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Abstract Within a rapidly changing Arctic climate system, snow on sea ice is an important climate
parameter. A common method to derive snow depth on an Arctic-wide scale is based on passive microwave
satellite observations. However, the uncertainties of this method are not well constrained. In this study, we
estimate the influence of geophysical parameters, including ice, snow, and atmospheric properties on
passive microwave snow depth retrievals using a Monte Carlo uncertainty estimation. The results are
based on model simulations from the Microwave Emission Model for Layered Snowpacks, the
SNOWPACK model, and from the Passive and Active Microwave TRAnsfer model. All simulations are
based on in situ observations obtained during the N-ICE2015 campaign. The average uncertainty in
potential snow depth retrievals is between 11% and 19%, depending on the microwave frequencies used
and increases with increasing snow depth. For lower-frequency retrievals (including 6.9 GHz), unknown
snow properties are the strongest source of uncertainty while for higher-frequency retrievals (including
36.5 GHz), the contribution of ice, snow properties, and clouds is equally strong.

1. Introduction
Snow depth on Arctic sea ice is an important climate parameter. Due to its high albedo and low thermal
conductivity, snow alters the radiative and energy budget of the Arctic (Webster et al., 2018), influencing
the heat exchange between ocean/ice and atmosphere as well as the winter sea ice growth and summer sea
ice melt (Ficheret & Morales, 1999). In addition, information about snow depth and density are needed to
retrieve sea ice thickness from satellite altimetry (e.g., Kern et al., 2014; Forsström et al., 2011; Ricker et al.,
2015). A strong correlation between snow depth and under-ice light fields has been found (Arndt et al.,
2017), the latter being important for biological processes in the upper ocean.

Regardless of the improvements in recent coupled Arctic climate models, snow is only poorly implemented
in the models (Castro-Morales et al., 2017) and important processes related to the influence of snow on the
Arctic climate system are not resolved. In order to evaluate and improve snow related processes in climate
models, a good, Arctic-wide snow depth product with accurate uncertainties is crucially needed (Webster
et al., 2018).

Obtaining snow depth on Arctic sea ice is, however, difficult, and, so far, no routine method exists to retrieve
daily snow depth over the whole sea ice covered Arctic. The most widely used methods to retrieve snow
depth from space are based on passive microwave satellite observations (e.g., from AMSR-E, Comiso et al.,
2003). They also provide the longest time series estimates of snow depth, by far, and are thus of special
importance for climate studies. Passive microwave radiometers measure the brightness temperature (Tb)
of the Earth's surface at microwave frequencies. Snow depth algorithms based on Tb measurements take
advantage of the fact that snow grains scatter microwaves more when their wavelength decreases compared
to the snow grain size. Scattering in the snowpack can be measured at frequencies greater than 10 GHz
and becomes an important source of energy loss for frequencies around 20 GHz and higher (Mätzler et al.,
2006). Since the scattering is stronger for higher frequencies (i.e., smaller wavelengths) and increases with
increasing snow depth, it is possible to relate changes in the difference of two observed Tb values at different
frequencies to changes in snow depth. In order to minimize the influence of the physical temperature on
the observed signal, the so-called gradient ratio GR(Tb𝜈1/Tb𝜈2) (equation (1)) of two vertically polarized Tb
values at frequency 𝜈1 and 𝜈2 is often used to estimate the snow depth using a linear relationship as described
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in equation (2).

GR(Tb𝜈1∕Tb𝜈2) =
Tb𝜈1 − Tb𝜈2

Tb𝜈1 + Tb𝜈2
(1)

Sd = a + b ∗ GR𝜈1,𝜈2 (2)

In equation (2), Sd is the wanted snow depth and a and b are empirical derived regression coefficients. The
first snow depth retrievals based on passive microwave satellite observations were developed for detecting
snow depth and snow water equivalent on land (e.g., Chang et al., 1987). The first retrieval of snow depth
on sea ice was developed by Markus and Cavalieri (1998). They derived an empirical snow depth on sea ice
retrieval (similar to equation (2)), comparing the gradient ratio of passive microwave satellite observations
at 18.7 and 36.5 GHz (GR(37/19)) against ship-based snow depth observations on Antarctic sea ice. How-
ever, follow-up studies (e.g., Brucker & Markus, 2013) found that the retrieval does not work over Arctic
multiyear ice (MYI, ice that has survived at least one summer melt) since the scattering signal of MYI is
similar to the signal of deep snow and thus makes it difficult to isolate the signal from the snow. Rostosky et
al. (2018) demonstrated that, using the gradient ratio of 18.7 and 6.9 GHz (GR(19/7)), it is possible to obtain
snow depth information over Arctic MYI, at least in March and April. However, Rostosky et al. (2018), and
other studies examining the performance of the retrieval, concluded that the retrieval works well over level
first-year ice (FYI, ice that has formed since the beginning of the freezing season) but performs poorly over
deformed ice (Worby et al., 2008) and is influenced by weather effects such as warm air intrusions (Cav-
alieri et al., 2012). In addition, snow metamorphism can strongly influence the observed signal (Powell
et al., 2006; Rostosky et al., 2018). It is clear, therefore, that further improvements in retrieval algorithms
are required (Brucker & Markus, 2013; Rostosky et al., 2018). For this purpose, microwave emission mod-
els such as the Microwave Emission Model of Layered Snowpacks (MEMLS) (Wiesmann & Mätzler, 1999)
or the Snow Microwave Radiative Transfer model (Picard et al., 2018) provide a useful tool. Several studies
have been carried out investigating the theoretical limitations and performance of passive microwave snow
depth on sea ice retrievals using microwave emission models (e.g., Markus, Cavalieri, et al., 2006; Powell et
al., 2006; Willmes et al., 2014). In their modeling study Powell et al. (2006) found that GR(37/19) is strongly
influenced by water vapor and clouds, while for GR(19/10) (based on 10.7 GHz instead of 6.9 GHz) only a
small influence was found. Snow metamorphism was found to influence both GR(37/19) and GR(19/10).
Stroeve et al. (2006) investigated on the impact of large-scale sea ice roughness on GR(37/19) and concluded
that roughness has a similar effect as deep snow (i.e., over rough sea ice, GR(19/7) and GR(37/19) will be
lower than over smooth sea ice Stroeve et al., 2006). Lee et al. (2018) showed that especially higher frequen-
cies are influenced by sea ice surface roughness and that this has a strong impact on GR(37/19), especially
in the transition region from FYI to MYI and over deformed ice. Using the lower frequency at 6.9 GHz (e.g.,
GR(19/7)), the influence of the roughness is smaller and better correlation to in situ snow depth observations
can be achieved (Rostosky et al., 2018). However, the above mentioned studies mainly focus on theoretical
case studies and do not provide a direct link to Arctic observations or Arctic snowpacks, which makes it is
hard to constrain the limitations and uncertainties of passive microwave snow depth retrievals.

