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Abstract

Snow depth on Arctic sea ice is a key parameter for understanding the Arctic climate system
and yet, snow is only poorly implemented in state of the art climate models and an evaluation
of the models remains difficult due to the lack of ground truth data.
So far, no routine method exist to monitor the snow depth on Arctic sea ice on a daily,
Arctic-wide basis. Observations from passive microwave satellite sensors are independent
of daylight and almost transparent to clouds and it has been shown that they can be used to
estimate the snow depth on sea ice.
In this thesis, a new, empirical passive microwave snow depth retrieval is developed using an
extensive set of airborne snow depth observations as training data. It could be shown that
extending the retrieval to low frequency channels, it is, for the first time, possible to retrieve
pan-Arctic snow depth during spring.
The uncertainty of the new retrieval was estimated using a Monte-Carlo approach based on
state of the art microwave emission models for the snow-ice system and the atmosphere
and an extensive set of in-situ snow-, ice and atmospheric measurements. The estimated
uncertainty increases with increasing snow depth and is between 4 cm to 8 cm over first-year
ice and 5 cm to 9 cm over multiyear ice.
An evaluation of the new retrieval showed that it performs well in most Arctic regions in
spring and, compared to three other satellite snow depth retrievals, has the lowest RMSD to
in-situ snow depth measurements. An exception is Atlantic sector of the Arctic for the year
2015, where strong flooding occurred and all retrievals strongly underestimate the measured
snow depth. Comparing the retrieval with the results from SNOWPACK simulations showed
that the retrieval is more sensitive to snowfall under warm than under cold conditions. This is
due to stronger snow metamorphism under warm conditions leading to enhanced microwave
scattering.
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Chapter 1

Introduction

In recent decades, an enhanced Arctic climate change was observed and the Arctic air
temperature has increased twice as much as on global average. This phenomena is called
Arctic amplification (Serreze and Barry, 2011). It is linked with a strong decline in Arctic
sea ice cover (Perovich et al., 2017a). In 2016, the German Research Council (Deutsche
Forschungsgesellschaft, DFG) started the Transregional research centre ArctiC Amplification:
Climate Relevant Atmospheric and SurfaCe Processes, and Feedback Mechanisms (AC)3

with the aim to improve the understanding of the rapid climate change in the Arctic. This
thesis is part of the (AC)3 project with the aim to develop a new snow depth on Arctic
sea ice retrieval from satellite observations which can be used to analyse the seasonal and
inter-annual variability of snow depth and to evaluate snow depth simulations from coupled
climate models. Parts of the content presented here are based on two published articles in
peer reviewed journals. Parts of chapter 3 are published in Rostosky et al. (2018) and parts
of chapter 4 are published in Rostosky et al. (2020). The study presented in chapter 5 exists
as a paper draft, but has not been submitted by the time the thesis was written. Two "snow
depth on Arctic sea ice datasets" where published (Rostosky et al., 2019a,b, see Appendix
D). In addition to the two first-author publications, two co-author articles were published
(Fritzner et al., 2019; Zhou et al., 2020) where the newly derived snow depth product was
used to assimilated a coupled climate model (Fritzner et al., 2019) and inter compared with
other existing snow depth retrievals (Zhou et al., 2020). These results are not included here.

1.1 The Arctic Climate System

In recent years, an enhanced increase in the tropospheric temperature in the Arctic was
observed (Serreze and Barry, 2011). As a result of the rapid warming, a strong decline in the
Arctic sea ice extend and sea ice thickness was observed in the last decades (Kumar et al.,
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2010; Serreze et al., 2009). This decline is especially pronounced during the summer months
when the sea ice extend reaches its minimum. From 1979 to 2016, the September sea ice
extend has declined by −13.3% (Perovich et al., 2017b) and record minima occurred in 2007
and 2012.
Estimating the decline in sea ice thickness is difficult since long timeseries are only available
from climate models which still have difficulties in accurately model Arctic sea ice parameters
(Holmes et al., 2019; Turner et al., 2013). Maslowsky et al. (2012) found a decline in Arctic
sea ice thickness of 44% from 1979 and 2002 based on model simulations. Arctic-wide sea
ice thickness retrievals from satellites based on sea ice freeboard observations from ICESat
and CryoSat-2 exist since 2003 (Ricker et al., 2014). Kwok and Rothrock (2009) compared
ICESat derived sea ice thickness data from 2003 to 2008 with submarine ice thickness
measurements (1958 to 2000) and found a decrease in the mean winter ice thickness of
1.75 m between 1980 and 2008. Laxon et al. (2013) compared sea ice thickness observations
from CryoSat-2 (2010-2012) with sea ice thickness estimates from ICESat (2003-2008) and
found a decline in autumn sea ice volume by 4291 km3.
State of the art coupled Arctic climate models have difficulties to reproduce the strong decline
in sea ice extend (Kumar et al., 2010), revealing a gap in the representation and understanding
of physical processes that are responsible for the rapid decline in Arctic sea ice cover (Turner
et al., 2013).
Snow on Arctic sea ice is an important contributor to many of these processes. In comparison
to the thermal conductivity of sea ice (∼ 2 W/m; Trodahl et al., 2001), snow can have a
very low thermal conductivity (0.2 W/m to 2 W/m; depending on the snow type; Riche and
Schneebeli, 2013) and therefore, even a shallow snow layer strongly influences ocean-sea
ice-atmosphere heat fluxes. This has a direct impact on the sea ice thickness. During winter,
when the air temperature is low, snow dampens the negative heat flux to the ice and thus
slows down the sea ice growth. During summer, this effect reverses since the snow now
isolates the sea ice from the warm air and therefore slows down the ice melt. The albedo of
snow is between 0.7 for melting snow and 0.9 for dry snow (Perovich et al., 2002), which
is very high compared to the albedo of the open ocean (0.06) and therefore, snow strongly
influences the Arctic energy budget. Wrong estimates of snow depth on Arctic sea ice from
climate models directly impact the accuracy of the modelled sea ice thickness and surface
energy fluxes (Castro-Morales et al., 2014).
Information about snow depth and density are important for sea ice thickness retrievals based
on satellite altimetry. Kern et al. (2015) concluded that unknown snow depth and density
are the major sources of uncertainties in ice thickness retrievals. In addition, snow is only
poorly represented in climate models and consequently, the models fail to reproduce the
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snow depth on Arctic sea ice distribution derived from airborne snow depth measurements
(Castro-Morales et al., 2017a). Webster et al. (2018) concluded that in order to improve the
representation of snow on sea ice in coupled climate models, it is crucial to have Arctic-wide
snow depth observations with constrained uncertainties. A strong correlation between snow
depth and under-ice light fields has been found (Arndt et al., 2017), the latter being important
for biological and biochemical processes in the upper ocean, highlighting the interdisciplinary
importance of snow on sea ice.
Due to the lack of consistent, long timeseries of snow depth on Arctic sea ice, estimating
long term trends in Arctic snow depth is difficult. A comparison of the Warren climatology
(W99) from 1954 to 1991 (Warren et al., 1999) to recent airborne snow depth measurements
from the Operation IceBridge (OIB) campaign showed similar mean snow depths over
multiyear ice (MYI, ice that survived at least one summer melt) but an, on average, 16.5 cm
lower snow depth over first-year ice (FYI, ice that has formed since the last freeze up)
(Kurtz and Farrell, 2011). Webster et al. (2014) analysed spring snow depth from airborne
measurements, ice mass buoys and the W99 climatology and found a negative trend in spring
snow depth of −0.29 cm/year from 1950 to 2013 which the authors linked to a decrease
in the length of the accumulation period of snow due to a later onset of freezing and an
earlier onset of melting in the recent years. A similar thinning of the Arctic snowpack
was also observed in reconstructed snow depth data based on atmospheric reanalysis data
(Blanchard-Wrigglesworth et al., 2018). However, no final conclusions about possible trends
in snow depth can be drawn due to the limited spatial coverage of the W99 climatology
and OIB snow depth observations and high uncertainties in reanalysis snowfall products
(Boisvert et al., 2018).

