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A method to derive satellite PAR albedo time series
over first-year sea ice in the Arctic Ocean

Julien Laliberté1,*, Eric Rehm1, Borge Hamre2, Clémence Goyens3,
Donald K. Perovich4, and Marcel Babin1

Deriving sea ice albedo from spaceborne platforms is of interest to model the propagation of the
photosynthetically available radiation (PAR) through Arctic sea ice. We show here that use of the Moderate
Resolution Imaging Spectroradiometer (MODIS) operational surface reflectance satellite product to derive
albedo in the PAR spectral range is possible. To retrieve PAR albedo from the remote sensing surface
reflectance, we trained a predictive model based on a principal component analysis with in situ and
simulated data. The predictive model can be applied to first-year sea ice surfaces such as dry snow, melting
snow, bare ice and melt ponds. Based on in situ measurements and the prescribed atmospheric correction
uncertainty, the estimated PAR albedo had a mean absolute error of 0.057, a root mean square error of 0.074
and an R2 value of 0.91. As a demonstration, we retrieved PAR albedo on a 9-km2 area over late spring and early
summer 2015 and 2016 at a coastal location in Baffin Bay, Canada. On-site measurements of PAR albedo, melt
pond fraction and types of precipitation were used to examine the estimated PAR albedo time series. The
results show a dynamic and realistic PAR albedo time series, although clouds remained the major obstacle to
the method. This easy-to-implement model may be used for the partitioning of PAR in the Arctic Ocean and
ultimately to better understand the dynamics of marine primary producers.
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1. Introduction
Contrary to previous assumptions, under-ice phytoplank-
ton blooms can be significant (Lowry et al., 2014), espe-
cially in the context of a thinner, more transparent Arctic
sea ice cover (e.g., Horvat et al., 2017). To identify an
under-ice bloom on a rather local scale, ice camps (Mundy
et al., 2014; Oziel et al., 2019), oceanographic cruises
(Arrigo et al., 2014; Randelhoff et al., 2019), ice-tethered
buoys (Laney et al., 2014; Hill et al., 2018), bio-Argo floats
(Mayot et al., 2018; Randelhoff et al., 2020) and sediment
traps (Fortier et al., 2002) can be used. To recognize the
extent of under-ice blooms at pan-Arctic scale, however,
the in situ data from these cumbersome, expensive obser-
vational approaches is insufficient. Over synoptic spatial
scales, a detailed description of abiotic factors controlling
phytoplankton, such as the under-ice photosynthetically
available radiation (PAR), could provide a better

understanding of the changing Arctic Ocean ecosystem
(Arrigo et al., 2012; Lewis et al., 2019).

From a radiative transfer perspective, without a full
description of the above-surface radiance distribution and
the inherent optical properties of sea ice, accurately esti-
mating under-ice PAR is difficult. A solution envisioned by
several researchers (e.g., Assmy et al., 2017; Horvat et al.,
2017; Stroeve et al., 2021) is to estimate the above-surface
plane irradiance, reduce it by the energy leaving the sea
ice surface (conveyed quantitatively by the albedo) and
apply a log-linear decrease of energy with depth, scaled
by the thickness of the medium. Surface albedo is defined
as the ratio between solar radiation reflected by Earth’s
surface and solar radiation incident on the surface. Opti-
cally, it summarizes the interaction between the surface-
incident radiation and everything at and beneath the
atmospheric lower boundary. It is a key variable for deter-
mining downward irradiance above (Grenfell and Pero-
vich, 2004; Laliberté et al., 2021) and below sea ice in
the Arctic Ocean (Ebert et al., 1995; Nicolaus et al.,
2010). Therefore, mapping PAR under sea ice and eventu-
ally assessing under-ice primary production at a large scale
over the Arctic Ocean requires robust estimates of surface
albedo based on remote sensing data.

A coarse solution to obtain PAR albedo over large scales
is to use empirically fixed PAR albedo values for given
surface categories (Castellani et al., 2017; Horvat et al.,
2017; Lange et al., 2017). But this approach implies
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determining relative areal proportions of the different
surface categories from grid cells much larger than the
surface features (Rösel et al., 2012; Wright and Pola-
shenski, 2020), leading to potentially important uncer-
tainties. It also generally assumes too little spectral
variation per surface category (Tschudi et al., 2008; Yackel
et al., 2018). In parallel, dynamic semi-empirical
approaches to derive seasonal patterns in sea ice evolution
modulated by the timing of events (Perovich and Pola-
shenski, 2012; Arndt and Nicolaus, 2014; Laliberté et al.,
2021) can be used with satellite-retrieved information
based on, for instance, polarized backscatter (Perovich et
al., 2007) and a library of representative albedo values
(e.g., De Abreu et al., 1995) to obtain the seasonal evolu-
tion of visible albedo.While suitable over large spatial and
temporal scales, the spatial resolution of scatterometers or
passive microwave radiometers (generally 25 km) would
preclude the use of this approach near land where the
signal would be contaminated. We also anticipate that,
in many cases, 25 km may be too large to examine the
relation between the icescape, phytoplankton drift and
the dynamic of under-ice phytoplankton blooms. Finally,
a more direct route is to estimate albedo using mature
satellite-derived broadband albedo products, specifically
available for the Polar Oceans, such as the Extended AVHRR
Polar Pathfinder dataset, computed twice daily from AVHRR
channels 1 and 2 (Key et al., 2016). These existing opera-
tional albedo products derived from remote sensing data
have been developed to address heat flux at the Earth
surface and related thermodynamic processes. Therefore,
they are defined for the full spectrum of solar energy,
between 300 and 3000 nm. The spectral range that is
relevant to primary production by phytoplankton under
sea ice, however, is the range of visible wavelengths
(400–700 nm). Typically, when trying to assess visible
light available under Arctic (Stroeve et al., 2021) or Ant-
arctic (Pinkerton and Hayward, 2021) sea ice, the method
consists of multiplying these broadband shortwave esti-
mates by a conversion factor to reduce the wavelength
range to the visible band. A conversion of a broadband
albedo to a visible one is possible, but it is highly sensi-
tive to atmospheric conditions and surface physical prop-
erties (Grenfell and Perovich, 2008), adding avoidable
uncertainties to these estimates.

The use of visible spaceborne sensors should be a good
alternative approach. Visible satellite imagery typically has
high spatial resolution, sufficient radiometric signal-to-
noise ratio, and a large swath to provide overlaps of adja-
cent orbits towards high latitudes to help overcome the
prevalent cloud cover (Figure 1). As such, the mature and
widely used moderate resolution imaging spectroradi-
ometer (MODIS) land spectral albedo product (Schaaf et
al., 2002) is built upon clear-sky atmospherically corrected
surface reflectances from the combined Aqua and Terra
observations. However, this approach cannot provide an
estimate of sea ice albedo in the visible range at a relatively
high spatial resolution because of the highly dynamic
Arctic surface. Because of sea ice drift, changes in temper-
ature, and precipitation, the extreme seasonal cycle of sea
ice albedo over the Arctic Ocean is characterized by short

periods of drastic change and is overall more variable than
any other planetary surface. The continuous evolution of
surface properties precludes the collection of sufficient
multiangle observations over each pixel that would con-
strain a retrieval of albedo via inversion of a multidirec-
tional anisotropy model (Lutch et al., 2000).

In this study, we used the satellite-derived surface
reflectance product that is input to the operational MODIS
spectral albedo algorithm. However, instead of generating
albedo for a wide diversity of planetary surfaces and over
a variety of spectral and broad bands, we focused on Arctic
sea ice and the spectral range relevant to primary produc-
tion modelling within the limited sun and viewing geom-
etries of the polar latitudes. First, we present a brief
theoretical background to describe the relation between
surface reflectance and albedo. Second, we describe the
model and the data used to develop it. Third, the model is
evaluated with field measurements and is applied to a spe-
cific region in the Canadian Arctic. Finally, the model
limitations are discussed.