In this study, we will investigate the influence of geophysical parameters obtained from detailed field obser-
vations during the N-ICE2015 campaign (Granskog et al., 2016) on GR and derive the consequences for
potential snow depth retrievals based on empirical fits similar to equation (2). The aim of this study is to
estimate the uncertainties in the passive microwave snow depth products due to the influences of various
geophysical parameters. The parameters investigated here are the ice properties of FYI and MYI, large-scale
snow metamorphism, the atmosphere, and clouds. This paper is organized as follows. In section 2, an
overview about the models and data sets used in this study is given and the experimental setups are
described. In section 3, the principal results are provided. The paper follows with a discussion in section 4
and closes with a summary in section 5.

2. Data, Models, and Study Setup
The MEMLS (Wiesmann & Mätzler, 1999), adapted to sea ice (Tonboe et al., 2006), is used to simulate the
surface microwave emission of snow on sea ice in dependence of ice and snow properties (see section 2.2).
For estimating the influence of the Arctic atmosphere and Arctic clouds on the GR signal, the Passive and
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Figure 1. Map of the sea ice concentration from 1 March 2015 derived from the ASI sea ice retrieval (Spreen et al.,
2008). The colored lines show the drift trajectories of the N-ICE2015 campaign for the time periods used in this study
for the first floe (red; 20 January to 21 February 2015), the second floe (green; 24 February to 18 March 2015), and the
third floe (blue; 19 April to 13 May 2015).

Active Microwave TRAnsfer model (PAMTRA) is used (see section 2.4). Besides snow depth, other snow
properties like grain size or grain type influence the GR, the latter cannot be measured from space. In order
to evaluate the complex relation between snow metamorphism and changes in the microwave emission of
the snowpack, the thermodynamic snow evolution model SNOWPACK is used (Bartelt & Lehning, 2002;
Lehning et al., 2002a, 2002b). All models need geophysical parameters as input data. In this study, we use
snow, ice and atmospheric measurements obtained during the N-ICE2015 campaign (Cohen et al., 2017;
Granskog et al., 2016; Rösel et al., 2018) as reference and input data for the models (section 2.1).

2.1. N-ICE2015 Data
The Norwegian Young ice cruise (N-ICE2015) took place from January to June 2015 north of Svalbard and in
the Fram Strait, led by the Norwegian Polar Institute (Granskog et al., 2016, 2017). During the campaign, the

Figure 2. Two meter air temperature (bottom) and 10 m wind speed (top)
measured during the first part of N-ICE2015 campaign. The data are
averaged to 1 hr temporal resolution.

ship was attached to four different ice floes and drifted along with them.
Figure 1 shows an ice concentration map with the drift trajectories of the
first three floes for time periods used in this study. In this study the focus
is on the measurements from the first two floes and parts of the third
floe, which cover the time period from 20 January to 18 March 2015 (floes
one and two) and from 19 April to 13 May 2015 (first part of floe three).
During later measurements on the third and fourth floes, the air tem-
perature was often close to the freezing point and the snowpack became
wet and slushy. Under these conditions, the relation between GR and the
snow depth diminishes since wet snow is rather opaque in the microwave
regime (Ulaby & Long, 2014). During the first and second floes, a winter
regime with cold temperatures and moderate winds dominated. However,
several storms crossed the measurement site advecting warm and moist
air (Graham et al., 2017, 2019; Cohen et al., 2017). During these storms,
the air temperature rose close to the freezing point and even above, which
likely led to strong snow metamorphism. Figure 2 shows the time series
of the 2 m air temperature and 10 m wind speed measured during the first
two floes from 22 January to 18 March 2015. The storm events (e.g., 5 or
15 February) are clearly visible from the rapid increase in wind speed and
high temperatures.
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Table 1
Mean Snow Temperature (T), Depth (Sd), Density (𝜌), and Expo-
nential Correlation Length (ecorr) and Their Standard Deviation of
the 28 Snow Pits Used From the N-ICE2015 Campaign Between 22
January and 13 May 2015 (Merkouriadi et al., 2017)

Value
T (◦C) −11 ± 5
Sd (m) 0.45 ± 0.13
𝜌 (kg/m3) 324 ± 43
ecorr (1/mm) 0.14 ± 0.03

The N-ICE2015 snow conditions are described in Merkouriadi, Gallet,
Graham, et al. (2017). Snow pits were taken on FYI and second-year ice
floes; however, the snow properties were similar on both floes. The snow
pit measurements include snow temperature, density, grain size (maxi-
mum and minimum grain diameter), and grain type observations (based on
Sommerfeld & LaChapelle, 1970). For some snow pits, specific surface area
(SSA) derived from the IceCube instrument are also available. All snow
measurements were taken in the vicinity of the atmospheric measurements.
Overall, for the time period considered here, 28 snow pits can be used as
input data for MEMLS. Table 1 shows the average snow properties of these
snow pits, relevant for microwave scattering.

One important property used in MEMLS is the exponential correlation length ecorr . Details about the corre-
lation length are given in section 2.2. The value of ecorr is related to the snow microphysics and controls the
amount of microwave scattering in the snowpack; its value can be derived from SSA measurements. If SSA
measurements are available, ecorr is calculated using equation (3) (adapted from Mätzler, 2002).

ecorr = 0.75 ∗ 4 ∗ (1 − 𝜙)
𝜌i ∗ SSA

(3)

In equation (3), 𝜌i is the ice density and 𝜙 is the ratio between the measured snow density and ice density.
Overall, SSA measurements were available for four snow pits. If no SSA measurements are available, it is
possible to relate ecorr to the optical grain size (Mätzler, 2002; Grenfell & Warren, 1999). However, the grain
size measured during N-ICE2015 is related to the maximum grain size (Dmax) and can only be linked to
ecorr for the specific case of spherical grains. Mätzler (2002) provided a lookup table for estimating ecorr from
snow grain type, density, and Dmax observations. This table, however, was compiled for alpine snow, and
therefore, the combination of the relevant parameter obtained from the N-ICE2015 snow pits could not
always be related to a specific ecorr .