1.2 Snow Depth on Arctic Sea Ice Retrievals

In principle, different methods exist to obtain snow depth on Arctic sea ice. However, so
far, no routine method exists to derive estimates of snow depth on Arctic sea ice on a daily
basis for the whole Arctic ocean. Existing products are limited to retrieve snow depth over
FYI (Comiso et al., 2003). In-situ measurements of snow depth on sea ice are rare and
most of them are obtained at the end of the winter season since field observations require
daylight conditions. Drifting buoys may cover a whole winter season but their snow depth
measurements are only representative for a small area around the buoy and are mainly located
over MYI (e.g., Perovich and Richter-Menge, 2015).
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Due to the spatial sampling of in-situ surveys, observations may not be representative of
basin-wide conditions and airborne or satellite observations pose an opportunity to overcome
this challenge (e.g., King et al., 2015). Airborne snow depth measurements as e.g., from the
OIB campaign (Kurtz et al., 2013b) may cover hundreds to a thousand kilometres (although
captured in one-dimensional, along-track profiles; Kurtz and Farrell, 2011) but are time- and
cost-intensive and limited by weather conditions.
Given the vast area and temporal resolution requirements, satellites are, potentially, the best
tool to derive snow depth estimates on an Arctic-wide scale with daily or weekly coverage.
For snow on land, several snow retrievals from different satellite sensors have been developed
in recent decades. They include passive microwave satellite retrievals of snow depth or snow
water equivalent (e.g., Chang et al., 1987; Che et al., 2008; Josberger and Mognard, 2002;
Pulliainen, 2006) and snow depth retrievals using interferometry (Leinss et al., 2015) or
synthetic aperture radar observations (König et al., 2001). However, on sea ice, many of
those retrievals are of limited use. For example, snow depth retrievals from interferometry
are limited to landfast ice, since sea ice drift and its movement due to waves will cause errors.
Guerreiro et al. (2016) developed an algorithm to retrieve snow depth on Arctic sea ice based
on satellite altimetry from the CryoSat-2 and SARAL/AltiKa missions. Their results show a
good agreement with OIB snow depth measurements but the area covered by the retrieval is
limited to observations below 81.5◦N, missing the central Arctic, due to the inclination of the
SARAL/AltiKa orbit. Lawrence et al. (2018) further improved the method of Guerreiro et al.
(2016) by calibrating the freeboard derived from SARAL/AltiKa and from CryoSat-2 to OIB
freeboard observations. Zhou et al. (2018) combined measurements from CryoSat-2 and
from the Soil Moisture and Ocean Salinity (SMOS) sensor to derive snow depth information.
Maaß et al. (2013) developed a snow depth retrieval algorithm for sea ice based on passive
microwave observations at 1.4 GHz from SMOS and found a reasonable agreement with
OIB snow depth measurements. However, the product is limited to areas where the ice is
thicker than 1–1.5 m, thereby restricting its field of use to mainly MYI. Based on backscatter
observations at Ku-Band and C-Band, Yackel et al. (2019) presented a method to derive late
winter to spring snow depth on landfast FYI.
The first snow depth on sea ice retrieval from passive microwave satellite observations was
developed by Markus and Cavalieri (1998) and is based on the gradient ratio (GR) of verti-
cally polarised brightness temperature observations at 19 GHz and 37 GHz. The retrieval was
developed using an empirically derived linear fit between microwave satellite observations
and Antarctic snow depth observations. The regression coefficients were updated to the latest
passive microwave satellites (Comiso et al., 2003). However, the same regression coefficients
were applied in the derivation of snow depth on Arctic sea ice. In a recent study, Brucker and



1.2 Snow Depth on Arctic Sea Ice Retrievals 5

Markus (2013) reviewed the initial retrieval for the Arctic and concluded that it is necessary
to derive new regression coefficients for the retrieval.
Currently, the retrieval is limited to dry snow, i.e. winter, and snow depths below 50 cm.
At microwave frequencies (e.g., 19 GHz and 37 GHz) MYI influences the brightness tem-
peratures in a similar way as snow (Comiso et al., 2003) and thus the retrieval is limited
to FYI which is a concern, since a substantial area of the Arctic is covered by MYI. It has
been shown that the retrieval performs worse over rough sea ice (e.g., Markus et al., 2006a;
Stroeve et al., 2006).
In recent years, following the approach of Markus and Cavalieri (1998), several studies
have been published on improving passive microwave snow depth retrievals using better
training data (e.g., OIB snow depth observations) or more sophisticated methods (e.g., a
neural-network). Rostosky et al. (2018) Incorporated observations at lower frequency (i.e.,
6.9 GHz) and showed that the addition of this frequency enables the retrieval of snow depth
over MYI in spring. This retrieval is further presented in chapter 3. Kilic et al. (2019) trained
a multilinear regression model using brightness temperatures at 7 GHz, 19 GHz and 37 GHz,
and OIB snow depth observations. Braakmann-Folgmann and Donlon (2019) developed
a neural network algorithm using the gradient ratio at GR(19/7), GR(37/19) (see equation
3.1) and the polarisation ratio PR(37) (see equation 3.2) as input data. The network was
trained with OIB snow depth measurements. Liu et al. (2019) trained a deep neural-network
to retrieve Arctic wide snow depth from brightness temperature observations.
Most of the newly derived retrievals are trained or evaluated with OIB snow depth observa-
tions (e.g., Braakmann-Folgmann and Donlon, 2019; Guerreiro et al., 2016; Kilic et al., 2019;
Lawrence et al., 2018; Maaß et al., 2013; Shi et al., 2020). The OIB campaign is limited to
spring and most of the measurements are obtained over sea ice in the Beaufort Sea, north
of the Canadian Archipelago and in the central Arctic. Since snow- and ice conditions can
vary in different Arctic regions and change in the course of the winter season (Willmes et al.,
2014), it remains unclear, how well these snow depth on Arctic sea ice retrievals perform
outside of the spatial and temporal coverage of their training data. Several studies investigated
the performance of passive microwave snow depth retrievals (Brucker and Markus, 2013;
Kern and Ozsoy, 2019; Markus et al., 2011; Rostosky et al., 2018; Worby et al., 2008), and
concluded that further improvements of the retrieval algorithms are required. So far, no
method exists to obtain the snow density or grain type from satellite observations, even
though they are crucial for the Arctic energy budget (Webster et al., 2018). Besides satellite
based snow depth retrievals, other methods to obtain Arctic-wide snow depth estimates are
based on reanalysis data. In principle, reanalysis products provide information about snowfall
which then can be converted into snow depth on sea ice. However, different reanalysis models
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use different empirical parametrizations for the phase of the precipitation (i.e., whether the
precipitation falls in liquid or solid form) and thus the estimated snowfall largely differs
within different reanalysis products (Boisvert et al., 2018; Lindsay et al., 2013). In addition,
assumptions have to be made about snow loss into leads or due to blowing events.
The most comprehensive models which use reanalysis data to derive pan-Arctic snow depth
on sea ice are the NASA Eulerian Snow Model (NESOSIM; Petty et al., 2018) and the
Distribution Snow-Evolution Model (SNowModel; Liston et al., 2018). Both models account
for sea ice drift. In addition, parameterisations and tuning parameters for snow redistribution,
snow loss into open water and wind packing are used in the models. Both models use a
simplified snowpack without a detailed description of the snow-grain properties.
A more detailed snow model which uses reanalysis data and, in addition, simulates the
whole snow- and sea ice system including physical-based snow metamorphism is the recently
developed SNOWPACK model (Wever et al., 2019). SNOWPACK is a one-dimensional
model and the simulations are cost expensive due to the detailed snow microphysics in the
model.
The aim of this thesis is to develop a new passive microwave snow depth on Arctic sea ice
product which can be used to evaluate seasonal and inter-annual variability in Arctic snow
depth and which is suitable to be used for the evaluation of coupled climate models. This
document is organised as following. In the second chapter, an overview of the theoretical
background of microwave remote sensing of snow depth on Arctic sea ice is given. In the
third chapter, a new passive microwave satellite snow depth on Arctic sea ice retrieval is
developed, followed by a detailed uncertainty estimation of the retrieval in chapter four.
In chapter five, the new snow depth retrieval is evaluated and compared to other passive
microwave snow depth on Arctic sea ice retrievals. The document closes with a conclusion
and outlook in chapter six.