2. Method
2.1. Theoretical background

We used the surface reflectance as a starting point to
derive albedo. It is a directional quantity that is routinely
derived by satellites. For any geophysical surface and given
illumination, the radiance distribution leaving that surface
is expected to emerge with some degree of directional

Figure 1. Number of MODIS daily scans over the
Arctic Ocean. Combining scans from both Aqua and
Terra platforms is a powerful way to observe the Arctic
Ocean surface. The figure depicts the spatial distribution
of the total number of Aqua and Terra scans for which
the sun was above the horizon at the center of the
orbital track on June 20, 2015. Digital surface model
from Porter et al. (2018). DOI: https://doi.org/
10.1525/elementa.2020.00080.f1
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irregularity (Goyens et al., 2018). Surfaces with such reflec-
tance properties are said to be anisotropic. In contrast,
under the same illumination, a surface with isotropic
reflectance properties would reflect radiance equally in
all directions. For our purpose, we defined the surface
reflectance (SREF) as the ratio of sea-ice-leaving radiance
Lrðθi; φjÞ to sea-ice-incident irradiance Ed (W m–2) nor-
malized to a perfectly reflecting isotropic surface
(1=π; sr�1):

SREF ¼
Lrðθi;φjÞ π

Ed
ð1Þ

In Equation 1, Lr (W m�2 sr–1) is the radiance in the
upward direction at given zenith (θi) and azimuthal (φj)
angles (Nicodemus et al., 1977). The subscripts i and j refer
to a specific narrow direction for which the radiance is
assumed homogeneous within a small finite field-of-view.
Surface reflectance is a widely used measurable quantity
(as opposed to conceptual; see Schaepman-Strub et al.,
2006) often named hemispherical-conical reflectance fac-
tor (HCRF, dimensionless). Surface reflectance may refer to
a particular satellite band, in which case

�SREF ðθi; φj; b; dÞ ¼
X

λ

SREFðθi; φj; λÞ � RSRðb; d; λÞ Δλ

ð2Þ

with RSRðb; d; λÞ as the relative spectral response for band
b and sensor d. The relative spectral response indicates the
quantum efficiency of the sensor at a particular
wavelength.

Our goal was to achieve PAR albedo estimates from the
satellite-derived surface reflectance. The albedo (a, dimen-
sionless) is a compilation of the surface reflectances from
all directions in a given band or spectral interval. If the
albedo is computed for an isotropic surface, a surface
reflectance of any direction is equal to its albedo. The
albedo is defined as the ratio of upwelling planar irradi-
ance Eu (W m–2) to downwelling planar irradiance, and is
computed as an angular weighted average of the surface
reflectances over all discrete quadrilateral regions ΔθiΔφj
of the upper hemisphere:

a ¼ Eu

Ed
¼

ð2π

φ¼0

ðπ

θ¼π=2

Lrðθ;φÞcosθsinθdθdφ

Ed

�
X

i

X
j

Lrðθi ; φjÞcosθi sinθi

Ed
ΔθiΔφj

� �

¼
X

i

X
j

SREFji cos θi sin θi

π
ΔθiΔφj

� �
ð3Þ

Here, radiances are approximated by non-equal regions
of assumed constant fluxes spanning the entire upper
hemisphere, and their conversion to a planar irradiance
requires accounting for their projected area. It follows that
the angular weighted sum of all surface reflectances

approximates the albedo. Spectrally, the wavelength-
integrated PAR albedo (aPAR) is defined as:

aPAR ¼

ð700

λ¼400

aðλÞEdðλÞdλ

ð700

λ¼400

EdðλÞdλ

ð4Þ

with EdðλÞ as the spectral irradiance incident on the sur-
face. To account for the variability of the reflectance from
sea ice surfaces based on solar and viewing geometries
(both known for any MODIS pixel), an anisotropy reflec-
tance factor (ARF) can be defined by normalizing the sur-
face reflectance (SREF in Equation 1) with the albedo
(Equation 3). This normalization allows us to assess the
angular and spectral dependence of contrasted melting
surfaces using a common scale. The ARFs take on values
below unity, equal to unity and above unity, depending
on the viewing angle. Values equal to unity imply that
the surface reflectance in that viewing direction is
numerically equal to the albedo. An ARF value below
(above) unity implies that the surface reflectance that
is being recorded in that direction is numerically smaller
(greater) than what would be recorded if the surface was
isotropic; using the surface reflectance from that direc-
tion and simply assuming that the surface is isotropic
would lead to an underestimation (overestimation) of
the albedo.

2.2. Approach

Because reflectance from the sea ice surface is anisotropic,
we needed a model to tie MODIS surface reflectance to the
albedo. Each available satellite viewing geometry repre-
sents a specific observation of surface conditions and sam-
ple of anisotropic sea ice surfaces. Depending on the
timing and the location, the surface could be composed
of melting snow, bare ice and/or melt ponds. For a given
reflectance measurement, we have no way of knowing the
composition of the surface element mixture that was sam-
pled, so we cannot apply an anisotropy correction based
on a surface typology.

We solved this inverse problem using a well-defined
and restricted approach. First, rather than deriving albedo
for a wide range of planetary surfaces and spectral
domains, we focused on a single surface cover class and
the visible range. Second, we set a narrow frame of mea-
surement conditions in which the departure from isotropy
is small. In fact, our model only needs to represent a subset
of surface anisotropy matching the sun and viewing geom-
etry of the Arctic scanned by MODIS, in addition to the
small spectral dependence of the surface over the visible
range (discussed in this section).

When the MODIS albedo (code MCD43) is produced
over land using the operational algorithm of Schaaf et
al. (2002; 2011), an albedo retrieval is computed over
sixteen days of satellite observation. On global scale, this
was deemed the best tradeoff between the number of
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angular samples and the time for which a surface is not
changing (Schaaf et al., 2011). The Arctic Ocean imposes
exceptional constraints, mainly the prevalent cloud cover
and the rapidly changing surface. Accordingly, we formu-
lated an empirical model that converts each clear-sky
remote sensing surface reflectance to albedo.

From a remote sensing perspective, to consider the
orientation of surface roughness features was not realistic,
especially as sea ice is potentially drifting around with
winds and currents. Thus, Arctic sea ice surfaces, unlike
ocean waves or wind-sculpted snow often found in Ant-
arctica (Warren et al., 1998; Hudson et al., 2006), were
simply assumed to be azimuthally homogeneous surfaces
and, consequently, only the relative azimuth angle
between the sun and the satellite was considered. Build-
ing on this assumption, we could rearrange the viewing
geometries using only the relative azimuth angle with the
Sun positioned at 180�. We observed that throughout the
melt season at the northernmost latitudes both MODIS
sensors have a limited domain of angular sampling (Barns-
ley et al., 1994; Privette et al., 1997). Over 66.6� N,
between May and September, MODIS sweeps from across
track scanning display only small variations in the azi-
muthal viewing geometries (Figure 2). This pattern of

viewing geometries reduces the distribution of ARF values
and constrains the conversion of surface reflectance to
albedo.

The solar zenith angle in the Arctic (over 66.6� N) is
always greater than 43�. The angular and spectral depen-
dence of surface reflectance is expected to increase for
large solar zenith and satellite viewing zenith angles (Per-
ovich, 1994; Bourgeois et al., 2006). Additionally, at large
solar zenith or satellite viewing zenith angles (towards
90�), we expect an increase in error due to a longer atmo-
spheric path radiance and reduced at-sensor signal-to-
noise ratio. For these reasons, we only examined situations
with a solar zenith or satellite viewing zenithal angle less
than 65� and 60�, respectively. The latitudinal limitation
and avoidance of long optical paths thus also constrains
the ARF values.

The Arctic exhibits a complex mixture of surfaces. For
practical reasons, we decomposed Arctic sea ice into dis-
crete surface categories. Perennial sea ice has a different
physical structure than first-year ice because of the sum-
mer melt (Grenfell and Maykut, 1977). It is also thicker. In
view of the distinctively complex topography and limited
(and decreasing) spatial coverage (Kwok et al., 2009;
Comiso, 2012), we decided to focus on first-year ice, again
restricting the possible ARF values. Following Perovich et
al. (2002), for a simplified representation of the seasonal
evolution of first-year sea ice, four dominant categories
were identified: dry snow, melting snow, bare ice and melt
ponds.