2.2. MEMLS
The MEMLS was developed by Wiesmann and Mätzler (1999). The main objective of this model is to
simulate the emissivity, transmissivity, and brightness temperature of a given snowpack for horizontal
and vertical polarized microwaves. The scattering of microwaves in the snowpack is calculated using the
improved Born approximation (IBA). In the IBA, the scattering in the snow is related to an exponential cor-
relation length ecorr (Mätzler, 1997, 1998; Mätzler & Wiesmann, 1999). The basic idea is to treat the snow as
a two-phase medium consisting of air and ice. Due to the different permittivity of air and ice, microwaves
will be scattered during the propagation through the snow. The strength of the scattering depends on the
wavelength and on the snow microstructure, the latter being represented by an autocorrelation function
(e.g., Proksch et al., 2015; Wiesmann et al., 1998). Under the assumption that the snow is isotropic, the SSA
of a snowpack can be related to the derivative of the autocorrelation function at the origin (the correlation
length). The exponential correlation length, used in MEMLS, describes the length scale which is obtained
by approximating the autocorrelation function by an exponential fit (Proksch et al., 2015).

C(r⃗) = C0 ∗ exp
(− ||r⃗||

ecorr

)
(4)

In contrast to the correlation length, the exponential correlation length (theoretically) describes the whole
correlation function. In equation (4) (adapted from Proksch et al., 2015) C(r⃗) is the autocorrelation function
of the lack distance r⃗, representing the snow microstructure.

The IBA was found to be an accurate approximation for scattering in snow when optical grain size is large
compared to the wavelength of the microwaves (Wiesmann & Mätzler, 1999) and is valid for microwave
ranges from 5 to 100 GHz (Mätzler & Wiesmann, 1999). The traditional method to estimate ecorr from a
snowpack is an empirically derived relation between ecorr , the density of snow and pure ice, and the SSA
(equation (3), adapted from Mätzler, 2002). MEMLS was developed for snow on land and was later adapted
to sea ice (Tonboe et al., 2006). In the sea ice version of MEMLS, the model also calculates the permittivity
of sea ice as a function of brine and the microwave scattering in the sea ice based on the IBA. In the version
used here, a differentiation between FYI and MYI is implemented. In FYI, the scattering is controlled by
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brine pockets, while air bubbles are the main scatterers for MYI, since the volume of air in MYI is much
higher than the volume of brine. For both ice types, ecorr is, together with the inclusion volume, the most
important parameter relevant for microwave scattering.

2.3. The SNOWPACK Model
The SNOWPACK model was developed to simulate the thermodynamic evolution of snow (Bartelt &
Lehning, 2002). The model relates thermodynamic processes in the snow, introduced, for example, by
metamorphism driven by the temperature gradient or wind-driven densification, to changes in the snow
microstructure. The model is driven by external forcings and can calculate snow accumulation, melting,
and metamorphism from atmospheric measurements (Lehning et al., 2002b). The model has a very detailed
and complex snow microstructure scheme (Lehning et al., 2002a) using grain parameters like dentricity,
sphericity, bond radius, grain size, and a so-called marker that links previous snow metamorphism to a given
snowpack. These parameters, however, cannot be easily determined from field measurements. Lehning et
al. (2002a) provide an overview of the relation between the above mentioned grain parameters and classi-
cal grain size and grain type observations. The dentricity of the snow grains is strongly linked to the snow
age and state of metamorphism. Newly fallen snow has a dentricity close to 1 while strongly metamorphed
snow with faceted snow grains or depth hoar have a dentricity close to 0. The sphericity of new snow is 0.5
and can increase or decrease depending on the environmental conditions within the snowpack (e.g., tem-
perature gradients or snow wetness). In their paper, Lehning et al. (2002a) provide a lookup table to estimate
the dentricity and sphericity of a given snowpack from traditional grain type and grain size observations.
So far, no routine method exists to estimate the bond radius from traditional snow pit observations. Here
we used a lookup table provided by the SNOWPACK developers (see https://models.slf.ch/p/snowpack/
page/Starting-from-profiles/, accessed 15 December 2018). With the additional use of the lookup table, the
N-ICE2015 snow pit measurements contain sufficient information so that the measured snow properties
can be converted to the parameters relevant for SNOWPACK. Recently, SNOWPACK was adapted to sea ice
(Wever et al., 2019), including sea ice relevant processes such as thermodynamic ice growth, flooding, and
heat transport between the ocean/ice and snow. The model is still in the development phase. The version
used here is latest SNOWPACK sea ice release (status 10 December 2018).

2.4. The PAMTRA Model
In this study the PAMTRA model (from https://github.com/igmk/pamtra, accessed: 1 November 2018) is
used to simulate the radiative transfer of microwave radiation through the atmosphere. PAMTRA is a frame-
work written in FORTRAN90 and Python for the simulation of the transfer of passive and active radiation
in a plane-parallel, one-dimensional, and horizontally homogeneous cloudy atmosphere. PAMTRA makes
use of the RT4 model by Evans and Stephens (1995), which applies the doubling and adding method to solve
the passive radiative transfer. It is limited to the microwave frequency between 1 GHz and up to 1 THz. With
PAMTRA, it is possible to simulate upwelling and downwelling radiation at any height and observation
angle. The model provides radiances or polarized brightness temperatures. The PAMTRA radar simulator
estimates the full radar Doppler spectrum and can derive the radar moments (e.g., skewness, kurtosis, and
left and right slopes). The principles of the radar simulator are based on the concept of Kollias et al. (2011)
and Kollias et al. (2014). The atmospheric input to PAMTRA can be artificial, from radiosondes or any other
profiling in situ measurement. For this purpose, Python-based importers for various atmospheric models
and many other data types are provided with the code.

