
such cases, the water surface albedo can be computed using Equation (10), assuming τa = 0
to calculate αs using Equation (4). Then, the LBF2016 algorithm approach (Equation (4))
can be used to fill the gaps due to cloud cover, while accounting for the effect of sea
ice on αs. However, lower accuracy of Cice during the melting and freezing leads to
significant uncertainties in αs estimation under clouds. The uncertainty increases further in
coastal waters due to super-sampling leading to substantial uncertainty in Cice (Figure 4c).
Therefore, these pixels that had clouds throughout the day were allocated with the median
of the αs calculated using MODIS-Aqua data for the month (Figure 4d). The approximation
of αs with the monthly median is essential near the coast. For example, in the east coast
of Svalbard (Olgastretet) (Figure 4c), significantly low Cice was detected by the passive
microwave sensor leading to erroneous αs, which was corrected using the median values
for the month as shown in Figure 4d. Hence, Equation (4) was used only for the pixels that
have no αs throughout the month due to cloud cover.

3.3. Cloud Optical Thickness (τc)

The presence of clouds in the atmosphere attenuates the incident light, the magni-
tude of this attenuation is given by cloud optical thickness (τc) [75]. The τc of a cloudy
atmosphere is dependent on reflection, transmission and absorption [76]. However, op-
tical remote sensing cannot see through the clouds and hence, it is difficult to compute
cloud transmittance and absorption. Therefore, the following assumptions were made to
compute τc from MODIS-Aqua observations (Figure 5 illustrates the different quantities
defined below).

(1) λr (665 nm band as reference wavelength) is sensitive to the cloud optical thickness
and at λr, single scattering albedo of cloud is almost unity [77].

(2) The absorption by clouds at λr is negligible [78].
(3) The τc remains nearly spectrally constant in the visible range [79].
(4) The transmittance of the atmosphere above the cloud is near unity.
(5) The irradiance reflected by the surface, Es, is assumed to be transmitted to the bottom

of the cloud (Er ∼ Es).
(6) Multiple scattering between bright sea-ice surface and bottom of the cloud is ignored.

Using these assumptions, we can compute cloud transmittance (tc) at λr. Then tc can
be used to compute τc in the red waveband. As there is no absorption in the clouds at λr
and single scattering albedo is near unity, the total upwelling irradiance at the TOA (Et)
can be expressed as the sum of irradiance from the cloud surface (Ec) and irradiance from
the sea surface that has passed through the atmosphere to reach the bottom of the cloud
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hereafter referred to as η, then the PAR(0−) just below the sea ice can be estimated by
adding the η component to the expression described by Laliberté [82] as

PAR(0−) = (1 − η)(1 − αs)PAR(0+) (17)

Note that η is not equal to the absorptance (i.e., the ratio of the absorbed to the
incident radiant power) of the ice/snow cover, which is largely unknown for Arctic sea
ice. Therefore, the summation of η, transmittance and reflectance will not be unity. η varies
through the season based on the thickness of sea ice and the presence of absorbing material
in the snow and ice (ice-algae, mineral, organic matter, etc.) and mostly remains close to 0.8
during the winters [82], such that 80% of the PAR that penetrates the ice/snow cover (i.e.,
(1 − αs)PAR(0+) ) is lost due to absorption by snow, ice, impurities or ice algae. η decreases
during the summer as the sea-ice thickness decreases, the snow cover diminishes and ice-
algae are flushed out [85]; therefore, it is not possible to quantify the change in η from
space-borne observations. Consequently, a range of PAR(0−) bound with η = 0.8 (high loss
of light in the sea-ice matrix yielding lower limit for PAR(0−)) and η = 0 (no sea-ice cover,
hence no loss of light due to sea ice; upper limit) is calculated. The upper and lower limit
of the under-water light penetration is shown in Figure 7a and Figure 7b, respectively.