Chapter 2

Theoretical Background

In this chapter, the theoretical background for passive microwave satellite observations
of snow depth on Arctic sea ice is derived. In this thesis, satellite observations from the
AMSR-E and AMSR2 sensors at different microwave frequencies are used (see Appendix E).
This chapter is organised as follows. In the sections 2.1 and 2.2, basic theoretical concepts
used in passive microwave remote sensing are derived and in section 2.3, these concepts
are applied to passive microwave observations of snow. In section 2.4, simulations of the
microwave emission of snow relevant for remote sensing are performed. These simulations
are based on the theory derived above. In section 2.5, possible errors due to the simplifications
used in the theoretical models are discussed.

2.1 Planck’s Law

In this section, a comprehensive overview of the most important concepts used in microwave
remote sensing is given closely following the theory described in Ulaby and Long (2014a,b).
Passive microwave satellites measure the natural emission of the earth at top of the atmo-
sphere. Planck’s blackbody law is a fundamental concept in microwave remote sensing since
it can be used to describe the thermal emission of a material (i.e., the earth surface).

B f =
2h f 3

c2
1

exp
{︂

h f
kT

}︂
−1

(2.1)

A blackbody is a theoretical material that absorbs all incoming radiation and thus reflects
no radiation. In equation 2.1, B f describes the spectral radiance (Wm−2sr−1Hz−1) of a
blackbody. h is Planck’s constant (6.63*10−34 J), f the frequency (Hz), T the temperature
(K), c the velocity of light (≈ 3*108 ms−1) and k the Boltzmann constant (1.38*10−23 JK−1).
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exp{} is the exponential function. In the microwave regime (low-frequency regime), Planck’s
law can be simplified using the following approximation:

h f
kT

≪ 1 (2.2)

In this case, the term in the exponential function of equation 2.1 is close to zero and using the
approximation that exp(x)-1 ≈ x, for small x Planck’s law can be simplified to the so called
Rayleigh-Jeans approximation:

B f =
2kT
λ 2 (2.3)

Perfect absorbers do not exist in nature. Real materials (also called grey bodies) emit less
than a blackbody and a part of the incoming radiation might be reflected at the surface. For
grey bodies, the Rayleigh-Jeans approximation can be rewritten as in equation 2.4 where the
physical temperature is replaced with the brightness temperature Tb.

B =
2kTb

λ 2 (2.4)

The brightness temperature of the material is linked to its physical temperature via the
emissivity e:

Tb = eT (2.5)

The emissivity is between 0 and 1 and thus the brightness temperature of a material is always
smaller than or equal to its physical temperature. In general, e depends on the frequency and
polarisation. The brightness temperature is directly linked to the power measured by satellite
antennas (Ulaby and Long, 2014a) and thus is a fundamental quantity in microwave remote
sensing.

2.2 Radiative Transfer

To derive information about surface properties from the brightness temperatures observed
by satellites, a the radiative transfer equation has to be solved. An antenna, deployed on a
satellite system, receives radiation from several sources within the antenna’s field of view.
The received radiation is a mixture of the radiation emitted by the surface, radiation that
might be scattered by the surface into the direction of the antenna and upward emission of
the atmosphere. Similar to the definition of the brightness temperature (see equation 2.4), an
apparent radiometric temperature distribution TAP can be defined which relates the signal the



2.2 Radiative Transfer 9

antenna receives to the radiation within its field of view (Ulaby and Long, 2014a, chapter2).

Bi =
2kTAP

λ 2 (2.6)

Here Bi is the incident brightness with respect to the antenna field of view. The derivation
of the radiative transfer equation given below closely follows the description in Ulaby and
Long (2014a) and Mätzler (2006).
The radiative transfer equation can be derived by integrating the differential form equation 2.6
(i.e., dB/dr⃗) along the path r⃗ the radiation travels until it reaches the measuring antenna. In
principle, the radiative transfer equation describes how radiation is modified when propagat-
ing through a medium (assuming incoherent interactions; Ulaby and Long, 2014a). Radiation
may be modified due to absorption, emission and scattering within the medium. In addition,
for a non-homogeneous medium, reflection may occur at the different interfaces (e.g., at the
ice-snow and snow-atmosphere interfaces).
First, let’s define absorption, scattering, emission and reflection. If a wave travels through a
medium, it may lose energy due to absorption or scattering. In the case of absorption, the
energy of the wave is transformed into heat and in the case of scattering, energy is scattered
away outside the field of view of the measuring device. Absorption and scattering can be
combined into extinction:

γe = γa + γs (2.7)

Here, γe is the extinction coefficient and γa and γs are the absorption and scattering coefficients,
respectively. The change in brightness B of the wave along the path r due to extinction can
be expressed by:

dBext =−γeBdr. (2.8)

Emission leads to an increase in energy and can be caused by thermal emission of the medium
or by energy that is scattered into the travelling direction of the wave. Emission can be
introduced as following:

emission = γaJa + γsJs (2.9)

Since thermal equilibrium is assumed, emission has to be equal to absorption and Ja and Js

are the source functions for the emitted and scattered energy.
Similar to the extinction the change of brightness due to emission can be defined as:

dBemit = γe[(1−a)Ja +aJs]. (2.10)
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Here, a is the so called single scattering albedo with a = γs
γe