For the calculation of the interaction parameters between radiation and atmosphere or ground, the model
utilizes well-known and established methods and modules created by various authors and made publicly
available. The gaseous absorption for oxygen, water vapor, and nitrogen is by default, and in this study,
calculated by the Rosenkranz 98 absorption model (Rosenkranz, 2015) including recent modifications of
the water vapor continuum absorption presented in Turner et al. (2009) and the line width modification of
the 22.235 GHz H2O line as proposed by Liljegred et al. (2005). An unlimited number of hydrometeor types
can be described by different implemented particle size distributions. The parameters to these distributions
can be adjusted so that the microphysical assumptions in the radiative transfer are consistent with the one
made in the input source, that is, the atmospheric models. Single scattering and absorption properties for
the hydrometeors can be calculated by various methods. These include the cost-effective Mie theory, and
the more time consuming T-Matrix theory by Mischenko and Travis (1994). PAMTRA also allows the use
of scattering databases that are usually created by applying the Discrete Dipole Approximation Method.
For aggregates or more complex particles, PAMTRA also includes a very recent approximation called the
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Table 2
Mean Snow and Sea Ice Density (𝜌), Salinity (S), Exponential Correlation Length (ecorr),
Temperature (T) at the Snow-Ice Interface and Superimposed Layer Depth (dSSI), and
Their Standard Deviations Used for the Sensitivity Study

FYI MYI Snow top Snow bottom
𝜌 (kg/m3) 910 ± 8 800 ± 81 290 310
S 5–8 ± 0.81 0 ± 0.81 (S > 0) 0 0
ecorr (1/mm) 0.15 ± 0.07 0.28 ± 0.07 0.11 0.13
dSSI (m) 0 0.40 ± 0.31
T (K) 260 ± 1 260 ± 1

Note. The sea ice properties are obtained from Fung and Eom (1982), Grenfell (2015),
and Shokr and Sinha (1999).

self-similar Rayleigh-Gans Approximation (Hogan & Westbrook, 2014; Hogan et al., 2017) that is rather
cost-effective compared to Discrete Dipole Approximation Method calculations. For the lower boundary,
the reflectivity and emissivity properties must be provided. For the ocean, this can be done by the Tool to
Estimate Sea-Surface Emissivity from Microwaves to sub-Millimeter waves (TESSEM2 Prigent et al., 2017)
that is built around the community model FAST microwave Emissivity Model (FASTEM; Liu et al., 2011).
For land surfaces the Tool to Estimate Land Surface Emissivity from Microwave to Submillimeter Waves
(TELSEM2; Aires et al., 2011; Wang et al., 2017) has been implemented, which provides the emissivities
based on geographic location and month derived from satellite measurements.

PAMTRA has been successfully used in recent years in a variety of studies considering passive and active
applications (Acquistapace et al., 2017; Cadeddu et al., 2017; Ebell et al., 2013; Küchler et al., 2018; Maahn
& Löhnert, 2017).

2.5. Study Setup
In order to estimate the influence of the natural variability of geophysical parameters on satellite snow depth
retrievals, the following experiments were set up. The influence of the ice properties was estimated using a
simplified snowpack, consisting of two layers. The snow properties of each layer are summarized in Table 2.
A linear temperature profile is assumed in the snow in such a way that the temperature at the snow-ice
interface is always −13 ◦C (this ensures that the temperature at the top of the snowpack is always negative).
The ice thickness is set to 2 m and split into 2 cm thick layers. For each snow thickness, 1,000 simulations for
both FYI and MYI are performed and, in every individual simulation, the ice properties are varied around a
Gaussian PDF with means and standard deviations given in Table 2.

Unfortunately, only limited ice density measurements are available from the N-ICE2015 campaign. There-
fore, we use reference values for the ice properties reported in several earlier studies. The reference values
for the ice density are obtained from Shokr and Sinha (1999) and Fung and Eom (1982). The exponential cor-
relation length and its standard deviation for MYI were calculated based on the air bubble diameters found
by Shokr and Sinha (1999) using the same method as for the snow (Mätzler, 2002). However, this relation-
ship is only valid under the assumption of a two-phase medium (i.e., no brine) and spherical inclusions (i.e.,
only air bubbles are considered). The first holds for the top layers of the MYI where superimposed ice may
exist, which is almost salt free. The depth of this superimposed ice (dSSI) can vary between a few centime-
ters up to 40 cm (i.e., Fung & Eom, 1982; Grenfell, 2015; Shokr & Sinha, 1999). Below the super imposed ice,
MYI with an average density of 880 kg/cm3 and a linear salinity profile from 1 to 4 is assumed. In addition,
a linear temperature profile is assumed for both, FYI and MYI.

In their study, Shokr and Sinha (1999) found a mean circularity of 0.68 for air bubbles in MYI, which means
that the air bubble inclusions in the ice are not perfectly spherical. Therefore, the assumption of spherical
air bubbles introduces an error and the calculated ecorr might lead to an overestimation or underestimation
of the actual scattering. In the case of FYI, which still contains brine pockets and a brine layer on top or
in the lower snow, the penetration the penetration of the microwaves is limited to a few centimeters, and
therefore, ecorr does not play a major role since volume scattering in FYI is generally low (see Goginen et al.,
1990; Lee et al., 2018). Due to the MYI properties (lower density, almost salt free) microwaves can penetrate
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Figure 3. Sensitivity of GR(19/7) (left) and GR(37/19) (right) to FYI properties (blue) and MYI properties (red). The
thick line represents the mean over the 1,000 Monte Carlo simulations and the error bar the standard deviation. In
addition, the mean error of potential snow depth retrievals is shown.

up to several decimeters into the ice (Ulaby & Long, 2014). Typical air bubbles in the MYI lead to a scattering
of microwaves and thus influences the GR in a similar way as deep snow.