3.4.3. PAR at Seafloor

PAR at the seafloor (PAR(zb)), where zb denotes the bottom depth (Figure 8a), can be
calculated by integrating downwelling irradiance at the seafloor (Ed(λ, zb, T)). The depth
limit chosen for this study was set at 100 m depth. The choice of depth limit is based on
the finding of Krause-Jensen et al. [86], who reported the presence of kelp at 61 m depth
offshore on the east coast of Greenland. Moreover, some Arctic kelp species can have a
compensating irradiance in the order of 0.1–0.3 mol m−2 day−1 [87,88]. Ed(λ, zb, T) can
be computed from Ed(λ, 0−, T) and depth-averaged downwelling diffused attenuation
coefficient (Kd(λ)) using the Beer-Lambert law

PAR(zb) =
1
M

M

∑
m=1

∫ Tset

T=Trise

∫ 700 nm

λ=400 nm
Ed,m(λ, 0−, T)e−zbKd,m(λ)dλdT =

1
M

M

∑
m=1

PAR(0−)me−zbKPAR
d,m (18)

Kd(λ) or KPAR
d (shown in Figure 8b) can be estimated with a significant accuracy

(uncertainty ∼ 7–26%) using the absorption and back-scattering in the water column [41,42].
However, varying optically active constituent (OAC) concentration (such as coloured
dissolved organic matter (CDOM), SPM and CChl−a) under the sea ice can change KPAR

d ,
thereby altering the underwater light field [89,90]. Hence, approximating KPAR

d below the
sea ice can be erroneous, and the uncertainty in retrieving absorption coefficient through
satellite-borne sensors can reach 40% in the AO [91]. Autonomous systems can be used to
retrieve KPAR

d below sea ice, but the implementation of these systems is still at a nascent
stage [15]. Therefore, KPAR

d for the cloudy and sea-ice covered pixels is approximated with
the monthly median of KPAR

d (Figure 8c). This approximate value of KPAR
d can be used to

estimate PAR(zb) for most of the coastal region, as shown in Figure 8d. However, when
KPAR

d is not available for some pixels due to sea-ice/cloud cover or lack of incident light
for the whole month, PAR(zb) is not calculated. For example, due to sea-ice cover over the
northern part of Svalbard and east coast of Barentsøya and Edgeøya (Figure 8b,c) for the
whole month of July 2020, median KPAR

d was absent and hence, PAR(zb) was not calculated.
As a result, our method will underestimate PAR reaching the seafloor at the beginning of
the spring and summer season when ice cover is still present.





Remote Sens. 2022, 14, 5180 18 of 33

here, X and Y are mean PARinsitu and mean PARSat, respectively.

Bias =
1
N

×
N

∑
i=1

(Yi − Xi) (21)

MPD = median
{

|Y − X|

X
× 100

}

(22)

mRsi = median
{

Y

X

}

(23)

SIQR =
Q3 − Q1

2
(24)

here, Q1 and Q3 are 25th and 75th percentiles of Y
X , respectively.

4. Results and Discussion

The use of MODIS-Aqua data to derive the input parameters for the PAR LUTs has
reduced the algorithm’s dependency on other sources, making it robust and increasing its
applicability. This is suggested to be a significant improvement relative to the previous
LBF2016 method evaluated in the Arctic and by Somayajula et al. [31] in the Mediterranean
Sea. However, these changes make it necessary to check the performance of the algorithm
and validate the output PAR. The daily integral PAR(0+) and PAR(zb) can be obtained
from the stations/moorings deployed at the surface and seafloor (or at a specific depth, z).
However, it is not easy to install PAR sensor just below the water surface and record in
situ values for daily PAR(0−). Therefore, only daily PAR(0+) and PAR(zb) were validated
using the in situ data obtained in coastal waters (see Table 1). Moreover, PAR(zb) is a
function of PAR(0−) and KPAR

d (Equation (18)); therefore, PAR(zb) can be used as a proxy to
validate the efficacy of PAR(0−) and KPAR

d (Table 2). The uncertainty of the PAR model was
also computed exclusively for days when the stations were covered with sea ice (Table 3)
to check the performance and consistence of PAR computed using present study in the
presence of sea ice.

Table 2. Performance parameters calculated to validate the daily PAR derived from the satellite data.