The operational MODIS surface reflectance product is
distributed for three visible bands not saturating over sea
ice. MODIS also records in six visible ocean color sensor
bands, but these bands have a high sensitivity that
makes them reach digital saturation over sea ice surfaces.
Figure 3 shows the spectral distribution of the selected
three MODIS bands in the visible range i.e. bands 01
(613–682 nm), 03 (451–481 nm) and 04 (538–569 nm).
These bands are well distributed to cover the spectral
range that is of interest for studying photosynthesis. Aqua
and Terra sensors have very similar spectral responses
(Figure 3). Thus, we assume that Terra’s spectral response
equals Aqua’s spectral response. Overlaid are the mea-
sured albedos of snow, bare ice and melt ponds surfaces
measured at Resolute Bay, Canada, from Perovich (1994).
These representative spectra are added to illustrate how
smooth the albedos of sea ice surfaces are over the visible
range (no sharp spectral features). This smoothness sup-
ports our premise that three sensor bands should capture
most of the information contained in the visible range. In
fact, both the magnitude of the signal and the spectral
shape of the surface carry relevant information that is
used by our model. For algorithm development, we had
to represent the surface reflectances of the available sat-
ellite bands by mimicking surface reflectances from high
spectral resolution data (in situ and modeled; see below)
scaled to the satellite spectral response functions.

So far, we have stated that a model to convert from
surface reflectance into albedo should yield an albedo
estimate for every surface reflectance observation. This
model should be developed to be valid under specific sun

Figure 2. Typical Arctic satellite viewing geometries
for MODIS Aqua and Terra. The centroids from sea ice
concentration product of the NSDIC 25-km polar
stereographic grid were used to extract approximately
100,000 surface reflectance values and associated
geometries distributed over ice covered pixels for May–
September of the year 2013. This information was
extracted from the Application for Extracting and
Exploring Analysis Ready Samples Tool (AppEEARS
Team, 2018). All of the geometries were aggregated to
1� � 1� angular resolution bins, and the amount of
surface reflectance observations within each bin was
used to determine the opacity of the bins in the figure.
DOI: https://doi.org/10.1525/elementa.2020.00080.f2
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and viewing geometries (azimuthal and zenithal), applica-
ble to a limited number of surface categories, and based
on the current satellite band availability. As with any
empirical model, our model will be limited by the amount
of high-quality data used to develop it, and limited Arctic
sea ice data exist. Even if in situ surface reflectance gen-
erally represents a valuable ground truth, it contains mea-
surement uncertainties due to the intrinsic complexity
involved, and, for the sake of algorithm development,
covers too limited a range of variations in illumination
conditions and in terms of surface categories (described
in Section 2.3.1). Thus, physical descriptions of sea ice
reported in the literature for our typical surface categories
were used to compute a more diverse synthetic sea ice
surface reflectance dataset simulated through a radiative
transfer model (described in Section 2.3.2).

2.3. Data

In this section, we first present the data used to develop
our algorithm.We used in situ surface reflectance because,
unlike models, in situ data have no chance of suffering
from possible errors in computer programs or from the
possible omission of the relevant physics. We used models
because they are immune from possible uncertainties on
calibration, temperature variations, gain or roll-off. A com-
bination of both leverages their advantages and
diminishes their weaknesses. We also present an indepen-
dent in situ dataset that will be used to evaluate our
model, as well as the remote sensing surface reflectance
that will be input to the algorithm, namely the opera-
tional MODIS surface reflectance product. Finally, we

present a set of ancillary data from a specific site that
helps to verify if the PAR albedo presents realistic values
when derived from remote sensing data.

The Green Edge field campaign took place at a fixed
location on landfast first-year ice in Western Baffin Bay
(67�28’ N, 63�48’ E; Figure 4 inset) near Qikiqtarjuaq
along the east coast of Baffin Island, Canada. This area is
where we will demonstrate the ability of the model to
predict albedo. In consideration of the land surrounding
the sampling site, we chose to define our study area as
a 9-km2 zone, which corresponds to 6 x 6 MODIS surface
reflectance pixels as shown in Figure 4. The study period
was from spring conditions (beginning of May, about –
8�C) to ice break up (mid-July, about 10�C) for 2015 and
2016. Because the field sampling strategy was set to char-
acterize the phytoplankton spring bloom dynamics, many
light-related variables were collected on site, including key
observations of in situ surface reflectance.

2.3.1. In situ surface reflectance

A dataset of highly resolved angular and spectral resolu-
tion field surface reflectance was derived from measure-
ments taken during the 2015 Green Edge Campaign
(Goyens et al., 2018). The complete dataset was generated
using a regression analysis and includes:

1. measurements from a camera of hyperangular
resolution (CamLum; Antoine et al., 2013) of
16,020 quadrilateral regions of uniform flux
ratios at 1� resolution in θ and at 2� resolution in
φ over the upper hemisphere;

2. measurements from a field spectroradiometer
(Analytical Spectral Device) of hyperspectral res-
olution subsampled to give contiguous wave-
length bands of 5 nm between 400 and 700 nm;
and

3. three typical Arctic surface types measured under
similar sun zenith angles, namely, dry snow (sun
zenithal angle at 56�), bare ice (sun zenithal
angle at 60�) and melt ponds (sun zenithal angle
at 57�).

Full description of the method used to generate the
dataset can be found in Goyens et al. (2018) and is avail-
able online (Massicotte et al., 2020). In brief, a multispec-
tral circular fish-eye radiance camera (measuring radiances
simultaneously in all directions) was combined to a hyper-
spectral field spectroradiometer guided by a metal arch
(measuring surface leaving radiances successively with
a goniometer for the angular increments). These in situ
surface reflectances were scaled with the MODIS spectral
response function (https://mcst.gsfc.nasa.gov/) to obtain
three weighted band averages (Equation 2). To filter out
part of the fine-scale irregular features emerging from
a limited sample size (less relevant to a general solution
for Arctic scale satellite remote sensing), the dataset was
resampled to coarser 10� x 15� angular bins.

Viewing zenithal angles were limited to � 60�. Towards
larger angles, contamination from surrounding surfaces is
hard to prevent. The lack of large viewing zenithal angles

Figure 3. MODIS spectral response. The three MODIS
visible bands and their relative spectral responses,
shown with typical sea ice albedo values over the
visible spectral range (400–700 nm). DOI: https://
doi.org/10.1525/elementa.2020.00080.f3
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in the goniometer/camera-based dataset from Goyens et
al. (2018) precluded the computation of the true albedo
from surface reflectances (Equation 3). Given that the con-
tribution of radiance at viewing zenith angles below 60�

accounts for 75% of upward irradiance, the computed
albedo from this dataset is in reality an approximation
of the albedo. A total of three albedo values were com-
puted from the in situ data.

2.3.2. Simulated surface reflectance

Simulated surface reflectances from radiative transfer
simulations were used to reproduce several environmental
conditions. Complementing the in situ data, they were
also used to train our algorithm as they simultaneously
provide both the surface reflectances and the PAR albedo.
Assuming that the atmosphere-sea ice-ocean system is
sufficiently horizontally homogeneous, AccuRT (Hamre
et al., 2017; Stamnes et al., 2018) should be a suitable
radiative transfer tool for simulation of various sea ice
surface reflectances, as it is built on the well tested and
extensively used discrete-ordinate radiative transfer
method DISORT (Stamnes et al., 1988), which has been
developed to handle media of different refractive indices
(Jin and Stamnes, 1994), with additional development of
parameterizations of atmosphere, snow, sea ice, and ocean
inherent optical properties (Hamre et al., 2004; Stamnes
et al., 2011; 2018).

The fully coupled atmosphere-sea ice model was used
to run 36 simulations (with 64 streams) over the visible
range at 5-nm spectral resolution, with 10� angle resolu-
tion in θ, 15� resolution in φ, and all four surface types. The
upwelling radiances are resolved at non-equal-area quad-
rilateral regions of constant fluxes over a hemisphere of
2π (surface and sky domes). We computed the downward
and upward irradiances above the surface, and the upward
radiances from 0 to 90� in θ and 0 to 360� in φ, to derive
an equivalent physical quantity to what is provided by the
MODIS surface reflectance product. These synthetic, hyper-
spectral simulated surface reflectance values were also
scaled by the MODIS spectral response function.