The influence of the atmosphere on the GR is estimated using the same snowpack as described above. Then
the top of the atmosphere brightness temperatures is calculated using PAMTRA and meteorological obser-
vations obtained from N-ICE2015 campaign. Overall, 258 simulations were performed based on all available
radiosonde profiles obtained during the N-ICE2015 campaign. Clouds cannot be directly measured from
radiosondes. However, since clouds can have a strong impact on GR, the cloud liquid water content (CLW) in
the atmosphere was estimated using the modified adiabatic cloud model proposed by Karstens et al. (1994).
Overall, based on this model, clouds were detected in 77 out of 258 profiles with an average CLW of 0.29
kg/m2. Most of the clouds were low level clouds with a cloud base between 500 and 1,000 m and the cloud
top was always below 5,000 m. Besides clouds, also the total column water vapor is relevant for microwaves
(Ulaby & Long, 2014). The mean total column water vapor in this data set is 4.58 kg/m2 with a standard
deviation of 3.18 kg/m2. Two studies are performed. In the first study, only the influence of atmospheric
properties (excluding clouds) on the GR is investigated based on the 258 radiosonde profiles. In the second
study, the influence of clouds on GR is investigated based on the 77 radiosonde profiles including the CLW
profiles derived from Karstens et al. (1994). At the microwave frequencies used in this study, the absorption
of radiation by water vapor is relevant, which is stronger at 37 GHz compared to 18.7 or 6.9 GHz (e.g., Smith,
1982). In addition, absorption and volume scattering by hydrometeors in clouds influences the microwave
radiation observed at top of the atmosphere, both increasing with increasing frequencies (e.g., Battagia et
al., 2006). The strength of the latter depends on the assumptions made about the cloud droplet properties
and the cloud-scattering scheme used in PAMTRA. Here we use the model based on the Mie theory (see
section 2.4) and a mixture of ice and liquid water droplets, based on results from an ECHAM5 simulation
over Arctic sea ice for typical Arctic winter conditions.

3. Results
3.1. Influence of Ice Properties
For microwave observations, it is important to distinguish between Arctic FYI and MYI since both have
different microwave signatures. Here, we focus on how the natural variability of the ice properties influences
the GR using the study setup described in section 2.5.

Figure 3 shows the results of the Monte Carlo simulation for GR(19/7) (left) and GR(37/19) (right) for FYI
(blue) and MYI (red). The thick lines represent the mean of the Monte Carlo simulations and the error bars
show the standard deviation. For visualization purpose, the error bars are displayed every 10 cm. In addi-
tion, the resulting error for potential snow depth retrievals (%) is shown. This error is calculated as follows:
First, a simple linear regression model is used to retrieve a theoretical snow depth Sdn using equation (2)
and the averaged GR. A second snow depth Sde is derived adding the standard deviation to the GR for every
snow depth. The error shown in Figure 3 is the normalized root-mean-square deviation (NRMSD) between
Sdn and Sde. For FYI the influence of the ice properties on the GR is very small and the error is only 2%
for both GR. For MYI, the influence of the ice properties on GR(19/7) remains small (standard deviation
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Figure 4. Sensitivity of GR(19/7) (left) and GR(37/19) (right) to atmospheric properties and clouds. The thick lines
represents the mean of all 258 simulations and the error bar the variability in GR due to the cloud-free atmosphere
(blue) and cloudy atmosphere (red).

is between 0.00036 and 0.00042), and, more important, is smaller than its sensitivity to snow depth (roughly
0.003/10 cm). The error due to changes in ice properties is around 8% of the actual snow depth. For
GR(37/19), the influence of the MYI properties is one magnitude larger than for GR(19/7) and the potential
error due to the variability of MYI properties is 29%. This is consistent with earlier findings that GR(37/19)
cannot be used to retrieve snow depth for MYI, since the signal of the MYI at GR(37/19) is of similar strength
than the signal of snow (e.g., Brucker & Markus, 2013; Rostosky et al., 2018).

Rostosky et al. (2018) found a reasonable correlation between GR(19/7) and snow depth on MYI, indicating
that it is possible to derive a retrieval for snow depth on MYI using GR(19/7), even though the correlation
between GR(19/7) and snow depth was lower for MYI than for FYI and high errors were found for MYI.
Also, the results found in this study indicate that MYI properties have only little influence on GR(19/7).
However, the lower correlation and increased error between GR(19/7) and snow depth on MYI found by
Rostosky et al. (2018) is not visible in the modeled results shown here. This can have several reasons. The
influence of large-scale roughness (e.g., from pressure ridges) on the GR is not considered here. However,
this roughness has a strong impact on the GR, especially at lower frequencies (Worby et al., 2008). Second,
the implementation of MYI in MEMLS is simplified regarding the calculation of volume scattering in a way
that it is considered as a two-phase medium consisting of air and ice. The influence of brine on the scattering
is neglected in the model, which could lead to an underestimation of the scattering in MYI.

While the focus of the other experiments are based on N-ICE2015 data sets, only a few ice core measurements
over MYI were taken during the campaign. The variability of ice properties from the N-ICE2015 observa-
tions is smaller than the values found in literature. For the MYI, the mean density and variability of the ice
is around 850 ± 50 kg/m3. The salinity of the top layers vary between 0 and 2 ppt, which is similar to the
values used in this study. No estimation of the air bubble size distribution for the N-ICE2015 cores was per-
formed so far. However, using the same ecorr but the density variability based on MYI cores from N-ICE2015,
the NRMSD between Sdn and Sde is ±6% for GR(19/7) and ±24% for GR(37/19). The variability in the FYI
properties is low compared to the variability of MYI properties. To test if the low NRMSD obtained for FYI
is only a result of this low variability, we artificially increased the variability of the FYI properties to ±50
kg/m3 for the density and to ±0.25 for ecorr . This added variability, however, still only increased the NRMSD
by below 1%. Thus, we can exclude the low FYI properties variability as main error source.

3.2. Influence of the Atmosphere
As described in section 2.5, PAMTRA is used to investigate the influence of the atmosphere and clouds
on the GR. Figure 4 shows the influence of the atmosphere and clouds on GR(19/7) (left) and GR(37/19)
(right). The error (%) is derived in a similar way as described in section 3.1. For both GR, the influence of
the atmosphere is rather low and results in a NRMSD of ±4% for a GR(19/7) based snow depth retrieval
and ±3% for a GR(37/19) based snow depth retrieval. The NRMSD due to clouds is +7% at GR(19/7) and
+24% at GR(37/19). Based on these results, GR(19/7) is less influenced by the atmosphere and clouds and
is therefore more suited to retrieve snow depth over FYI if no atmospheric corrections are applied.
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Figure 5. GR based on MEMLS simulations of the 28 snow pits used from
the N-ICE2015 campaign. In addition, the regression lines are shown.