Position (depth) Station/Mooring
mRsi

(±SIQR)
MPD
(%)

Bias m r N

Sea surface (0+ m)

C33-JB

1.03 (±0.18) 19.29 0.87 0.83 0.76 132V31-JB

Endeavor

MPI 1.14 (±0.21) 24.47 3.81 1.10 0.94 1190

ISA 0.63 (±0.16) 37.36 −9.47 1.10 0.90 378

Seafloor (6.1 m) DS11

1.48 (±1.03) 76.71 0.54 0.71 0.74 381

Seafloor (4.4 m) E1

Seafloor (4.3 m) E2

Seafloor (5.5 m) L1

Seafloor (6.0 m) W1

Seafloor (6.2 m) W2

Seafloor (6.6 m) W3

Subsurface (1.2 m) IAF
Note: The total depth of IAF station is 13 m. mRsi is the median of PARSat/PARinsitu, m is the regression slope, r is
the Pearson’s coefficient of correlation and N is the number of observations. Unit of SIQR and bias is mol m−2

day−1. m and r for MPI, ISA and PAR at the seafloor/subsurface (PAR(zb)) were calculated using log-transformed
data as recommended by Bailey and Werdell [93].
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Table 3. Performance of the developed PAR algorithm in the presence of sea-ice cover.

Measurement Depth (m) Station/Mooring mRsi (±SIQR) MPD (%) Bias m r Ncloud Ntotal

0+
MPI 1.15 (±0.20) 24.27 3.58 1.08 0.94 373 892

ISA 0.60 (±0.17) 40.31 −7.92 1.04 0.92 72 115

6.1 DS11

0.79 (±1.03) 61.07 0.12 0.61 0.48 11 18

4.4 E1

4.3 E2

6.2 W2

1.2 IAF

Note: Average value of η = 0.4 is used to calculate PAR(zb) below sea ice. Ntotal is the total number of data points
with sea-ice cover and Ncloud is the number of data points which have cloud cover along with sea-ice.

4.1. Accuracy of PAR(0+) Derived from Satellite

The computed daily integral PAR(0+) during summer (July and August) was validated
using the data from three stations (C33-JB and V31-JB in James Bay and Endeavor in Alaska)
with 132 daily integral PAR(0+) (Table 2). The scatter-plot of the data from these stations for
the present study (Figure 9a) was plotted to visualise the relationship between in situ and
computed PAR(0+) values and error statistics were calculated. Figure 9a indicates a slight
overestimation (mRsi = 1.03 and bias = 0.87 mol m−2 day−1) for the PAR(0+) computed us-
ing our method. At the same time, a moderately low spread (SIQR = ±0.18 mol m−2 day−1)
of the ratio of satellite-derived PAR and in situ PAR was observed. The near-unity mRsi
and low bias signifies a good agreement between the in situ and computed daily integrated
PAR(0+) for these stations. The MPD ignores the outliers in the relative difference; there-
fore, MPD = 19.29% suggests that the relative difference for most data points lies around
19.29% (here, 67 out of 132 data points have relative uncertainty <20%) for the three stations.
The in situ daily integral PAR(0+) for these stations varied from 10.26 mol m−2 day−1 to
55.13 mol m−2 day−1. The m and r values are relatively close to unity and are similar to
the values reported by Somayajula et al. [31] for the LBF2016, which concludes that the
effect of change in the input parameters to the LUTs is minimal.

The time-series plot (Figure 10) for these three stations depict a close correlation
between the PAR(0+) values observed by the in situ sensors and the values computed using
the OBPG algorithm and the present study (denoted by PS) from MODIS-Aqua data. The
standard NASA PAR product (OBPG algorithm [29]) used in this figure was downloaded
from OBDAAC at 9 km spatial resolution. Note that OBPG algorithm is not applicable in
icy waters, hence, no data is available for the Endeavor site (Figure 10a). The daily PAR(0+)
values from OBPG algorithm for the James Bay stations follow the trend of in situ daily
PAR(0+) values, but it consistently overestimated the in situ PAR(0+) values. Besides, the
daily PAR(0+) values computed using the present study capture the daily in situ variability
in PAR(0+) more closely, confirming the validity of the assumptions made to retrieve the
cloud optical thickness.