The rationale was to represent these four distinct cate-
gories (dry snow, melting snow, bare ice, and melt ponds)
under natural illuminations and typical physical varia-
tions. Three sun zenithal angles (45�, 55� and 65�) were
chosen to be representative of relevant satellite observa-
tions for reasons established in the previous section. An
oceanic aerosol model was used (Ahmad et al., 2010;
IOCCG report, 2015). For each snow and ice medium, two
layers were present. Realistic sea ice physical values were
obtained from Light et al. (2003), Hamre et al. (2004),
Marks and King (2014), Taskjell et al. (2017) and Oziel et
al. (2019). The main features of the simulations are sum-
marized as follows. For the dry and melting snow cases,
the fine and coarse (respectively) geometrical thickness
of the snow grain layer was changed from large to small

Figure 4. Green Edge study area. The study area is shown by the 36 MODIS 500-m pixels superimposed onto a Landsat
(30-m spatial resolution) true color image from USGS on July 14, 2015, and land relief from Natural Resources Canada
(computed from a 5-m spatial resolution digital elevation model). The sea ice margin is visible to the right of the image.
The 25-km scale bar shows the typical spatial resolution of scatterometers and passive microwave radiometers. Inset
shows the image location in the Arctic. DOI: https://doi.org/10.1525/elementa.2020.00080.f4
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(0.10 m, 0.05 m and 0.025 m) and overlaid by a constant
0.01-m layer of fresher snow, covering the transition at
the melt onset. This approach resulted in a transitional
decrease in the portion of light scattered upward (War-
ren, 2019). The main characteristic for the dry snow case
is the presence of a snow with a density of 320 kg m–3

and an effective snow grain radius of 300 mm. The snow
in the melting snow case had the same thickness but
a density of 400 kg m–3 and an effective grain radius of
1000 mm. For the bare ice, the ice thickness was changed
from thicker to thinner (0.95 m, 0.50 m and 0.30 m). On
top, a surface scattering layer of 0.02 m was assumed.
The surface scattering layer (here represented by old
snow) had a density of 500 kg m–3 and an effective grain
radius of 1200 mm. This top layer was meant to domi-
nate the scattering budget so that little variation in the
reflected light was observed (Perovich, 2005). Finally, for
the 0.10-m deep melt ponds, ice thickness was varied
(0.95, 0.50 and 0.30 m) because the light reflectance
depends very little on water thickness (Makshtas and
Podgorny, 1996).

2.3.3. Evaluation dataset of surface reflectance

We used in situ and simulated surface reflectances to train
our model, but it was desirable to have an additional
collection of independently measured surface reflectances
of sea ice to evaluate the performance of our model. Per-
ovich (1994) examined five cases of first-year sea ice with
a hyperspectral spectroradiometer guided by a goniometer
at Resolute, in the Canadian Archipelago. The objective for
making these field observations was to help with the
interpretation and application of directional satellite mea-
surements made over a variety of ice conditions. During
the melting season, surface reflectance and corresponding
albedo measurements were performed over dry snow,
snow with a glazed surface (glazed snow), bare ice, blue
ice and melt ponds. Each surface type was assessed by
a single set of scans with a sun zenithal angle around
58� (see table 1 in Perovich, 1994). Measurements for the
viewing geometry were made from 0 to 60� with 10�

increments in θ and from 0 to 360� with 30� increments
in φ. As formulated above, only the restricted zenithal
viewing angles and MODIS-specific azimuthal range were
of interest to us for the evaluation (Section 2.2; Figure 2).
Because the irradiances and PAR albedo were not included
in the dataset, the PAR albedo could not be computed
with Equation 4, but it was approximated by the mean
of the spectrally resolved albedo measurements of the
visible interval (approximately 3-nm spectral resolution;
shown in Figure 3). Using the simulated surface reflec-
tances, we compared this approximation with the values
derived from Equation 4 and found the approximation to
be a reasonable assumption.

Since we are mostly interested in the performance of
the model when applied to remote sensing data, we also
used this evaluation dataset to assess the impact of atmo-
spheric corrections. In theory, the remote sensing surface
reflectance is corrected for atmospheric scattering and
absorption and is supposed to represent what would be
measured directly in the field (see next section), but this

process is non-trivial. In fact, the level of accuracy of the
atmospheric corrections for the surface remote sensing
reflectance product is estimated to be typically ± 0.005
þ 5% * surface reflectance (Vermote et al., 2015). Using
that range as an imperfect estimate of uncertainty for
surface reflectance, represented as a 99% confidence
interval under the assumption that this error is normally
distributed, we propagated the atmospheric correction
uncertainties in the evaluation dataset of surface reflec-
tance and estimated the resulting uncertainty in the
albedo estimates.

We compared the predicted PAR albedo (Mi) to the
observed PAR albedo (Oi) and computed the mean abso-
lute error (MAE; Equation 5), the root mean square error
(RMSE; Equation 6) and coefficient of determination (R2)
metrics.

MAE ¼

Xn

i¼1
jMi � Oij
n

ð5Þ

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1
ðMi � OiÞ2

n

vuut
ð6Þ

These metrics were chosen for their simplicity and dif-
ferent representativeness of the distribution of error in the
model. Both Equations 5 and 6 present average error
metrics in the same units as the PAR albedo, with the
RMSE being more sensitive to outliers. The coefficient of
determination represents the variation in the measured
PAR albedo that is explained by our predictive model and
is unitless.

2.3.4. Remote sensing surface reflectance

The MODIS surface reflectance level 2G-Lite daily products
(Aqua MYD09GA and Terra MOD09GA) include three
500-m spatial resolution visible bands (introduced in
Figure 3). These geophysical products are corrected for
the effects of atmospheric scattering (aerosols, thin cirrus
clouds) and absorption (aerosols, ozone and water vapor)
and thus aim to represent instantaneous estimates of sur-
face reflectance that would be measured at the Arctic
surface. In other words, the numerical values derived from
remote sensing are meant to have the same physical
meaning (SREF; Equation 1) than our in situ surface reflec-
tance (Section 2.3.1), simulated surface reflectance (Sec-
tion 2.3.2) and evaluation dataset of surface reflectance
(Section 2.3.3).

We considered only the best quality satellite observa-
tions, defined as follows: 1) cloud masking was performed
by MODIS MOD35 product in addition to the surface
reflectance product internal cloud algorithm; 2) values
flagged as none-high band quality (see Vermote et al.,
2015, their table 10) were discarded; and 3) pixels with
presumed cloud shadow or high aerosol loads, or having
sun zenithal angles > 65� and viewing zenithal angles >
60�, were removed. Note that the in situ data (Section
2.3.1) were acquired with sun zenithal angles around
60� but the simulated data (Section 2.3.2) extended to
sun zenithal angles of 65�, which makes us confident our
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algorithm can process satellite-derived surface reflectance
with sun zenithal angles < 65�.

Combining Aqua and Terra sweeps across the viewing
hemisphere regularly provides up to 14 observations of the
Green Edge study area per day (Figure 1). In this investi-
gation we used all satellite passes (layers), regularly yielding
multiple individual viewing and illumination geometries in
a single day (Figure 2). To derive area-averaged seasonal
time series of PAR albedo over the study area, we used a 6 x
6 pixel spatial window of Aqua and Terra daily surface
reflectance products centered on the Green Edge study area
(Figures 4 and 5). Satellite passes were retained if, within
the spatial window, they contained more than three valid
pixels. Pixels were retained if, within an entire day, they had
a coefficient of variation (standard deviation divided by the
mean) less than or equal to 25% for the surface reflectance
values of each band.