The results found here are in good agreement with the results from
Markus, Powell, et al. (2006), who found a strong influence of the atmo-
sphere and cloud liquid water on GR(37/19) but only a weak influence
on GR(19/10).

3.3. Influence of Snow Properties
The snowpack properties observed during the N-ICE2015 campaign show
a high variability in space and time (Merkouriadi, Gallet, Graham, et al.,
2017), especially in their properties relevant for microwave scattering.
Figure 5 shows GR(19/7) and GR(37/19) for all 28 snow pits calculated
using MEMLS. The full initialisation files for all snowp its are provided
in the supporting information. Although some relation between GR and
snow depth is visible (the correlation between the GR and the snow depth
is −0.7 for GR(19/7) and −0.4 for GR(37/19)), the overall scatter is very
high for both GR. The RMSD between the measured snow depth and the
snow depth calculated from the simulated GR and the fitting lines shown
in Figure 5 are 9.7 cm for GR(19/7) and 12.5 cm for GR(37/19). However,
these results probably display the effect of local variability in the snow
properties and, if compared to the variability on the scale of satellite foot-

prints, part of the variability should average out. Therefore, it is more important to consider how large-scale
phenomena such as warm air inflow influence the snowpack and, consequently, the GR. Cavalieri et al.
(2012) showed that warm air intrusions have a strong impact on the snow depth derived from GR(37/19)
based snow depth retrievals due to the potential formation of melt/refreeze layers in the snow.

Different from previous studies, the extensive observations of ice, snow, and atmospheric properties obtained
during the N-ICE2015 campaign provide the opportunity to link atmospheric measurement to snow meta-
morphism using a snow evolution model and to calculate its influence on the microwave signal using
MEMLS. During the campaign, several storms crossed the measurement site and advected warm and moist
air (Figure 2) and therefore likely introduced strong snow metamorphism. Here, we perform a case study
on the snow metamorphism introduced by the storm event around the 5 February 2015 using the ther-
modynamic snow evolution model SNOWPACK (see section 2.3) in addition to MEMLS. For this purpose,
SNOWPACK is initialized with the N-ICE2015 snow pit measurement obtained on the 23 January 2015
and then run until the 1 March 2015 using the atmospheric observations obtained during the N-ICE2015

Figure 6. Time series of the snowpack temperature in ◦C (a) and grain type (b) based on SNOWPACK simulations
from 23 January to 1 March 2015 The black line in (a) marks the snow-ice interface.
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Figure 7. Comparison of three distinct grain type profiles simulated with
SNOWPACK and the according N-ICE2015 measurements (hatched shaded
bars). The edge colors (i.e., magenta for Snow Pit 1, green for Snow Pit 2,
and yellow for Snow Pit 3) are chosen according to the colors in Figure 8.

campaign. SNOWPACK needs information about snow grain properties
that were not measured in the N-ICE2015 snow pits and therefore must be
estimated from the available grain related measurements and the meth-
ods described in section 2.3. The initialisation profile for the SNOWPACK
simulation is provided in the supporting information.

The initial temperature profile of the simulations shows a strong nega-
tive gradient in the snow which is typical for a cold, Arctic snowpack (see
Figure 6a). Around 5 February 2015, a storm advected warm air into the
measurement area and the temperature gradient changes its sign, rising
close to the freezing point at the snow surface. Two days after the storm,
the temperature falls again and the temperature profile looks similar to
the profile before the storm happened. Figure 6b shows the temporal
evolution of the snow grain type. At the beginning, the top layer of the
snowpack consists of newly fallen snow (13 cm) followed by a layer of
wind slab (27 cm). At the bottom layer, depth hoar (11 cm) exists. From
the 25 January to 2 February, the layer of new fallen snow transforms
into wind slab and the wind slab layer in the middle of the snowpack
transforms into fragmented snow. During the storm (5 February), a layer

rounded grains forms at the top of the snowpack. In contrast to the temperature profile, the short period of
warm air temperature during the storm has a long-term impact on the snow grain type.

In Figure 7, the snow type simulated by SNOWPACK is compared to snow type measurements from
N-ICE2015 (modified from Merkouriadi, Gallet, Liston, et al., 2017) obtained at the 28 January (Snow Pit 1,
cool conditions before the storm), at the 5 February (Snow Pit 2, during the storm), and at the 13 February
(Snow Pit 3, cool conditions after the storm). Even though snow pit surveys are destructive and therefore
cannot be obtained at the exactly same spot relative to the ice floe, they allow a rough comparison with the
simulated snowpack to check if the overall snow evolution was modeled correctly. The grain types of Snow
Pits 1 and 2 are in a good agreement with the simulated snow pits. The transformation into a snowpack
with predominantly fragmented snow is visible in both data. In the third snow pit a layer of wind slab snow
was found while in the model simulations, a 5 cm thick layer of rounded grains has formed at the top of the
snowpack.

In order to evaluate the influence of the snow metamorphism on the GR, a MEMLS study is set up using the
simulated snow profiles by SNOWPACK (see Figure 7) as input data. In order to obtain a full picture, the
properties of the simulated snow profiles were scaled to 1 and then transferred to a snowpack varying from
2 to 70 cm with 2 cm steps. Figure 8 shows the results of the MEMLS simulation using the above mentioned
snow profiles as input for GR(19/7) (left) and GR(37/19) (right). Two additional, artificial snow profiles
were added in order to cover a wider range of possible snowpacks. These profiles are similar to Profile 1
in Figure 7 but contain a fraction of 20% new fallen snow at the top (red curve) or 20% slightly compacted
snow (blue curve). These types of snow profiles were not observed during N-ICE2015 campaign because

Figure 8. GR(19/7) (left) and GR(37/19) (right) for five snowpack with different snow properties.
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Table 3
Standard Deviation of GR Due to the Variability in Atmospheric and
Snow Properties As Well As Clouds

GR(19/7) GR(37/19)
Atmosphere ±0.0004 ±0.0005
Clouds 0.0007 0.0023
Snow ±0.0013 ±0.0026

it only started in January after the initial snow fall events in fall. The
N-ICE2015 snowpack is representative for spring snow conditions, where
the snow is compacted and has undergone metamorphism. During the Sur-
face Heat Budget of the Arctic Ocean campaign, which took place from
October 1997 to October 1998, the most predominant snow types observed
consisted of predominantly depth hoar, wind slab, and fresh snow (Sturm
et al., 2002). With the addition of the two above mentioned snowpacks, the
simulations cover also early winter snow conditions. From Figure 8 we see
that both, GR(19/7) and GR(37/19) strongly depend on the snow type. Espe-

cially the snow pit that was simulated after the storm event (yellow curve) leads to significant lower GR
than the snow pits before and during the storm. With the addition of the “new fallen” snow, these simula-
tions should cover a good amount of variability which can be expected over large scales in the whole Arctic.
Overall, the NRMSD, calculated as described in section 3.1, is similar for both GRs and is around 20% for
GR(19/7) and 24% for GR(37/19).