.
Reflection at interfaces occurs due to differences in the refractive indices of the medium
a wave travels through. It can be described with the complex Fresnel equations for rv,
the reflection at vertical polarisation (equation 2.11) and rh, the reflection at horizontal
polarisation:

rv =
n2 cosθ1 −n1

√︂
n2

2 −n2
1 sin2

θ1

n2 cosθ1 +n1

√︂
n2

2 −n2
1 sin2

θ1

(2.11)

rh =
n1 cosθ1 −n2

√︂
n2

2 −n2
1 sin2

θ1

n1 cosθ1 +n2

√︂
n2

2 −n2
1 sin2

θ1

(2.12)

Here, n1 and n2 are the complex refractive indices of medium 1 and medium 2 and θ1 the
incident angle of the incoming wave. Here, Snell’s law (n1 sinθ1 = n2 sinθ2) was used to
relate the reflection angle θ2 to θ1.
The general form of the radiative transfer equation can be then written as in (for a detailed
derivation, see Ulaby and Long, 2014a):

TAP(r) = TAP(0)exp{−τ(0,r)}+
∫︂ r

0
γe(r′)[(1−a(r))T (r′)+a(r)TSC(r′)]exp

{︁
−τ(r′,r)

}︁
dr′

(2.13)
In equation 2.13, TAP is the apparent temperature (see equation 2.6) at point r⃗. exp{−τ(0,r)}
is the extinction of radiation along the path (0,r) with τ being the optical thickness of the
medium:

τ(0,r) =
∫︂ r

0
γe(r′)dr′ (2.14)

The integral term in equation 2.13 describes the change in radiation due to absorption
((1−a(r))T (r′)) and scattering (a(r)TSC(r′)) with a(r) being the single scattering albedo and
TSC the temperature, which is scattered into the antenna’s field of view. The equation is based
on the approximation that for an infinitesimal thin layer thickness dr′, it can be assumed that
the medium is in thermal equilibrium and therefore Kirchoff’s law can be applied.
Solving the radiative transfer equation for the general case is highly complex due to the
nature of the integral. The solution at point r1 in a medium generally depends on interactions
between all other points in the medium. In the next section, solutions of the radiative transfer
equation with respect to remote sensing of snow are discussed.
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2.3 Microwave Properties of Snow

Snow is a granular medium consisting of roughly 70% air and 30% ice. A natural snow cover
often consists of several layers with different physical properties. It has been shown that
models for describing the microwave emission of snow can be derived from the radiative
transfer equation (Mätzer, 1987). In order to derive methods to estimate the microwave
emission of snow, several assumptions have to be made. In the following, it is assumed that
the snowpack can be divided into several sub-layers and that each layer is isotropic. The
interface between the single layers is a radiometrically smooth surface (i.e., the roughness of
the interface is much smaller than the wavelength of interest) and the single layers are thick
enough so that coherent effects can be neglected. In Section 2.5, possible errors due to these
simplifications are discussed.

Dielectric Properties of Snow

Dielectric properties of snow strongly influence its microwave emission and are thus fun-
damental for the remote sensing of snow on sea ice. In general, the dielectric constant ε of
a material (also called permittivity) is a complex number, i.e., ε = ε’ −iε” (hereafter ε” is
understood as an imaginary number and the notation i is dropped). A valid approximation
for snow is that the real part of the dielectric constant can be related to volume scattering
while the imaginary part of the dielectric constant can be associated with absorption (Mätzer,
1987). In Mätzler (2006), a detailed review of the dielectric properties of snow is given and
the concepts described below closely follow the theory described there.
The real part of the permittivity of snow depends on the snow density (i.e., on the volume
fraction of ice) and the shape of the snow grains. Snow is a granular medium consisting
of a host material with dielectric constant εe (air) and an inclusion material with dielectric
constant εi (ice) and therefore, mixing theory can be used to describe the real part of snow
permittivity (Mätzler, 2006).
Using mixing theory, the permittivity of snow can be calculated from the following equation:

ε = εe +
f (εi − εe)∑

3
k=1 εa/(εa +Ak(εi − εe))

3− f (εi − εe)∑
3
k=1 Ak/(εa +Ak(εi − εe))

(2.15)

Here, f is the ice volume fraction and Ak the depolarisation factor for the three dimensions
with A1+A2+A3 = 1. εa is the apparent permittivity, i.e., the permittivity in the surroundings
of the grains. From experimental studies, the Polder Van Santen model was found to be the
best description of εa (Mätzler, 2006). In this case, εa = 1−Ak.
Snow grains can have various shapes ranging from spheroidal particles to plates depending
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on the state of snow metamorphism and thus, estimating the depolarisation factor Ak can be
highly complex. Under the assumption of spheroidal grains (i.e., A1 = A2 ≡ A), only one
shape parameter has to be determined. In Mätzler (2006), an empirical model to estimate A
is presented, which is based on permittivity measurements over various snow types giving A
as a function of ice volume fraction:

A =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
0.1+0.5 f 0 < f ≤ 0.32,

0.18∗ exp{−10( f −0.32)} 0.32 < f 0.5

0.33 f ≥ 0.5

(2.16)

Equation 2.16 shows an empirical function to determine A, based on the ice volume fraction
f . The range between 0 < f ≤ 0.32 describes the initial snow metamorphism from fresh
snow ( f ≈ 0.1) with oblate snow flakes to wind slab snow with nearly spherical grains. In
this step, A increases with f . For 0.32 < f < 0.5, A drops which is related to an increased
connection between single snow grains once snow metamorphism continues. For f > 0.5, the
medium is assumed to be ice with spherical air inclusions and for those, A = 1/3.
In his formulation of the Improved Born Approximation, Mätzler (1998) showed that the
following approximation for ε ′′ can be used:

ε
′′ =

√
ε ′K2 f ε

′′
i (2.17)

In equation 2.17, K2 is the mean squared ratio of the electrical field of the particles (≈ 0.5
for dry snow). ε ′′i can be computed from equation 2.15 inserting εi = ε ′i + ε ′′i .
Figure 2.1 shows the real (left) and imaginary (right) part of the snow permittivity as a
function of the ice volume fraction calculated from equation 2.15 and equation 2.17. Both, ε ′

and ε ′′ increase with f . In snow, ε ′ is about two to three orders of magnitude larger than ε ′′.
Therefore, dry snow can be called a weakly absorbing medium and thus, microwaves can
travel long distances through snow before their energy gets absorbed (this, however, is only
true if volume scattering is neglected). The permittivity of wet snow is higher than for dry
snow due to the high permittivity of water (ε’ > 35; Stiles and Ulaby, 1980).
In principle, wet snow can be considered a mixture of dry snow and water inclusions and
thus equation 2.15 can be used (Mätzler, 2006) by substituting f with the volume fraction of
liquid water W , εi with εw (dielectric constant of water) and εe with εd (dielectric constant of
dry snow). Ak now refers to the shape parameter of the water inclusions.
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Figure 2.1: Real (left) and imaginary (right) part of the complex dielectric constant of snow
as a function of the ice volume fraction. Note the different orders of magnitude.