2.3.5. Ancillary data

Other variables were compiled to provide a context for local
PAR albedo fluctuations. For the Green Edge study area,
spectral albedo data were acquired on site in the spring
of both years (i.e., 2015 and 2016; Verin et al., 2019).
SOLALB (a custom-built radiometer) measurements at 3-
nm spectral resolution (Picard et al., 2016) were collected
at random locations over the study area every second day
using a metallic arm at 0.80 m above the surface. Integra-
tion times were automatically adjusted for the 10 spectra
acquired in triplicate at each site (snow pits and transects,
5-m intervals over 100 m to 150 m). Daily averages of PAR
albedo were computed from this dataset. Melt pond frac-
tion was derived using a time-lapse of photographs taken
from a high vantage point North of the study area (sur-
rounding hill of elevation approximately 310 m; Figure
4). Melt pond fraction at the ice camp was derived based
on a classification similar to that used by Perovich et al.
(2002), Katlein et al. (2015), and Taskjelle et al. (2017). All

photos (30-min temporal resolution, daylight) with a clear
near-surface atmosphere were RGB-transformed and
cropped to cover approximately the 9 km2 area of interest.
A fixed threshold of 0.5 in RGB intensity was chosen to
distinguish melt ponds from bare ice. Melt pond fraction
was averaged every second day and interpolated to obtain
daily values. Finally, rain and snow precipitation data were
summarized from hourly to daily from Qikiqtarjuaq airport
(Figure 4) located 12 km away (provided by Environment
and Climate Change Canada).

2.4. Predictive model

Altogether, the in situ (Section 2.3.1) and simulated data-
sets (Section 2.3.2) cover a large array of sea ice surface
reflectances and corresponding PAR albedos. This dataset
was used to train a model that converts remote sensing
surface reflectances (Section 2.3.4) to PAR albedo. The
technical details of the model are presented here.

First, a time series of n remote sensing data was
retrieved and added to the training dataset to form a sin-
gle matrix. This matrix has seven columns: surface reflec-
tance in band 03 (SREF3), surface reflectance in band 04
(SREF4), surface reflectance in band 01 (SREF1), sun
zenithal angle (θi), viewing zenithal angle (θv), relative
azimuthal angle (Δφ) and PAR albedo (aPAR). It has a total
of m rows, with k rows from the training data and n rows
from remote sensing data ðm ¼ kþ nÞ. At this point, the
PAR albedo is not available for the n rows from remote
sensing data. Second, we selected only the six columns
representing the three surface reflectance bands and
their three geometrical configurations. This subset
matrix has the dimensions of m x 6. We centered and
scaled the subset matrix and computed its principal com-
ponents. In the new coordinate system, the m rows are
representing the scores of the six principal components.
Third, the first k rows of the scores (associated to the train-
ing data) were regressed against the known PAR albedo to

Figure 5. The MODIS surface reflectance quality control. The product L2G format preserves all the observational
data (up to 14 per day for the Green Edge study area). Every 6 � 6 pixel grid (left of the figure) is referring to the
gridded area depicted in Figure 4 but stacked to represent the 14 satellite passes collected over a single day. Surface
reflectance values, quality indicators and associated sun-satellite geometry are embedded in each pixel. The quality
control which includes the removal of cloudy scenes, highly reduces the amount of remote sensing surface
reflectances that will be converted to albedo (right side of the figure). DOI: https://doi.org/10.1525/
elementa.2020.00080.f5
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form a multilinear regression with seven coefficients (one
intercept, B0, and six coefficients, Bw¼1; ... ;6). To avoid over-
fitting the data, a subset of the coefficients was selected
with a stepwise regression process based on the Akaike
information criteria (Akaike, 1973). Fourth, the predictive
model of the form

aq
PAR ¼ B0 þ

X�6

w¼1

Bw � PCq
w ð7Þ

was used to map the unknown PAR albedo (aq
PAR) for

the remaining scores (PCq
w). A single observation

ðq ¼ 1; . . . ; nÞ can represent more than a single surface
category, such as bare ice and melt ponds. The predictive
model can be applied to linear mixtures of the repre-
sented cases used for the development of the model. How-
ever, the model will likely be making unreliable
predictions for the cases outside of the scope for which
it was developed. Accordingly, we rejected any inversion
made from Equation 7 that would fall outside the range
[0.2, 0.98] (i.e., possibility of open water and unrealisti-
cally high values).

All instantaneous visible albedo estimates ðaq
PARÞ were

then converted to a reference instantaneous albedo at
a sun zenith angle of θ0 ¼ 65�, so that differences in albe-
dos are ascribable to different atmospheric or surface con-
ditions and not to different times and latitudes. Following
Lindsay and Rothrock (1994), a normalization factor based
on the function hðθÞ was used as

aðθ0Þ ¼ aðθÞ hðθ0Þ
hðθÞ

� �
ð8Þ

with

hðθÞ ¼ 0:73 � 0:14 cos θ ð9Þ

such that hðθ0Þ � 0:67. In our work frame, 65� is the
maximum sun zenith angle and the normalization factor
equals one. However, this normalization factor can
increase the albedo up to 7% of its original value, should
the observation be made at the minimum sun zenith
angle of 43�.

3. Results and discussion
3.1. Details of the model

In this section we present details of the data that were
used to build our predictive model.

3.1.1. Variability in the albedo of sea ice

We first consider the albedo spectra gathered to train our
model to convert different types of Arctic first-year sea ice
surface reflectances.

Albedo spectra derived from in situ measurements
(dotted lines in Figure 6) differ slightly from those
derived from radiative transfer simulations (solid lines
in Figure 6). In the different groups of simulated albe-
dos, variations of the sun zenithal angle and thickness
(dry snow thickness, melting snow thickness, bare ice
thickness and melt pond thickness) creates the spread
between the different lines. Most simulated albedo spec-
tra agree well with measurements found in the literature.
For example, snow and melting snow are similar to those
found in Grenfell and Maykut (1977) in their figure 1.
With snow metamorphism, snow grain size increases, the
optical path increases and the albedo decreases with

Figure 6. All albedo values used to train our model. Dotted and solid lines representing in situ derived (3) and
simulated albedo spectra (36) for Arctic first-year sea ice, respectively. There were no in situ data for the melting snow.
DOI: https://doi.org/10.1525/elementa.2020.00080.f6
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time (e.g., Wiscombe and Warren, 1980). When the snow
depth decreases, the underlying darker ice becomes
apparent. Albedo increases with solar zenithal angle as
the probability that a photon is scattered out increases
when traveling at an angle close to that of the surface
plane. Bare ice and melt ponds albedo are very similar to
spectral albedos presented by Light et al. (2015) in their
figure 4. Bare ice albedo decreases with decreasing
underlying ice thickness, with the influence of underly-
ing ice and seawater remaining minimal because of the
ice surface scattering layer (Light et al., 2008). Even if the
magnitudes of the bare ice spectra are generally compa-
rable, there is a difference in spectral shape between in
situ and modeled albedos, which is potentially due to

a difference in amounts of impurities. Melt pond albedo
decreases with decreasing underlying ice thickness (the
ocean becomes increasingly apparent). Bare ice albedo
and melt pond albedo have the smallest and the greatest
albedo variability in the dataset, respectively. Overall, our
simulated sea ice visible PAR albedo ranges between 0.95
and 0.2.

3.1.2. Variability in the anisotropy reflectance factor

of sea ice

The ARF values derived from in situ surface reflectance for
the three surface types and three MODIS spectral bands
are shown in Figure 7. In these and all other polar plots
presented in this paper, a common azimuthal reference

Figure 7. In situ anisotropy reflectance factor (ARF) polar plots. The full angular resolution from measurements of
three contrasted surface types and the three MODIS bands are shown. Viewing azimuthal (0� to 360�) and zenithal
(0� to 60�) angles are shown on a single plot, along with the black dots representing all MODIS Aqua and Terra
viewing geometries for the Green Edge study area over the 2015 and 2016 periods studied (see Figure 2). The
common ARF color scale diverging palette allows seeing where the isotropic assumption underestimates (green) or
overestimates (red) PAR albedo. All sun zenithal angles were close to 57�; see Section 2.3.1 for additional description.
DOI: https://doi.org/10.1525/elementa.2020.00080.f7
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has been adopted, with the viewing azimuthal angle
pointing towards the Sun at 0�, and therefore the Sun is
positioned at 180�. This azimuthal direction will be
referred to as the principal plane, and the direction
between 90� and 270� will be the perpendicular plane.