3.4. Uncertainty of Snow Depth Retrievals
From the uncertainties in GR derived in this study, it is possible to estimate the uncertainty of GR-based
snow depth retrievals due to unknown state of the atmosphere and unknown snow type. To investigate this,
the following study is set up: Based on the individual results from each study (see sections 3.1–3.3), a set
of 2,580 simulations are available, each simulation with slightly different conditions for the atmosphere,
clouds, and snow type. From these simulations the standard deviation of the GR due to each quantity can be
obtained (see Table 3). Then, a 1,000-member Monte Carlo simulation is performed for a snowpack varying
between 2 and 70 cm. In each simulation and for each snow depth, a random error between ± the standard
deviation from the three types of uncertainty sources (snow type, atmosphere, and clouds) is added to the
averaged GR(19/7) and GR(37/19) (in the following called GRnoise). Then, a linear regression is performed
between GRnoise and the snow depth and the regression coefficients are used to retrieve a snow depth. This
retrieved snow depth is then compared to the real snow depth. With this method, it is possible to estimate
the uncertainty of a snow depth retrieval if no information about the snow type, the state of the atmosphere
or clouds are available during the training of the retrieval under the assumption that all quantities vary in
the training data set.

The first two columns in Table 4 are the results of the reference regression analysis based on an GR without
any uncertainties are shown (in the following called GRmean). Here the NRMSD is related to the normal-
ized RMSD introduced for assuming a linear model. For GR(19/7), the assumption of an linear relation
between GR and the snow depth leads only to small errors (NRMSD ≤ 2%). However, for a retrieval based
on GR(37/19), the linear assumption results in an NRMSD of 10% for the snowpack investigated here. This
is mainly due to the nonlinear relation between GR(37/19) and snow depths >50 cm (as can be seen in
Figure 8, right). We performed the same analysis limiting the snow depth to 50 cm and found an NRMSD for
GR(37/19) based retrievals of 4%. The results of the Monte Carlo simulations including the uncertainties of
GR derived in section 3 (see Table 3) are shown in the third and fourth columns of Table 4. Here, the mean
regression coefficients over all 1,000 simulations are shown together with their standard deviation, along
with the NRMSD and correlation between the snow depth retrieved from GRnoise and the input snow depth.
The NRMSD increases in both models to 11% for the GR(19/7) and to 19% for the GR(37/19) based retrieval.
These results demonstrate the need for additional data in GR-based snow depth retrievals, since otherwise
the retrieval has mean error of at least 11%. The influence of, for example, sea ice roughness on the GR is

Table 4
Regression Coefficients and Error Statistics of GR-Based Snow Depth Retrievals Without
(GR(v1,v2)mean; Columns 1 and 2) and With Uncertainties (GR(v1,v2)noise; Columns 3 and 4) in
the GR

GR(19/7)mean GR(37/19)mean GR(19/7)noise GR(37/19)noise

Slope −3,900 −2,300 −3,000 ± 230 −1,500 ± 140
Intercept −0.04 −0.19 0.06 ± 0.03 0.02 ± 0.04
Correlation −0.99 −0.98 −0.99 −0.98
NRMSD (%) 2 10 11 19
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not considered in this study. In addition, the training of satellite retrievals will always contain errors due to
resolution differences between the satellite observations and the snow depth measurements. Therefore, the
real error of GR-based snow depth retrievals could be higher than the errors found here. On the other hand,
the employed models might contain uncertainties, which are not present in the observations.

The variability in the regression coefficients gives an indication about the robustness of the fit. For both
retrievals, the standard deviation of the regression coefficients is less than 10% for the slope and 3 to 4 cm
for the intercept (Columns 3 and 4 in Table 4).

The strongest contribution to the NRMSD of the retrieved snow depth is due to the uncertainties obtained
from the different snow types. Assuming the snow type is known (e.g., zero uncertainty for the snow type),
the NRMSD of the GR(19/7)-based retrieval would decrease to 4%, which is close to ideal case (i.e., no
uncertainties in GR) and for GR(37/19) to 13%. Adding information about the atmosphere leads to an
improvement on the results of GR(37/19) reducing the NRMSD to 15%. In addition, the variability in the
regression coefficients reduces with a reduced uncertainty in GR.

4. Discussion
The findings in section 3.4 have consequences for retrievals of snow depth on Arctic sea ice based on the GR
values. The results demonstrate that if a GR-based snow depth retrieval is trained without adding informa-
tion about properties influencing the GR, high potential errors in the derived regression coefficients can be
the result. However, even if information about snow type and the clouds are available during the training,
they also need to be considered during daily retrieval in order to improve the snow depth retrievals (e.g.,
Cavalieri et al., 2012). Notably, a good knowledge of the snow type is crucial for improving GR-based snow
depth retrievals. For snow on land, studies have shown that it is possible to link snow metamorphism rele-
vant for microwave scattering to the vertical temperature gradient in the snow (e.g., Josberger & Mognard,
2002). Other attempts assimilate observations from measurement data into a thermodynamic snow evolu-
tion model for improving satellite-derived snow depth retrievals (e.g., Pulliainen, 2006). On sea ice, however,
weather observations from stations are rare. Ice mass balance buoys drifting on the ice can provide snow
depth and temperature profiles, which, however, are valid only for a small scale around the buoy. For snow
on sea ice, the thermodynamic modeling of snow evolution is still part of ongoing work and faces diffi-
culties. Simple relations between the air temperature and the snow metamorphism as derived for snow on
land might not be possible due to the sea ice drift and unknown heat fluxes through the ice causing snow
metamorphism at the bottom. If information about the initial snow profile and ice properties are known,
thermodynamic snow models (e.g., SNOWPACK) are able to simulate the influence of large-scale effects like
warm air intrusions on snow evolution as shown in this study. Models constrained by observations could,
therefore, provide a way forward for improved satellite retrievals.