So far, no analytical model exists that describes how the water droplets are arranged within
the snow (Mätzler, 2006). Based on a comparison with measurement data, it was found
that the shape parameters: A1 = A2 = 0.4975 and A3 = 0.005 results in the best fit to the
measurements (Mätzler, 2006).
Figure 2.2 shows the absorption coefficient γa for dry (left) and wet (right) snow for mi-
crowave frequencies at 6.9 GHz, 18.7 GHz and 36.5 GHz. γa is generally controlled by ε ′′ and
it was calculated using equations 24 and 28 from Mätzler (1998) assuming spherical snow
grains. For dry snow (Figure 2.2, left), the absorption coefficient increases with increasing
ice volume fraction and is higher for higher frequencies. In Figure 2.2 (right) an ice volume
fraction of 0.38 (corresponding to a snow density of ≈ 350 kgm−3) is used.
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Figure 2.2: Left: Absorption coefficient for dry snow for microwaves at 6.9 GHz, 18.7 GHz
and 36.5 GHz as a function of the ice volume fraction. Right: Absorption coefficient for wet
snow for microwaves at 6.9 GHz, 18.7 GHz and 36.5 GHz as a function of the liquid water
content. Note the different orders of magnitude.
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With increasing liquid water fraction, the absorption coefficient of snow strongly increases
for all frequencies. At a liquid water fraction of 0.1, the absorption coefficient is already
more than two orders of magnitude higher than in the case of dry snow.

Volume Scattering in Snow

Because of the low absorption, microwaves can travel several decimeters to meters (depending
on the frequency) through snow. In this case, volume scattering at snow grains can have a
strong effect. In the case of wet snow, the absortivity strongly increases (see Figure 2.2)
and thus, volume scattering can usually be neglected. This, however, is not the case for
cold, dry snow at microwave frequencies above 10 GHz (Mätzler, 2006). The most common
approaches to describe volume scattering of microwaves are the so called strong fluctuation
theory (SFT) and the dense media radiative transfer theory (DMRT) (Mätzler, 1998). Both
theories lead to highly complex equations and thus, approximations have to be applied in
order to obtain a practical description of the volume scattering in snow (Löwe and Picard,
2015).
Based on these theories, two microwave emission models have been developed in recent
years. The DMRT model (Picard et al., 2013) and the microwave emission model of layered
snowpacks (MEMLS; Wiesmann and Mätzler, 1999), which is based on the SFT theory.
Recently Picard et al. (2018) developed the model framework SMRT in which both theories
can be applied. MEMLS is used for various studies within this thesis and therefore, the
theoretical concepts used in MEMLS are described here in some detail. By reformulating the
model equations, Löwe and Picard (2015) have shown that the theory of both models can be
transferred to the other model and that the resulting volume scattering described by these
models only differs by a small factor.
A common approximation of the SFT is the so called Born approximation. In the Born
approximation, the medium is treated as a weakly scattering medium which means that its
dielectric function can be written as ε(r) = εa+ε f (r). εa is the average dielectric constant of
the medium and ε f (r) the fluctuation. In the Born approximation it is assumed that ε f (r)

εa
≪ 1.

In the following, the scattering coefficient in the Born approximation is derived, closely
following the derivation proposed in Mätzer (1987).
Lets assume an incident plane wave which fulfils equation:

E⃗ i(r⃗) = E⃗0 exp
{︂

ik⃗ir⃗
}︂

(2.18)

Here, ki is the wave vector of the incident field and E0 is the amplitude of the incident wave
being perpendicular to ki. If the wave is scattered by a particle with volume V , its scattering
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amplitude f can be described by equation 2.19 (Mätzer, 1987).

f (ki⃗ ,ks⃗ ) =
1

4πE0

∫︂
V

ks⃗ × [ks⃗ × E⃗s(r⃗)]δ (r⃗)exp
{︂
−ik⃗sr⃗

}︂
dV (2.19)

Here, k⃗s is the wave number of the scattered wave, and the δ (r⃗) describes dielectric function
of the medium (i.e., δ (r⃗) =εa+ε f (r)). Es(r⃗) is the electric field in the scattering volume.
Under the Born approximation, the electric field in the scattering volume is similar to
the incident field and Es(r⃗) can be approximated with equation 2.18. Equation 2.19 then
simplifies to:

f (ki⃗ ,ks⃗ ) =− 1
4π

[ks⃗ × [ks⃗ × E0

|E0|
)]]

∫︂
V

δ (r⃗)exp
{︂
−i[k⃗a − k⃗sr⃗

}︂
dV (2.20)

The bistatic scattering coefficient γbi
i j can be calculated from equation 2.20 if the volume of

the scatterer V and the dielectric function δ (r⃗) are known. Instead of using δ (r⃗), it is more
practical to describe the dielectric function of the medium by an auto-correlation function
R(r⃗′− r⃗′′) of the fluctuating permittivity. r⃗′− r⃗′′ describes the three-dimensional lag distance
of the fluctuating permittivity, i.e., in the case of snow, it is related to the minimum distance
between two scatterers (snow grains). The advantage of using an auto-correlation function
is that it represents a continuous function in a granular medium like snow. Also, single
scattering events need to be averaged to obtain a representative description of the volume
scattering in snow (Mätzer, 1987). Thus the average scattering coefficient is of more interest
than single scattering events and it can be described by an auto-correlation function of the
single scatterers:

R(r⃗′− r⃗′′) =
1

V ⟨δ 2⟩
⟨
∫︂

V
δ (r⃗′)δ (r⃗′− r⃗′′)dV ⟩ (2.21)

Here, ⟨⟩ is the volume average of the quantity inside the brackets, δ 2 is the variance of the
dielectric function of the medium.
From equation 2.20 and 2.21, the effective volume scattering coefficient of the Born approxi-
mation can be derived (see Mätzer, 1987, for a detailed derivation).

γ
bi
i j =

k4
0|⟨ε⟩|2⟨ε2⟩d sin2(χ)

4π cosθ

∫︂
V

R(r⃗′− r⃗′′)exp
{︂

i(k⃗i − k⃗s)r
}︂

dV (2.22)

In equation 2.22, γbi
i j is the effective volume scattering coefficient. K0 is the vacuum wave

number and χ the angle between E0 and ks d is the snow depth.
As discussed, the Born approximation plays a fundamental role in modelling the microwave
emission of snow and the most advanced model (MEMLS) is based on this approach. The
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auto-correlation function of a snowpack can be found from X-ray microtomography images
(e.g., Krol and Löwe, 2016) These images are, however, costly to obtain and thus are only
rarely measured during field campaigns. Therefore, it is more practical to approximate the
auto-correlation function of snow by an exponential function (Mätzer, 1987):

R(r⃗− r′⃗ ) = exp
{︂
−(r⃗− r′⃗ )/pc

}︂
(2.23)

Here, pc is the exponential correlation length and this parameter controls the strength of
the scattering in a snowpack. It is possible to estimate pc from specific surface area (SSA)
measurements (Mätzler, 2002).
In the case of snow, the assumption of a weakly scattering medium is not valid due to
the large differences in the permittivity of air (ε ′ = 1) and ice (ε ′ = 3.18) and thus the
Born approximation is not valid. However, Mätzler (1998) further improved the Born
approximation (Improved Born Approximation; IBA in the following) for the application
in snow. Based on the IBA one of the most comprehensive microwave emission model for
layered snowpacks (MEMLS, Wiesmann and Mätzler, 1999) was developed.
The advantage of the IBA is, that most concepts of the classical Born approximation can still
be used after some modifications. In the IBA, the electric field in the scattering volume is
similar to equation 2.18, including a factor K⃗ which relates the internal field in the scatterer
to the electric field of the incident wave:

E⃗(r⃗) = K⃗E⃗ i(r⃗) (2.24)

For small ellipsodial scatterers, an analytical solution for K⃗ can be found:

Kii =
εa

εa +(εe − εi)A
(2.25)

The effective scattering coefficient γbi
i j in the IBA can be calculated from equation 2.20 with

the addition of the factor K⃗. An application of the IBA to a granular medium is given in
Mätzler (1998). The author shows that in the IBA, the scattering coefficient γs (assuming
spherical grains), which is the directional average of γbi

i j can be computed as:

γs =
3p3

ck4

32
f (1− f )

⃓⃓⃓(εi − εe)(2εe f f + εe)

2εe f f + εi

⃓⃓⃓2
(2.26)

Here, εe f f is the effective emissivity of snow which can be obtained from mixing theory (e.g.,
equation 2.15. with ε = εe f f ). k is the wave number and f the ice volume fraction. εe is the
permittivtiy of the host (air) and εi the permittivity of the inclusion (ice).
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Figure 2.3 shows the scattering coefficient at 6.9 GHz, 18.7 GHz and 36.5 GHz (which are
the main frequencies used this thesis) calculated from equation 2.26 for a snowpack with a
density of 250 kgm−3 (left) and 350 kgm−3 (right). The exponential correlation length pc

ranges from 0.05 mm to 0.2 mm which is the typical range found for different snow types
(Mätzler, 2002). For all frequencies, the scattering coefficient increases with increasing pc.
Overall scattering is roughly one magnitude larger for 36.5 GHz compared to 18.7 GHz and
2 orders of magnitude larger compared to 6.9 GHz. And influence of the density on the
strength of the scattering is only visible at 36.5 GHz. Here, the scattering is slightly higher in
the dense snowpack (Figure 2.3, right). For the snowpack investigated here, the scattering
coefficient is as large as the absorption coefficient when the exponential correlation length is
around 0.14 mm.
Using the absorption and scattering coefficients, the penetration depth d can be calculated
from equation 2.27 (Mätzer, 1987):

d =
1

√
γaγs

(2.27)

The penetration depth is a commonly used concept in microwave remote sensing (Ulaby and
Long, 2014b) and it describes the depth at which the energy of microwaves has decayed to
1/e of its original energy due to extinction in the medium. In a weakly absorbing medium
(e.g, dry snow), d is controlled by volume scattering while in a strongly absorbing medium
(e.g, wet snow), d is controlled by absorption.
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Figure 2.3: Scattering coefficient of snow as a function of the exponential correlation length
for a snowpack with a density of 250 kgm−3 (left) and 350 kgm−3 (right).
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Figure 2.4 shows the penetration depth for dry (left) and wet (right) snow for microwave
frequencies at 6.9 GHz, 18.7 GHz and 36.5 GHz as a function of the exponential correlation
length. The penetration depth decreases with increasing pc due to an increased loss of energy
through volume scattering. In the case of dry snow (Figure 2.4, left) the penetration depth at
6.9 GHz decreases from roughly 60 m for low pc to about 20 m for high pc. At 18.7 GHz,
the penetration depth decreases from 10 m to 2 m and at 36.5 GHz it decreases from 2.5 m to
0.9 m. In wet snow (Figure 2.4, right), the penetration depth of the microwaves is strongly
reduced to a few centimetres for 6.9 GHz and less than a cm for 36.5 GHz (here, a liquid
water fraction of 0.1 was assumed). This has consequences for passive microwave based
snow depth retrievals since for wet snow, no information about snow depth can be derived.
Differences in the microwave emission of wet snow at different frequencies are then solely
due to surface scattering.

Figure 2.4: Penetration depth of microwaves at 6.9 GHz, 18.7 GHz and 36.5 GHz for dry
(left) and wet (right) snow as a function of the exponential correlation length. Note the
different orders of magnitude.

Reflection at Interfaces

A snowpack may consist of several layers with different refractive properties (i.e, different
dielectric constants). In addition, reflection occurs at the snow-air interface due to the high
contrast in the dielectric constants of air (ε = 1) and snow (ε ≈ 1.3). In the case of a
radiometrically smooth surface, reflection at each layer can be calculated from the Fresnel
equations (see equations 2.11 and 2.12). Note that reflectivity (r) and emissivity (e) are
linked via r + e + t = 1, where t is the transmissivity. For snow and air, the permeability is
roughly one and can therefore be neglected. The refractive index n in equations 2.11 and
2.12 is then directly proportional to the square root of the dielectric constant.
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In general, the reflectivity of snow is higher at horizontal polarisation than at vertical
polarisation. For example, solving equations 2.11 and 2.12 for an incident wave with an
incident angle of 50◦ and the dielectric constants for air and snow mentioned above, the
reflectivity is 0.073 at vertical polarisation and 0.202 at horizontal polarisation. For a rough
interface, reflection becomes diffuse leading to a depolarisation of the microwaves and the
reflectivity at the snow-ice interface becomes lower.
So far, it has been assumed that the internal layers of the snowpack are thick enough so that
coherent scattering can be neglected (this assumption is true if wavelength is less than half
the layer thickness; Mätzler, 2006). In the case of e.g., thin ice layers in the snow, coherent
scattering effects have to be considered. The reflection coefficient of layer n,n−1 can then
be calculated in an iterative process (Mätzer, 1987):

rn =
Fn + rn−1 exp{2iPn−1}
1+Fnrn−1 exp{2iPn−1}

(2.28)

In equation 2.28 rn is the reflection coefficient of layer n, Fn the Fresnel reflection of the
interface between layer n− 1 and n. Pn is the phase of the wave from layer n− 1. For a
medium with low absorption (i.e., ε ′′ ≪ ε ′). Pn can be calculated using Snells law:

Pn =
2πd
λ0

(n′ cosθ
′
n + in′′ cosθ) (2.29)

Here, dn is the thickness of layer n and λ0 the vacuum wavelength. n′ and n′′ are the real (n′)
and imaginary (n′′) part of the complex refractive index.

2.4 Applications of the Theory

In this section, results for the microwave emission of snow based on the theory described
above are presented. For simulating the microwave emission of snow, a sea ice version of
MEMLS is used (Tonboe, 2005). This model is based on the IBA described in the section
above. For absorption and refraction, solutions based on slightly different approximations
are used in the model but the principal ideas behind these solutions are similar to the ones
described above.
Figure 2.5 (left) shows the brightness temperature at three selected microwave frequencies
(6.9 GHz, 18.7 GHz and 36.5 GHz) at vertical and horizontal polarisation as a function of the
snow depth for a snowpack with a density of 250 kgm−3 and a temperature of 260 K. The
exponential correlation length is set to 0.137 mm, which is the average correlation length
for fragmented snow (Mätzler, 2002). The simulated brightness temperature at 6.9 GHz
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barely changes with increasing snow depth for both polarisations since volume scattering is
low at 6.9 GHz (see Figure 2.3). At 36.5 GHz, the influence of the snow depth is obvious.
Unlike 6.9 GHz and 18.7 GHz, the brightness temperatures at 36.5 GHz shows a nonlinear
dependency to the snow depth. The reason is that at 36.5 GHz, the signal saturates for deep
snow due to the low penetration depth (see Figure 2.4; note that the penetration depth shown
in Figure 2.4 is higher than in real snowpacks since reflection at the snow-air interface was
neglected).
Overall, the influence of the snow depth is stronger at vertical polarisation. The results shown
here highlight the possibility to relate passive microwave satellite observations to changes in
the snow depth.
Figure 2.5 (right) shows the same as Figure 2.5 (left) but for the gradient ratio GR. The
gradient ratio is the most common quantity used in passive microwave snow depth retrievals
(e.g., Markus and Cavalieri, 1998; Rostosky et al., 2018) and is defined as following:

GR(Tbv1/Tbv2) =
Tbv1 −Tbv2

Tbv1 +Tbv2
(2.30)

Here, GR(Tbv1/Tbv2) is the gradient ratio of brightness temperatures at frequencies v1 and v2.
The GR is used to minimise the influence of the physical temperature on the observations.
A clear relation between all GR and the snow depth is visible in Figure 2.5 (right). The
sensitivity of the GR to changes in snow depth is stronger at vertical polarisation and higher
frequencies (i.e., GR(37/19)). However, GR(37/19) shows a nonlinear dependency to snow
deeper than 40 cm due to the saturation of the signal from Tb37 (see Figure 2.5, left).
The strength of the scattering and thus the relation between GR and snow depth is strongly
modified by the grain type within the snowpack. The most frequently occurring snow types
for Arctic snow are described below.
Different snow types form under different environmental conditions. An overview of snow
metamorphism is given in Colbeck (1986) and Sommerfeld and LaChapelle (1970). Col-
beck (1986) describes four types of snow metamorphism: (i) metamorphism under small
temperature gradients, (ii) metamorphism under high temperature gradients, (iii) wet snow
metamorphism and (iv) surface-generated metamorphism.
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Figure 2.5: Simulated brightness temperature (left) and GR (right) for different snow depths
over Arctic first-year ice.

(i) Under small temperature gradients (i.e., slow snow metamorphism), the snow transforms
into large, rounded grains. This type of snow leads to strong volume scattering of microwaves
(see table 1 in Mätzler, 2002).
(ii) Under high temperature gradients (i.e., rapid snow metamorphism), the transformation
of snow grains is governed by surface kinetics and as a result, fragmented grains or depth
hoar develop, the latter has large snow crystals resulting in enhanced microwave scattering
(Wiesmann and Mätzler, 1999).
(iii) under wet conditions, snow metamorphism happens much faster than under dry condi-
tions (e.g., Colbeck, 1986; Lehning et al., 2002b) and snow grains form large clusters of ice
crystals. Once the snow refreezes (also called melt-refreeze events), it forms several mm
thick ice layers which strongly influence the microwaves penetrating through the snow due
to coherent scattering effects (Mätzer, 1987).
(iv) Under high wind conditions, so called wind slab can form with small, broken grain
crystals. Wind slab snow has moderate scattering effects (see table 1 in Mätzler, 2002).
If the snow has not undergone metamorphism yet, it is called new snow. New snow has very
small crystals and is almost transparent for microwaves (see table 1 in Mätzler, 2002). Dur-
ing the N-ICE2015 (Merkouriadi et al., 2017b) and SHEBA (Sturm et al., 2002) campaigns,
new snow, wind slab snow, fragmented snow and depth hoar were the most observed snow
types.
Figure 2.6 shows the dependency of the brightness temperatures at 6.9 GHz, 18.7 GHz and
36.5 GHz on different snow types for a 50 cm thick snowpack with a temperature of 260 K. At
both polarisations, depth hoar (DH) has the strongest impact on the brightness temperature,
especially at 18.7 GHz and 36.5 GHz. At vertical polarisation, Tb36.5 is strongly influenced
by the snow types while Tb18.7 is only moderately influenced. At 6.9 GHz, only depth hoar



22 Theoretical Background

(DH) has a strong influence on the brightness temperature. At horizontal polarisation, a
strong influence is only visible for strong scatterers like rounded grains (RG) or depth hoar
(DH). Figure 2.6 (right) shows the same as Figure 2.6, (left) but for the GR. The influence
of the snow type is stronger on GR(37/19) than on GR(19/7) for both polarisation. Real
snowpacks often consists of several layers with a wind slab on top, fragmented snow in the
middle and a layer of depth hoar at the bottom of the snowpack and thus are a mixture of the
theoretical results presented here. These results show the importance of the snow grain type
for passive microwave snow depth retrievals.
Figure 2.7 shows the sensitivity of the simulated brightness temperature (left) and GR (right)
to the temperature gradient in the snowpack. Here, a linear temperature gradient is assumed
such that the temperature at the snow-ice interface is always 260 K. Thus for a temperature
gradient of −10 K, the temperature at top of the snowpack is 250 K. Differences in the
brightness temperatures at different frequencies can be expected due to different penetration
depths and thus a different temperature in the main emitting layers. However, overall, the
sensitivity of the brightness temperatures or the GRs to changes in the temperature gradient
are small compared to the influence of the snow grain type.

Figure 2.6: Simulated brightness temperature (left) and GR (right) for different snow types
and microwave frequencies for a 50 cm deep snowpack over Arctic first-year ice. The snow
types are: new snow (NS), nearly new snow (NS_2), wind slab (WS), fragmented snow (FG),
rounded grains (RG) and depth hoar (DH).
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Figure 2.7: Simulated brightness temperature (left) and GR (right) for a 50 cm deep snow-
pack with different temperature gradients in the snow. Note the different scale compared to
figure 2.6.

As described earlier, wet snow has highly different dielectric properties resulting in much
higher absorption compared to dry snow (Figure 2.2). In fact, since water is almost opaque
for microwaves, the relation between snow depth and brightness temperature diminishes if
the snow becomes wet.
Figure 2.8 shows the simulated brightness temperatures (Figure 2.8, left) and GR (Figure 2.8,
right) for a 50 cm deep snowpack with different liquid water content (LWC). Even a LWC
of 0.1% strongly influences the simulated brightness temperatures at both polarisations. At
a LWC of 1% the differences between the brightness temperatures at different frequencies
are almost zero (Figure 2.8, left). As a consequence, the GR approaches zero (Figure 2.8,
right). For the horizontal polarisation, a strong increase in brightness temperatures is found
for a LWC of 10%. This increase is stronger for the lower frequencies and is associated with
a strong increase of surface reflectivity due to an increase of the snow permittivity. These
results show that potential snow depth retrievals from satellite microwave observations only
work under dry snow conditions.

2.5 Error Discussion

In the theory described above, several simplifications were made. Since MEMLS is used
for several studies in this thesis, it is important to discuss the potential errors in the model
caused by these simplifications.
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Figure 2.8: Simulated brightness temperatures (left) and GR (right) for a 50 cm deep
snowpack with different liquid water contents.