For all surface types, the largest in situ ARF values were
observed in the upper part of the plots (viewing angle
pointing towards the Sun). More generally, deviations
from isotropy were more prominent along the principal
plane while the view angles close to the perpendicular
plane were more stable. The snow-covered surface showed
smooth angular variations in ARF values for all bands. A
notable feature was that within the circle circumscribing
the 30� view angle (near-nadir viewing geometry), the
variations were minimal and the snow ARF values were
close to one. Despite more heterogeneous angular varia-
tions (speckles), which are typical of such surfaces, bare ice
and melt ponds showed similar angular patterns, again
with the maximum ARF values recorded when the viewing
angle was pointing towards the Sun direction. A mixture
of thawed ice and highly reflective ice grains caused this
small-scale heterogeneity (see figure 4 in Goyens et al.,
2018). The more extreme angular dependence found for
bare ice and melt ponds resulted from fewer scattering
events (Coackley, 2003) and internal reflections (Jiang et
al., 2005; Smedley et al., 2020). For bare ice, the lower left
and the lower right parts of the polar plot differ because
of non-uniformly distributed fine-scale surface features.
Also, because melt ponds were surrounded by a porous
surface scattering layer, slightly higher ARF values were
observed all around at the higher viewing zenith angles.
All of these measurements are demonstrably more het-
erogeneous than what is typically computed from mod-
els with similar sea ice optical properties but with
a surface that is perfectly homogeneous (Hudson et al.,
2006). We suspect that this heterogeneity would be aver-
aged out if the number of sites for data collection were
increased.

For the ice medium, the spectral dependence of scat-
tering in the visible wavelength interval is negligible and
the absorption coefficient increases almost log-linearly
with the wavelength (Warren and Brandt, 2008). As a con-
sequence, for a given illumination condition and a given
surface, the mean path length of the outgoing visible light
decreases with the increasing wavelength. Therefore
band04 (545–565 nm) is at an intermediate stage of
anisotropy between band03 (459–479 nm) and band01
(620–670 nm), with band01 as the most anisotropic one.

Figure 8 presents the ARF values from our simulated
dataset generated using the AccuRT model, showing four
surface categories (dry snow, melting snow, bare ice and
melt pond), for a single set of physical properties, and the
medium solar zenith angle (55�).

Figure 8 shows a similar pattern as Figure 7, with
a prominent hotspot in the viewing direction that opposes
the azimuthal sun direction. However, this time, the surface
reflectances are symmetrical with respect to the solar plane.
As with the in situ data, the diverging ARF values increase
with sun zenithal angle, wavelength and melt progression.
Within this restricted zenithal range, the peaks in melt

pond reflectance are weaker compared to that of in situ
data. Although the values used for the simulations are not
meant to mimic the conditions in which the in situ data
were measured but rather to represent typical Arctic sea ice
under additional environmental conditions, the ARF plots
show comparable anisotropy patterns.

We now specifically address the range of variation in
ARF that is actually relevant to the reflectance measure-
ments made with the MODIS sensors over the Arctic Ocean.
In Figures 7 and 8, we superimposed onto the ARF polar
plots the MODIS viewing geometry observed at the Green
Edge study area (largely representative of the pattern found
elsewhere in Arctic; see Figure 2) and at any time when the
sun zenith angle is less than or equal to 65�. Overall, the
azimuthal angle ranges between 50� and 80� (230� and
260�) for Aqua and from 100� to 130� (280� and 310�)
for Terra, lying closer to the perpendicular plane than the
principal plane. From a practical viewpoint, this angular
domain designates the range of variation in ARF that
must be addressed in an effort to estimate the PAR
albedo. It is much narrower than the full range of varia-
tion in ARF. The specific satellite geometric sampling
avoids measuring the maximum reflection from the sun,
which is centered on the forward direction (180� relative
azimuth angle between sun and sensor, principal plane),
as a result of the prevalent forward scattering within
snow and ice, and to which specular reflection is added
on melt ponds.

Figure 9a shows the frequency distribution of in situ
ARF of the snow surface for the restricted zenithal range
and for the specific azimuthal range of MODIS. We
defined the restricted zenithal range as all ARF values
having zenith angles below 60� (azimuthal range 0� to
360�). The specific azimuthal range is a subset of the
restricted zenithal range corresponding only to the pos-
sible azimuthal viewing directions of MODIS-Aqua and
MODIS-Terra in the Arctic. Figure 9b is an alternative
way of viewing the slice of ARF data from the specific
azimuthal range, shown as if the data overlaid by the
viewing geometry in Figure 7 had been extracted. This
slice represents only the MODIS Aqua viewing geometry
(single azimuthal plane) observed at the Green Edge
study area, with length of the arrows as the magnitude
of the ARF values.

As can be seen in Figure 9a, the distribution of ARF
values relevant to the measurements made with the MODIS
sensors (i.e., specific azimuthal range) is narrower than
when all azimuthal angles are included (i.e., restricted
zenithal range). This difference is especially important in
consideration of the long tail at the right of the ARF
value of unity represented by the vertical dashed line in
Figure 9a. Also, although this may not always be the case,
the range of ARF values displayed in Figure 9b has little
viewing zenithal dependence. For the snow-covered ice, the
viewing geometries from MODIS are showing ARF values
below unity for most of the viewing zenith angles, implying
that if no correction were to be applied to the satellite
surface reflectances (i.e., under the assumption of isotropy),
the resulting albedo would be biased low. To generalize this
observation, we extracted MODIS viewing geometries on
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all polar plots. In Table 1, we report the corresponding
standard deviation of the ARF values as a measure of
the spread of the distribution. We have included an
additional category named all hemispheric values,
which represents all ARF values within the 0� to 90�

zenithal range and 0 to 360� azimuthal range.
To interpret the numbers shown in Table 1, consider

the first block showing in situ dry snow. The middle

column, band 04, reports on the example shown in
Figure 9. The standard deviation for the distribution of
ARF of the restricted zenithal range (white histogram in
Figure 9) is 0.08 and that of the specific azimuthal range
(black histogram in Figure 9) is 0.04. When showing all
hemispheric values, the standard deviation from the in
situ dataset was removed because of the artifacts in the
large angles, but computing it for the simulations was

Figure 8. Simulated anisotropy reflectance factor (ARF) polar plots. One simulation per category is presented
(Section 2.3.2), chosen to be the one with the middle of the three varying physical thicknesses with a sun zenithal
angle of 55� and the zenithal viewing angle restricted to less than 60�. DOI: https://doi.org/10.1525/
elementa.2020.00080.f8
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possible. Table 1 illustrates how restricting the viewing
zenith angle to 60� in conjunction with MODIS-specific
azimuthal range greatly reduces the spread of the ARF
values for all sea ice surface types. This reduction allows
for the development of a simple and robust predictive
model from satellite-derived surface reflectance.

3.2. Evaluation of the model

Now that we have presented the spectral and angular
considerations on which we base this study, we evaluate
our model trained with the in situ and simulated data
presented above. First, we evaluate our model directly
with the 40 surface reflectances of relevant geometry
and corresponding albedo from the field measurements
of Perovich (1994).When compared with the correspond-
ing field measurements of albedo, we found an MAE of
0.055, an RMSE of 0.072 and an R2 value of 0.92. The
predictions are gathered around the one-to-one line,
representing a good agreement with the evaluation data
(Figure 10a). Predicting the albedo for the glazed snow
and blue ice surfaces appears somewhat less accurate
than for other surface types, mainly because our model
was not trained for those specific surface types. Because
the error metrics are hard to interpret on their own, we

used a simple model to compare the performance of our
model. The averaging model does not use the angular
information and computes the mean of the three bands
of surface reflectances to estimate the albedo. This short-
cut to derive PAR albedo from satellite data is tempting
but, in principle, albedo should not be computed this
way because the upward irradiances should be inte-
grated first and then divided by the total downward
irradiance. When the averaging model is used, we have
an MAE of 0.085, an RMSE of 0.1, and an R2 value of
0.82. Our model outperforms the averaging model,
which yields greater scatter around the desired albedo
(Figure 10b).