To evaluate the performance of the PAR algorithm in the Arctic coastal waters through-
out the year, the data from two stations, MPI in Stefansson Sound (coast of Alaska) and
ISA in Isfjorden (Svalbard), were used. MPI and ISA are located in the coastal region at
70.35◦N and 78.22◦N latitudes, respectively, (see Table 1 and Figure 2 for more details).
Therefore, the data from these stations can provide good insight into the performance of
the PAR algorithm year round. However, in situ PAR recorded for the days when θ0 > 85◦

at noon or days when the sensor recorded negative instantaneous PAR are discarded.
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Figure 9. (a) Scatter-plot between in situ PAR(0+) and satellite-derived PAR(0+) data for the summer
months (July and August). The black line represents the 1:1 line. (b) Histogram showing the
distribution of uncertainty (ε) for the scatter-plot.
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Figure 10. Time-series plot showing the daily integrated PAR(0+) values observed by in situ sensors
(red), daily integrated PAR(0+) values at 9 km spatial-resolution (Level-3) obtained from NASA OB-
DAAC (green) and the daily integrated PAR(0+) values computed using the present study (denoted
by PS, blue) for the stations (a) Endeavor in Stefansson Sound, only data from 2005 is shown here.
(b,c) C33-JB and V31-JB located on the east coast of James Bay (see Table 1 for station details). Note
that OBPG PAR(0+) values are not available for Endeavor site as the OBPG PAR model [29] is not
applicable in icy waters.

The overestimation by the PAR algorithm at MPI (Figure 11a) was quantified by
deviation of mRsi from the ideal value of 1 to 1.14 and bias of 3.81 mol m−2 day−1 (Table 2).
The relatively higher value of bias can be attributed the deviation of in situ PAR sensor at
sub-zero temperatures. The higher SIQR compared to the previous case indicates a larger
spread in the PARSat and PARinsitu ratio, which was expected as the range of in situ PAR
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for MPI varies from 0.51 mol m−2 day−1 in winter to 50.14 mol m−2 day−1 in summer (two
order of magnitude). For this range of data, the MPD is 24.47% with near-unity m and r
(Table 2). The near unity m and r suggest the algorithm works relatively well regardless
of the high SIQR and can be applied to the Arctic waters throughout the year consistently.
Furthermore, 1190 daily integrated PAR(0+) from 2007 to 2018 were used to calculate these
performance statistics, demonstrating the robustness of the PAR algorithm.
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Figure 11. The relationship between satellite-derived daily PAR(0+) and corresponding in situ
PAR(0+) data from (a) MPI (Stefansson Sound) and (b) ISA (Isfjorden) stations (see Table 1 for details)
collected throughout the year. The colour of the points depicts the solar zenith angle at noon for the
day of observation.

Additionally, the performance of the algorithm was tested with 381 daily integrated
PAR(0+) data from the northernmost station (ISA) in this study. The performance metrics
for this station indicate a notable underestimation (Table 2), especially under low sun
elevation (θ0 > 70◦) (Figure 11b). It has resulted in a significantly low mRsi and bias; the
MPD have also increased to 37.36% when compared to the uncertainty estimated for MPI.
The higher bias in the PAR retrieval could be a result of higher uncertainty in the in situ
measurement (i.e., the HOBO versus LICOR sensors) and the increased uncertainty in
retrieval of input parameters for the PAR model using remote sensing over land.

Moreover, at ISA the data is observed under cloud cover for 277 days out of the total
378 days resulting in higher uncertainty in αs approximation and the retrieval of τc over sea
ice. Furthermore, the algorithm tends to underestimate the PAR with θ0 beyond 70◦ because
the SBDART algorithm, used to compute the LUTs, assumes a plane-parallel atmosphere to
solve the radiative transfer Equation [31,96]. Therefore, the PAR values estimated by the
present study for θ0 beyond 70◦ were underestimated by ∼ 30%.