The results shown here are all based on models and thus subject of assumptions and simplifications. This is
particularly important for the results shown in Figures 5 and 8. In order to simulate these brightness tem-
peratures, the scattering parameter ecorr had to be estimated from a lookup table (Mätzler, 2002). In addition,
thin ice crusts were present in most of the snow pits observed during the N-ICE2015 campaign. However,
these ice crusts are not resolved in MEMLS. Therefore, the variability of the GR in dependence of the snow
type might be too low and the derived uncertainty for GR-based snow depth retrievals underestimated. In
the simulations for Figure 8, the different layers within the snowpack were equally scaled from 2 to 70 cm.
While this may not be the most realistic approach, not enough information about the evolution of the Arctic
snowpack is available to derive a more sophisticated approach.

5. Conclusions
In this study, the influences of the atmosphere, clouds, snow, and ice properties on the GR are estimated
based on model simulations using the MEMLS, the passive and active radiative transfer model PAMTRA and
the thermodynamic snow model SNOWPACK. All results are based on in situ ice, snow, and atmospheric
measurements obtained during the first part of the N-ICE2015 campaign (winter conditions). We found that
the (cloud free) atmosphere has only little influence on both, GR(19/7) and GR(37/19). For GR(19/7), the
biggest source of uncertainty is the variability in the snow properties. Based on a case study for snow meta-
morphism introduced by warm air advection, we find an uncertainty in the GR(19/7) of about 20% due to
different snow types. For GR(37/19) the influence of clouds and snow metamorphism are of similar range
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and are 24% for snow metamorphism and 29% for clouds. The ice properties have only a strong influence
on GR in the case of Arctic MYI. Here, the uncertainty is around 8% for GR(19/7) and 29% for GR(37/19).
However, the results for the influence of the MYI properties on the GR are lower than what is found in satel-
lite observations. This potentially is due to the simplifications made in the model used here. The influence
of the ice roughness on the GR is not investigated.

With the uncertainties in GR derived here, it was evaluated how these uncertainties influence the perfor-
mance of potential GR-based snow depth retrievals. In the ideal case, without any uncertainties in GR, the
GR(19/7) based retrieval performs best. The NRMSD of a GR(19/7)-based retrieval is around 2% and for
GR(37/19) 10%. Including the uncertainty of the GR to the regression analysis using a Monte Carlo sim-
ulation (only for FYI), all NRMSD increase. The NRMSD of GR(37/19) increases to 19%, of GR(19/7) to
11%. These modeling results show that it is possible to derive snow depth from GR of microwave brightness
temperatures despite large variability in the snow, ice, and atmosphere geophysical parameters. Overall,
the GR(19/7) performs best, which is also confirmed by satellite observations (Rostosky et al., 2018). How-
ever, if no information about the geophysical state of the snow and atmosphere is used there are significant
uncertainties for the derived snow depth. Thus, these results show the importance of adding additional
information to GR-based passive microwave-based snow depth retrievals during both the training and
operational use. While an estimation of the influence of the atmosphere and clouds on the brightness tem-
peratures observed by satellite is already applied in for, example, passive microwave sea ice concentration
retrievals (e.g., Lu et al., 2018), adding information about the snow type remains difficult since measure-
ments are sparse and thermodynamic snow evolution modeling is challenging. In the upcoming MOSAiC
campaign, an extensive data set of year round snow and ice properties will be collected. The data that
will be collected during MOSAiC might help to improve the understanding of snow processes relevant for
microwave scattering and help to reduce uncertainties in passive microwave-based snow depth on Arctic
sea ice retrievals.

The variability in GR due to the influence of geophysical parameters found in this study are not limited to
passive microwave snow depth retrievals. They can also, after a few adjustments, be used to evaluate the
sensitivity of other related sea ice parameter retrievals that are using similar microwave frequencies. These
are, for example, sea ice concentration retrievals like the NASA-Team (Markus & Cavalieri, 2000) or the ASI
algorithm (Spreen et al., 2008).

Appendix A: N-ICE2015 Snow Pit Data
The snow pit data used in this study can be downloaded from the Norwegian Polar Data Centre (doi:
10.21334/npolar.2017.d2be5f05, accessed 2 November 2017). In Table A1, all selected snow pits used in this
study are listed. In addition, the air temperature (T) during the measurement of the snow pit is given.

Table A1
Date, Latitude, Longitude, and Number of the N-ICE2015 Snow Pit Data Used for This
Study

Date in 2015 Latitude (◦N) Longitude (◦E) Number T (◦C)
20 January 83.15 20.07 1 −21.8
23 January 83.10 20.67 2 −33
23 January 83.10 20.68 3 −32.9
28 January 83.07 17.95 4 −28.8
28 January 83.06 19.95 5 −26.9
28 January 83.06 17.95 6 −28.3
3 February 83.08 16.48 7 −9
3 February 83.09 16.53 8 −10.7
13 February 81.95 19.70 10 −30.2
27 February 82.92 26.55 1 −34.2
2 March 82.97 25.90 2 −21.5
5 March 83.13 24.15 3 −6.7
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Table A1 (continued)

Date in 2015 Latitude (◦N) Longitude (◦E) Number T (◦C)
7 March 83.15 23.85 4 −3.6
8 March 83.19 23.23 5 −2.8
9 March 83.17 22.06 6 −2.9
9 March 83.17 22.06 7 −3.3
10 March 83.11 21.69 8 N/A
11 March 83.02 21.32 9 N/A
13 March 82.88 21.28 10 N/A
13 March 82.86 21.23 11 N/A
18 March 82.61 22.78 12 N/A
19 April 83.11 14.25 1 −14.5
27 April 82.25 14.47 3 −11.8
27 April 82.24 14.40 4 −12.75
13 May 81.38 9.09 14 N/A
13 May 81.37 9.06 15 N/A
31 May 80.69 6.40 32 N/A
31 May 80.69 6.93 33 N/A

Note. In addition, the air temperature during the snow pit measurements is given.
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