Second, to evaluate the accuracy of our model when
used with remote sensing surface reflectance, we added
the uncertainty emerging from the correction for the over-
lying atmosphere. The mean (standard deviation) MAE,
RMSE and R2 values were determined to be 0.057
(0.0026), 0.074 (0.004) and 0.91 (0.0071), respectively.
These values represents a small decrease in performance
compared with the evaluation of the dataset without the
atmospheric uncertainty. The computed MAE and RMSE of
the averaging model were twice as high as those of our
model, and the R2 was 0.77.

Next, we use Equations 7 to 9 to derive a time series of
PAR albedo from spatially and temporally neighboring
surface reflectance estimates at 500-m spatial resolution
between cold spring (April) and ice break up (mid-July)
conditions at the Green Edge study area.

3.3. Albedo time series

Albedo time series were derived using the model devel-
oped above using MODIS surface reflectances for the
Green Edge study area of 6 x 6 pixels (approximately
9 km2). To create the albedo time series, our method was
to average the albedo values obtained for the entire area
(36 pixels) and every satellite pass in a given day. In gen-
eral, within a stack as presented in Figure 5, possible
under- and over-estimations from our model are likely
to counteract one another. This regression towards the
mean is an advantage of using remote sensing over high
latitudes where polar orbiting satellites often revisit
a given location even over a relatively short time (Figures
1 and 5). The mean albedo time series with the coefficient
of variation (over the 6 � 6 pixel area) are calculated daily
and shown in Figure 11, along with related environmen-
tal conditions.

3.3.1. Albedo and spatial heterogeneity

A comparison of satellite-derived albedo (black dots) with
that derived from in situ data (open squares) is shown in
Figure 11a and e. This comparison is not ideal for several
reasons. The field data characterized an area of the order of
one square meter, and the satellite data characterized the
area-average properties of the non-uniform surface over
several square kilometers. Moreover, no information on the
time of acquisition for the in situ data was available, so
normalizing to the sun position or matching data by
a less-than-a-day time window was not possible. Nonethe-
less, even with the spatial heterogeneity of sea ice being

Figure 9. Example of measured ARF values. (a)
Distribution of ARF values for in situ dry snow case in
the band04 (538–569 nm) for the restricted zenithal
range in white (i.e., range restricted to all azimuth
angles and zenith angles below 60�) and for the
specific azimuthal viewing range of the two MODIS
sensors typical of viewing direction encountered in
the Arctic (i.e., range specific to azimuthal angles
between 50� and 80� and 230� and 260� for Aqua
and from 100� to 130� and 280� and 310� for Terra
and the zenith angles below 60�). Vertical dotted line
indicates ARF value of unity. (b) Display of these ARF
values for the specific azimuthal range of Aqua viewing
geometry, with the zenithal dependence. DOI: https://
doi.org/10.1525/elementa.2020.00080.f9
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Table 1. Standard deviation of anisotropy reflectance factor (ARF) values by band of surface reflectance for the different
ARF origins, cases, and types. DOI: https://doi.org/10.1525/elementa.2020.00080.t1

Origin Case Typea Band 03 Band 04 Band 01

In situ Dry snow All hemispheric values — — —

In situ Dry snow Restricted zenithal range 0.07 0.08 0.09

In situ Dry snow Specific azimuthal range 0.04 0.04 0.05

In situ Bare ice All hemispheric values — — —

In situ Bare ice Restricted zenithal range 0.08 0.09 0.12

In situ Bare ice Specific azimuthal range 0.05 0.06 0.08

In situ Melt pond All hemispheric values — — —

In situ Melt pond Restricted zenithal range 0.08 0.11 0.20

In situ Melt pond Specific azimuthal range 0.04 0.05 0.09

Simulations Dry snow All hemispheric values 0.21 0.25 0.28

Simulations Dry snow Restricted zenithal range 0.07 0.09 0.10

Simulations Dry snow Specific azimuthal range 0.05 0.07 0.07

Simulations Melting snow All hemispheric values 0.24 0.29 0.32

Simulations Melting snow Restricted zenithal range 0.09 0.11 0.12

Simulations Melting snow Specific azimuthal range 0.07 0.08 0.09

Simulations Bare ice All hemispheric values 0.33 0.38 0.42

Simulations Bare ice Restricted zenithal range 0.13 0.15 0.16

Simulations Bare ice Specific azimuthal range 0.10 0.11 0.12

Simulations Melt pond All hemispheric values 0.50 0.53 0.64

Simulations Melt pond Restricted zenithal range 0.11 0.12 0.13

Simulations Melt pond Specific azimuthal range 0.10 0.11 0.12

aAll hemispheric values pertains to simulations only and refers to all ARF values within the 0� to 90� zenithal range and 0� to 360�

azimuthal range; restricted zenithal range refers to values for viewing zenithal angle below 60�; specific azimuthal range refers to
values for the MODIS-specific azimuthal range.

Figure 10. Evaluation of the model. The scatterplot shows the comparison between the albedo predicted by (a) our
model and (b) the averaging model for the surface reflectances of Perovich (1994) and the known albedo from the
same data set, with the dashed line as the 1:1 ratio. The color code represents the different surface categories.
DOI: https://doi.org/10.1525/elementa.2020.00080.f10
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potentially quite large at sub-pixel scale (Katlein et al.,
2015) and inter-pixel scale (Figure 11b and f) and the
potential influence of the diurnal albedo cycle (Lindsay
and Rothrock, 1994), the satellite-derived values we
obtained are consistent with the albedo derived from
in situ data. The comparison with in situ measurements
was made, however, for periods when the spatial hetero-
geneity was low (i.e., when in situ data represented the
areal average albedo). Nine days of measurements
occurred with valid satellite retrievals (matchups) and
the comparison yielded an MAE of 0.040, an RMSE of

0.043 and an R2 value of 0.96. This level of accuracy is
better than what was obtained in the evaluation of the
model (Section 3.2), but is only established from albedo
values > 0.6, as shown in Figure 11a and e.

At the Green Edge study area over the course of the melt
season, the albedo evolved similarly for years 2015 and
2016 overall (Figure 11a and e). The months of April and
May exhibited relatively stable and high albedos with weak
spatial heterogeneity, as expressed by the coefficient of
variation calculated over the study area. In the first half
of June 2015 (2016), when the surface was still very

Figure 11. Albedo, coefficient of variation, melt pond fraction, and precipitation at the Green Edge study area.
Data are shown for years 2015 and 2016. In (a) and (e), the daily PAR albedo built from instantaneous MODIS
observations of surface reflectance is presented (black dots). In (b) and (f), the coefficient of variation of daily PAR
albedo is presented, with dot size representing the number of valid satellite passes used to compute the daily PAR
albedo. Other independently measured variables are in situ albedo (empty squares) in (a) and (e); melt pond coverage
derived from photographs (black dots) in (c) and (g), with dashed lines representing the linear interpolation; and
precipitation (snow and rain) in hours per day in (d) and (h) recorded at the local airport. DOI: https://doi.org/
10.1525/elementa.2020.00080.f11
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reflective to visible radiation, the PAR albedo dropped from
> 0.95 to 0.90 (> 0.95 to 0.82) and the spatial coefficient of
variation increased to 2% (3%). Then, during the second
half of June, the areally averaged PAR albedo decreased to
0.67 (0.49). The spatial heterogeneity concomitantly
increased reaching a coefficient of variation of 6% (8%)
(Figure 11b and f). Finally, during the first half of July, the
PAR albedo decreased to 0.10 for both years. The spatial
heterogeneity was rather stable in July 2015 in comparison
to the considerably fluctuating albedo in July 2016, with
a coefficient of variation reaching 8% (13%) over the course
of the month. This difference suggests that melt ponds
were distributed more equally over the site in 2015. How-
ever, this suggestion is hard to verify because of the remark-
able absence of valid satellite observations soon after the
start of melt ponds due to the persistent cloud cover. For
both years, the ice export due to landfast ice detachment
(on July 18 in 2015; July 16 in 2016) created a drop in PAR
albedo from approximately 0.40 to 0.08, producing the
most drastic change (in absolute values) in underwater light
availability for phytoplankton (Lewis et al., 2019). This tran-
sition to an open water albedo defines the limit of appli-
cability for our model.