However, the higher uncertainties are encountered only during winter when coastal
water of the AO are usually covered with sea ice. The lower PAR(0+) during winter
(Figure 11) in the presence of sea ice with significantly high αs and η will result in very
low PAR reaching the seafloor (PAR(zb) < 0.17 mol m−2 day−1). In general, this low
magnitude of PAR would not be sufficient to sustain the positive growth rates of primary
producers [87,88]. Besides, the performance of the present study at ISA was consistent with
similar uncertainty when the parameters are calculated exclusively for days when sea-ice
cover was present at the station (Table 3).

4.2. Uncertainty in Satellite Estimation of PAR(zb)

PAR(zb) is a function of PAR(0−) and KPAR
d (Equation (18)); consequently, the uncer-

tainty in the retrieval of these parameters will propagate to the uncertainty of PAR(zb)
computation. Therefore, the validation of PAR(zb) will help ascertain the performance
of the LUTs to compute PAR(0−) and the method to calculate KPAR

d . The 435 daily in
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situ PAR(zb) values ranges from a minimum of 1.8 ×10−4 mol m−2 day−1 to the max-
imum of 39.00 mol m−2 day−1. However, the accuracy of the PAR sensor at such low
values cannot be ascertained; therefore, only 381 daily in situ PAR(zb) values greater than
0.01 mol m−2 day−1 are used for validating the results of the present study. These in situ
daily PAR(zb) values were recorded by seven sensors on moorings attached to the bottom
in the coastal waters of Stefansson Sound in the Beaufort Sea off-Alaskan coast and one
mooring (IAF) in the catchment area of Adventfjorden in Isfjorden. For the mooring at IAF,
PAR is computed at 1.2 m depth (depth at which the sensor is deployed) instead of the
bottom, which was 13 m deep.

The daily PAR(zb) values include 137 observations under clouds/sea ice, and hence,
approximate KPAR

d was used to estimate satellite-derived daily PAR(zb) (see Section 3.4.3).
The statistics for PAR(zb) presented in Table 2 are computed using η = 0, as the moorings
recording PAR(zb) were deployed only in summer when η approaches zero due to formation
of melt ponds and leads. The low bias with r and m approaching unity illustrates the good
agreement between the in situ and satellite-derived PAR(zb) (Table 2). Moreover, around
42% of the in situ data points were observed under sea ice (triangles in Figure 12a) or clouds
(squares in Figure 12b).

The broad range of in situ PAR(zb) (i.e., three to four orders of magnitude) resulted
in a higher SIQR of 1.03 mol m−2 day−1 and a significant deviation of mRsi from unity,
signifying overestimation. The overestimation of PAR(zb) was expected as satellite-derived
KPAR

d cannot account for the attenuation in the benthic nepheloid layers resulting in un-
derestimation of effective KPAR

d for the water column [36]. Furthermore, in general, the
higher MPD values can be attributed to the fact that for very small PAR(zb) (on the order
of 10−2 mol m−2 day−1), a minor deviation in the computed values will result in a higher
relative difference. Another source of higher MPD in PAR(zb) could be the uncertainty in
in situ data due to the precision of the PAR sensors while recording near-zero values of
PAR. Despite higher MPD, the computed PAR(zb) demonstrates a firm agreement with
the in situ daily integrated PAR(zb) from all eight moorings (Figure 12), establishing the
robustness of the satellite-derived daily integral PAR(zb). Consequently, the estimation
of PAR(zb) under sea-ice and cloud cover remain consistent with slight deviation in the
uncertainty metrics (Table 3) when compared with the uncertainty estimates reported in
Table 2.
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Figure 12. The 1-1 plot between the in situ daily PAR(zb) recorded at the stations (see Table 1 for
details) and the corresponding daily PAR(zb) calculated using the satellite data (a) under sea-ice
cover—18 data points (b) under cloud cover—119 data points and (c) all observed PAR(zb) data—381
data points. The filled circles, squares and triangles depict the PAR(zb) values under the clear sky,
cloud cover and sea-ice cover (with η = 0), respectively. The hollow triangles represent the PAR(zb)
under the sea ice with η = 0.8.

4.3. Comparison with Existing Algorithm

Gattuso et al. [34] used the NASA standard OBPG algorithm to calculate PAR at the
surface and used Morel [35] to estimate KPAR

d , which uses CChl−a as a proxy. In a more
recent study, Gattuso et al. [36] improved the estimation of KPAR

d using Morel et al. [97],
though it was still dependent on CChl−a only. In addition, while the OBPG algorithm can
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PAR(0+). Therefore, using PAR(0+) to calculate PAR(zb) can lead to significant over-
estimation in the polar regions.

Furthermore, it is essential to approximate Kd(λ) or KPAR
d for cloud/ice pixels, for

which Kd cannot be calculated from satellite data. Ignoring the cloud/ice pixels due to the
absence of Kd while estimating PAR(zb) can lead to significant overestimation due to the
exclusion of lower PAR(zb) values under sea ice and clouds.

4.4. Trends of PAR(zb) in the Coastal AO: A Brief Overview

A detailed analysis of the trends in PAR reaching the seafloor in the AO is beyond
the scope of this study, but here we present a brief overview of the application of the
method to assess the pan-Arctic trend as a case study. The magnitude of PAR reaching the
seafloor in the coastal AO is mainly affected by the atmospheric turbidity (primarily due to
clouds/fog), sea-ice cover and its snow cover and ice-algal content, and water transparency
controlled by CDOM concentration and/or turbidity. The effect of these factors on PAR(zb)
can be accounted for by using PAR(0−) computed in the presence of clouds and sea ice, and
KPAR

d , which quantifies the attenuation of the PAR within the water column. The computed
daily PAR(zb) remained very low throughout the year for a major part of the coastal zone
(Figure 13). Hence, the annual mean of daily PAR(zb) for the pan-Arctic region would get
dominated by these near-zero values resulting in very low average coastal PAR(zb).

Therefore, a threshold of PAR(zb) can be utilised to identify the pixels which should be
included to compute the daily average PAR(zb) for the pan-Arctic region. Borum et al. [87]
reported that a minimum compensation radiance of 0.17 mol m−2 day−1 is required to
sustain positive net photosynthesis daily. Similar estimates were reported by Henley and
Dunton [88], who found that ∼2-4 µmol m−2 s−1 is needed for 12 h to sustain positive
growth rates. These compensating irradiance values represent the minimum PAR required
for the kelp species to survive. For positive growth rates, higher PAR values will be
needed. The requirement of incident PAR values differs from species to species, and hence,
a general value of 0.415 mol m−2 day−1 (∼4.8 µmol m−2 s−1 for 24 h), first described
by Letelier et al. [103], is chosen as a threshold to ascertain positive growth rates. It is a
general threshold that has been used in contrasting regions such as the North Atlantic [104]
and the Arctic [105]. This threshold could be used to define the depth range where positive
growth rates are highly probable, instead of using the physiological limit for the kelp
species.

Moreover, the maximum number of pixels with a significant PAR(zb) value could be
observed in summer. Hence, the climatology of PAR(zb) from 2003 to 2020 for the month
of August (shown in Figure 13b) was used as the reference to choose the pixels for which
the computed values should be included in the daily pan-Arctic average. All pixels in
Figure 13b with PAR(zb) more than the threshold value of 0.415 mol m−2 day−1 were
chosen as a reference to calculate the daily pan-Arctic average values from 2003 till 2020.
The daily average values were then averaged for the respective year to compute the annual
averages plotted in Figure 14.

The significance of the trend in the time-series data is tested using the test statistic (τ)
and p-value of the Mann–Kendall Test (M-K Test) [106]. We have used the p-value < 0.05 to
reject the null hypothesis of the M-K Test and deduced that the trend is significant.

The reducing sea-ice cover in the coastal AO has resulted in a steady increase in
the annual average values of PAR(0−) (Figure 14a). The annual mean of PAR entering
the water column increased by 24% between 2003 and 2020 (M-K Test, τ = 0.68 and
p-value = 8.17 × 10−5) as a consequence of retreating sea-ice cover. Along with increasing
the PAR in the water column, the lack of sea ice also resulted in a larger fetch leading
to stronger wave activity with more re-suspension of the OACs, increasing the turbidity
of some coastal waters, as reported by Bonsell and Dunton [19] along the Alaskan coast.
Furthermore, the increased terrestrial discharge and accelerated hydrological cycles due
to rising temperature have also increased the coastal turbidity and possibly the CDOM
concentration. The increasing turbidity and/or CDOM increased KPAR