3.3.2. Context variables

Context variables were chosen for their potential impact
on the PAR albedo and because they were collected inde-
pendently from satellite observations. There were no melt
ponds prior to June 19, 2015, and June 14, 2016. The
surface air temperature, measured on site by a Campbell
Scientific HC2S3 temperature probe (not shown), was
always below 0�C prior to May 24, 2015, and April 20,
2016, and the first day predominantly above 0�C was June
14, 2015, and May 15, 2016. Before the melt pond period,
the above surface air temperature was impacting sea ice
albedo, but whether variations of PAR albedo of that mag-
nitude are ascribable to changes in temperature or simply
to our inability to perfectly convert the remote sensing
surface reflectances to the corresponding PAR albedo
around the onset of surface melt is difficult to determine.
In spite of this ambiguity, we clearly see how large varia-
tions in the independently measured melt pond fraction
were captured successfully by the satellite PAR albedo
time series (Figure 11c and g). The maximum recorded
melt pond fractions were on June 25, 2015 (55%), and
June 21, 2016 (70%). After drainage (Perovich and Pola-
shenski, 2012), a late minimum in melt pond fraction was
recorded on July 7, 2015 (8%) and July 4, 2016 (19%). Melt
pond fraction increased again until ice break up (20%) in
2015. In 2016, it increased until July 7 (26%), then slowly
decreased to 16% until ice break up. In the second half of
June 2016, however, the intense fog prevented the camera
from capturing melt pond coverage information on the
surface for days. This situation is typical of the late spring
and early summer in the Arctic, and clearly reveals the
limitation of choosing visible imagery (including satellite
remote sensing) for studying sea ice. Finally, precipitation
(Figure 11d and h) should impact the PAR albedo time
series enough to be captured by our method, at least when
enough valid observations are available. Solid

precipitation increases the PAR albedo with fresh snow
having the highest PAR albedo occurring on Earth, and
liquid precipitation decreases the PAR albedo either in
fostering melt and promoting metamorphism or by accu-
mulating in melt ponds. Important snowfall events were
regularly observed before mid-June of both years, keep-
ing the PAR albedo above 0.80. Snowfalls are also seen in
the second half of June 2016, but because snow does not
accumulate in ponds the impact was damped. The first
rain events were recorded on June 4, 2015, and May 23,
2016. These short-lived and isolated episodes did not
seem to affect the PAR albedo time series dramatically.
However, it rained for five hours or more during three
days in 2015 (June 25, July 1 and 15) and four days in
2016 (June 19, 25, 28 and July 9), and these events
correspond with a period when the satellite PAR albedo
time series was lower than 0.6.

4. Conclusion and perspectives
We have shown here that achieving sea ice PAR albedo
estimates over the Arctic is possible from satellite-derived
surface reflectance. The main strength of our model is that
it uses only the surface reflectance and associated geom-
etry as a direct predictor of surface PAR albedo. This
approach was justified by the persistent cloud cover and
rapid changes occurring at the Arctic Ocean surface.
Where scarcity in data availability would impede the iden-
tification of an appropriate sea ice anisotropy model, we
established a conservative frame into which a predictive
model can process the surface reflectances and provide
a PAR albedo retrieval for every clear-sky satellite passage
without using any other ancillary data.

Based on in situ measurements and the prescribed
atmospheric correction uncertainty, the estimated PAR
albedo had a mean absolute error of 0.057, a root mean
square error of 0.074 and an R2 value of 0.91.We recognize
that this model would benefit from a more extensive error
analysis in the future. The surface reflectance products are
processed using a mature atmospheric correction model,
and quality control is indicated by a large array of quality
flags of the operational processing. Yet, uncertainty esti-
mates from Vermote et al. (2015) that we used to refine
the evaluation of our model were provided as a general
measure of quantitative error. An evaluation of the surface
reflectance product above large expanses of landfast or
mobile sea ice in different clear-sky atmospheric condi-
tions would be appropriate, especially because atmo-
spheric corrections in the Arctic are known to be
challenging (IOCCG, 2015). In acknowledgement that
absolute values are sensitive to atmospheric corrections,
we tried building a model from band ratios but, on the
basis of ancillary data, found that it was not evolving
dynamically enough over the course of the melt season.
The band ratios would also be a strong function of impu-
rities like biogenic material, dissolved organics or sedi-
ments. Absolute surface reflectance values, along with
their associated geometries, were found to contain suffi-
cient information to investigate the dynamic seasonal evo-
lution of albedo. Our model to derive PAR albedo is also
pending proper large-scale validation. Such an exercise
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would be possible by comparing satellite-retrieved values
with airborne radiometric data collected near the surface.
This exercise should at least be performed over sea ice at
different melting stages to evaluate the full range of sea
ice PAR albedo values (0.98 to 0.2).

At the moment, the model only achieves realistic PAR
albedo estimates with similar sea ice conditions to those
for which it was developed, that is, first-year sea ice sur-
faces such as dry snow, melting snow, bare ice and melt
ponds (in situ and simulated surface reflectance described
in Sections 2.3.1 and 2.3.2). Including more ground-based
or airborne measurements of surface reflectance and cor-
responding albedo to train the model, providing a rigorous
quality control of the data, would improve the model
predictive power and broaden the scope of applicability
to a wider range of sea ice conditions. In addition, having
more data on sea ice physical properties and/or the inher-
ent optical properties would facilitate the reproduction of
cases of sea ice in radiative transfer models. In particular,
the fragile upper boundary of sea ice is what matters most
for albedo but is difficult to carry to the laboratory for
optical measurements (Light et al., 2015). Efforts to study
surface-most IOPs directly in the field would be useful. We
did not attempt to compare modeled and measured cases
because of the lack of information related to the field
observations, but a rigorous comparison between AccuRT
modeled reflectance and measured reflectance would be
a valuable scientific inquiry, given complete sets of inher-
ent and apparent sea ice optical properties are available.
More generally, a better understanding of the combined
optical properties from different Arctic sea ice types,
including multi-year ice would help improve satellite-
based sea ice PAR albedo monitoring.

Our model is convenient for anyone facing a tradeoff
between a detailed description of the seasonal evolution
of PAR sea ice albedo at high spatial resolution, and the
need for efficiency when deriving an estimate of this geo-
physical variable from an operational standpoint over
large spatial extents. Using a combination of aerial images
and underwater remotely operated vehicle measurements
on an ice floe in northern Fram Strait, Katlein et al. (2015)
showed that under-ice light variability below the scale of
the kilometer was driven more by surface albedo than by
sea ice thickness, showing the need for reliable satellite-
derived albedo products and time series of sea ice albedo
with sub-kilometer resolution. Albedo is variable from
year to year (Perovich et al., 2007) and place to place
(Grenfell and Perovich, 2004), and given the spatial coef-
ficient of variation depicted in Figure 11 for the Green
Edge study area (approximately 9 km2), clearly there is
high spatial heterogeneity locally (< 9 km2) and an expect-
edly high variability regionally (> 9 km2). Our model can
be applied to examine the variations of PAR albedo at
spatial scales of 500-m or greater during the melt period
for different Arctic regions. We believe the differences in
PAR albedo are key to a better understanding of in situ
observed contrasted regimes of sympagic and pelagic bio-
logical production. In fact, deriving PAR albedo time series
of melting sea ice to contextualize biological research
conducted in ice camps, oceanographic cruises, or polar

expeditions is possible. The combination of MODIS-Aqua
and Terra surface reflectance product required to retrieve
PAR albedo is consistent and continuous since the year
2002, offering an excellent potential to examine the light
regime under sea ice (Stroeve et al., 2021). Applying our
method over the remote Arctic Ocean will also support
year-to-year comparisons of the rapidly evolving sea ice
albedo and should thus provide new insights on the
impact of the changing climate on Arctic phytoplankton
phenology.
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