d by 22% between
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2003 and 2020 (M-K Test, τ = 0.50 and p-value = 0.003) (Figure 14b). Concisely, while
the PAR entering the water column is increasing in the coastal AO, the water column is
getting less transparent, leading to increased attenuation of PAR. As a result, PAR(zb) in
the coastal AO remained almost steady throughout the temporal range of the present study
(Figure 14c) with a net increase of 2% between the years 2003 and 2020 (M-K Test, τ = 0.47
and p-value = 0.006).
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Figure 14. (a) Annual mean PAR observed just below the sea-surface (PAR(0−)), calculated assuming
η = 0, for the coastal AO. (b) Corresponding mean annual KPAR

d . (c) Annual mean PAR(zb) calculated
for the coastal AO during the same time. The black line shows the trend for the mean annual values.
The annual mean values are computed using pixels with average daily PAR(zb) > 0.415 mol m−2

day−1 during the month of August (shown in Figure 13b). The trend lines for PAR(0−) and KPAR
d

are fitted using an exponential function. Piece-wise polynomial regression with a moving window
containing 35% data points is used to plot the trend line for PAR(zb).

Although, PAR(0−) continued to increase between 2003 and 2010, resulting in an
increasing trend in PAR(zb) while KPAR

d remained almost constant. After 2010, the KPAR
d

started increasing in the coastal AO, nullifying the effect of increasing PAR(0−). The
retreating sea-ice cover led to an immediate increase in the PAR(0−) while the drivers
affecting KPAR

d led to a delayed response. However, the rate of increase in PAR(0−) is
almost steady (an increase of 11.5% between 2003 and 2013 and 11.0% between 2013 and
2020), while an accelerated rate of increase in KPAR

d can be observed in recent years (an
increase of 1.2% between 2003 and 2013 and 20.7% between 2013 and 2020). The increase
in the KPAR

d has resulted in a flattened PAR(zb) curve in the last decade (Figure 14c). The
higher KPAR

d values are computed because the pixels with PAR(zb) > 0.415 mol m−2 day−1

mainly consists of shallow/nearshore pixels with higher turbidity due to terrestrial input
and higher re-suspension leading to higher KPAR

d .
The increasing trend of PAR(0−) and a steady PAR(zb) in Figure 14 depict that the

light entering the water column is not reaching the seafloor. This implies that PAR in the
water column at a given depth, z, has increased over time when z remains above a “tipping
depth”. Below this “tipping depth”, PAR has decreased resulting in a stable PAR(zb) while
PAR(0−) has increased steadily. However, the results shown in Figure 14 consists of the
average values from the pan-Arctic region showing a very general trend of PAR and KPAR

d .
Therefore, the increasing PAR(0−) with stable PAR(zb) can be a consequence of the average
values from contrasting regions with clear water (PAR(zb) is increasing) and turbid water
(PAR(zb) is decreasing) as shown in Figure 15. There are many regions in the AO where
PAR(zb) is increasing, such as the coast of Greenland, part of the Canadian Arctic and
the coastal areas of the Norwegian Sea (Figure 15). Therefore, region-specific studies are
needed in the AO to get the whole picture of the changing AO.
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and ice-free pixels only. Therefore, KPAR
d could only be estimated for water pixels, which

had led to the overestimation of average PAR(zb) due to the exclusion of lower PAR(zb)
(due to cloud/ice shadow) below the clouds and sea ice. Therefore, to estimate PAR(zb)
for cloud/ice pixels, KPAR

d for all the cloudy and sea-ice covered pixels for a day were
approximated with the median value for the month to get the best possible estimate. In the
absence of ocean color observation in spring and early summer time, no estimation of PAR
is available, leading to a level of underestimation that remains to be assessed. Model-based
methods, e.g., [16] may be used to fill the gaps in the satellite data to get more realistic
estimation of PAR at the beginning of the season.

The PAR derived by the present study was validated using data collected during
summer and year-round. The estimated PAR(0+) was found to have a better accuracy
when validated with in situ data compared to previous assessment by LBF2016 based on
the same LUTs of Ed(λ), but relying on low spatial resolution cloud inputs. Moreover, the
strong correlation between the in situ and satellite-derived PAR(0+) indicated the good
performance of the methods used to calculate the input parameters for the PAR algorithm.
Similarly, the good agreement between the in situ and satellite-derived PAR(zb) verified
the performance of the PAR algorithm to derive PAR(0−) and the estimated KPAR

d over a
wide range of PAR(zb).

The results from the pan-Arctic assessment of PAR(zb) show an increasing trend of
annual PAR(0−) that is counteracted by an increase in KPAR

d , resulting in a stable PAR(zb)
over the last two decades. The rate of increase in PAR(0−) is almost steady, while KPAR

d
increased rapidly in the last decade. The results shown in the present study describe a
very general view of the change in PAR(zb) in the coastal AO. Our data do not support the
general statement that more light will be available to sustain coastal vegetation in a future
Arctic [20], but is consistent with observations on sedimentary and erosional coasts, e.g., in
Alaskan coast [19]. In fact, many physical and ecological variables affect the magnitude
of PAR(zb) and are regional and vary significantly. For example, benthic scattering in
shallow waters may lead to the underestimation of PAR(zb). Moreover, benthic scattering
from bright sandy bottom under clear water can increase the surface reflectance by two
folds in the green wavelengths [107], leading to erroneous retrieval of KPAR

d . Hence, more
region-specific studies are needed to understand the changing light field in the coastal AO.
The present study can be employed to study these local processes at a fairly good spatial
resolution (1 km). It can also be adapted to different sensors and generate PAR at different
spatial and temporal resolutions to analyze the change in PAR at different spatio-temporal
scales to achieve this goal. However, the lack of high resolution and accurate bathymetry
of most of the Arctic coastline will be a limitation to quantify PAR at local scales.

Regardless of the limitations in the PAR algorithm (i.e., assumptions on light absorp-
tion of snow-ice-algal cover; under-ice attenuation coefficient; overestimation of τc for thin
clouds over sea ice), its applicability and accuracy can help quantify the changes in the
light field in the coastal AO effectively. The availability of satellite data makes the analysis
of temporal and spatial variability of PAR in the AO easier. A better understanding of the
variation of KPAR

d under the sea ice will further improve the applicability of the present
study and increase the accuracy of PAR(zb) computation. Furthermore, implementation
of the PAR algorithm on high spatial resolution sensors such as MultiSpectral Instrument
(MSI) on Sentinel-2 and Operational Land Imager (OLI) on Landsat 8 can help to assess the
spatial variability of PAR(zb) in the nearshore waters more accurately. Better retrieval of
PAR(zb) on a spatio-temporal scale using the present algorithm will help understand the
underwater light field and its effect on coastal flora and fauna in the Arctic region.
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Abbreviations

The following abbreviations are used in this manuscript:

AO Arctic Ocean
BOA Bottom Of Atmosphere
CDOM Coloured Dissolved Organic Matter
Chl-a Chlorophyll-a concentration
DISORT DIScrete-Ordinates Radiative Transfer
EO Earth Observation
EP Earth Probe
ISCCP International Satellite Cloud Climatology Project
L1A Level-1A
LBF2016 Laliberté et al. [32]
LUTs Look-Up Tables
M-K Test Mann–Kendall Test
MODIS MODerate-resolution Imaging Spectroradiometer
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MPD Median Percentage difference
NIR Near-InfraRed
NSIDC National Snow and Ice Data Center
OAC Opticaly Active Constituent
OBDAAC Ocean Biology Distributed Active Archive Center
OBPG Ocean Biology Processing Group
OMI Ozone Monitoring Instrument
PAR Photosynthetically Available Radiation
PS Present Study
SBDART Santa Barbara DISORT Atmospheric Radiative Transfer
SIQR Semi-InterQuartile range
SPM Suspended Particulate Matter
SWIR ShortWave-InfraRed
TOA Top Of Atmosphere
TOMS Total Ozone Mapping Spectrometer
UNIS University Center in Svalbard
UQAR Université du Québec à Rimouski
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