So far, it was assumed that the snow is isotropic in each layer, which is not necessarily true
for real snowpacks. Löwe et al. (2013) discussed the influence of the anisotropy in snow and
concluded that the influence of anisotropy on the dielectric properties of snow is small. In
order to describe the volume scattering in snow, an exponential length scale is used which
is a zero order approximation of the auto-correlation function of the snow grains. Löwe
et al. (2011) showed that under isothermal snow metamorphism, the use of a single length
scale leads to inaccurate results. The authors suggest to add second order parameters (e.g.,
curvature) to improve the approximation. These parameters can, however, only be derived
from tomographic measurements which are difficult and time-consuming to obtain and are
thus rarely available from field campaigns. In the ongoing MOSAiC campaign, a large
number of tomographic measurements are performed which can help to further develop a
more complex theory.
In MEMLS, coherent reflection is not considered. While coherent reflection effects in snow
can usually be neglected in the case of passive microwave satellite observations (Mätzer,
1987), thin ice layers may lead to coherent reflections and thus have a strong impact on the
microwave emission of snow.
In general, the reflectivity of snow is given by the absolute value of the Fresnel reflection
coefficients from all layers (Mätzer, 1987, see equation 2.28). If there are no coherent layers,
the reflectivity of snow is dominated by the reflection coefficient from the snow-air interface.
In Mätzer (1987) the effect of coherent reflection is demonstrated for the case of an ice lens
(i.e., the refractive index of pure ice can be assumed) embedded in a thin snowpack. In this
case, absorption can be neglected (imaginary part of the permittivity can be set to zero) and
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the reflectivity due to the ice layer can be calculated by:

r = 2r1
1−2cos(P1)

1+ r2
1 −2r1cos(2P1)

(2.31)

Here, r is the reflectivity and r1 is the reflection coefficient of the ice lens. P1 can be
calculated from equation 2.29. Assuming an ice layer with thickness d = 0.5 cm and a
sensor that observes at 18.7 GHz with an incident angle of 50◦, the reflectivity of the above
described snowpack is 0.089 at vertical polarisation and 0.82 at horizontal polarisation and
thus strongly modifies the measured signal. These results show that an ice lens strongly
influences the emissivity of a snowpack, especially at horizontal polarisation.
An additional shortcomming of the model is the assumption of radiometrically smooth
interfaces. While this might be a good approximation for the internal interfaces within the
snowpack, at the ice-snow and snow-air interface, neglecting surface scattering may lead to
large uncertainties. In order to estimate the influence of rough surfaces at the microwave
frequencies used here, knowledge about the nature of the roughness elements at the ice-snow
and snow-air interfaces is needed. These features are, however, hard to obtain due to the
destructive nature of measurements.
Figure 2.9 shows the influence of surface roughness on the simulated brightness temperatures
(left) and GR (right). Here the roughness height model proposed by Choudhury et al. (1979)
was used. In this model, the reflection coefficient is modified by a roughness length (rmsh;
see equations 11 and 12 in Choudhury et al., 1979). In Figure 2.9, the rmsh was varied
between 0 mm and 10 mm, which is an arbitrary range, since no constrained measurements
of the rmsh for the ice-snow and snow-air interface exist.
At vertical polarisation, only a weak influence of the rmsh on the brightness temperatures is
found (Figure 2.9, left). This is expected since the rmhs model used here directly influences
(lowers) the Fresnel reflection coefficients which are low at vertical polarisation (see section
2.3). A stronger influence of the rmhs is found at horizontal polarisation (due to the generally
higher reflectivity). Since the influence is different for different frequencies, also a strong
influence on the GR at horizontal polarisation is found (see Figure 2.9, right). Note that this
analysis only considers small scale (i.e., wavelength scale) roughness. In addition, large
scale roughness due to e.g., deformed ice can have a strong impact on the signal observed by
satellites (e.g., Stroeve et al., 2006).
In this thesis, the sea ice version of MEMLS (Tonboe, 2005) is used since the underlying ice
can have a strong influence on passive microwave satellite observations (Ulaby and Long,
2014b). A detailed description of the sea ice version of MEMLS is given in Mätzler (2006).
In order to calculate volume scattering in the sea ice, Tonboe (2005) used the same approach
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as implemented for snow, i.e., the IBA. In the case of sea ice, fresh ice is the host medium and
spherical air-bubbles or brine are the inclusion media. However, the IBA is only valid under
the assumption of a two-phase medium. In the sea ice version of MEMLS, it is assumed
that FYI consists of ice and brine (i.e., no air bubbles) and MYI of ice and air bubbles (i.e.,
no brine). For MYI, this assumption holds for the top layers where superimposed ice may
exists, which is almost saltfree. The depth of this superimposed ice can vary between a few
centimetres and up to 40 cm (i.e., Fung and Eom, 1982; Grenfell, 2015; Shokr and Sinha,
1999). Also below this layer, MYI usually contains less salt than FYI.
In the case of FYI, the penetration of the microwaves is limited to a few cm (36 GHz) to one
decimetre (7 GHz) (Ulaby and Long, 2014b) and therefore, volume scattering of microwaves
only plays a minor role.
Due to the MYI properties (lower density, almost salt-free) microwaves can penetrate several
decimeters (20 GHz) up to one meter (7 GHz) into the ice (Ulaby and Long, 2014b). Typical
air bubbles in the MYI lead to a scattering of microwaves and thus influences the GR in a
similar way as deep snow. 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 volume scattering might be inaccurate.
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Figure 2.9: Simulated brightness temperatures (left) and GR (right) for a 50 cm deep
snowpack assuming different roughness heights of the ice-snow and snow-air interface.



Chapter 3

A New Snow Depth on Arctic Sea Ice
Retrieval

In this chapter, a new passive microwave snow depth on Arctic sea ice retrieval is developed.
Parts of the results shown here are published in Rostosky et al. (2018). With the launch
of the SMMR (Scanning Multi-channel Microwave Radiometer) sensor in 1978 and its
successor SSM/I (Special Sensor Microwave/Imager) continuous passive microwave satellite
observations became available. Since 2002, observations from the AMSR-E sensor on board
of the NASA satellite Aqua (Comiso et al., 2003, 2002 to 2011) and AMSR2 sensor on the
JAXA satellite GW-COM (Maeda et al., 2016, 2012 -now) are available, providing higher
spatial resolution and observations at additional microwave frequencies. The focus in this
chapter will be on the observations from the AMSR-E and AMSR2 sensors. Technical
details about the satellite data are given in the Appendix E. As discussed in chapter 1, in-situ
observations of snow on Arctic sea ice are rare and cover usually a much smaller area than
the spatial resolution of satellite observations (O10 km). Therefore, the in-situ snow depth
measurements might not be representative for the average snow depth within the satellite
pixel.
Since 2009, the NASA Operation IceBrigde campaign (OIB) started (Kurtz et al., 2013a). In
this campaign, among other measurements, airborne snow depth measurements were taken
in spring (March to April/May) in each of the years from 2009 to now. When this study
was performed, data were available for the years 2009, 2010, 2011, 2014 and 2015. The
advantage of the airborne snow depth measurements is that they cover a relatively large
fraction of several km within a satellite pixel and thus are more likely to be representative for
the satellite observations than other in-situ measurements.
Details about the data used in this chapter are given in section 3.1. In section 3.2, a new
retrieval is developed based on a regression analysis followed by a first uncertainty estimation
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in section 3.3. Then, first results are presented in section 3.4. The chapter closes with a
discussion in section 3.5 and a summary in section 3.6.

3.1 Data

The following sections describe the data needed for the development of the new snow depth
retrieval. Besides the satellite observations (section 3.1.1) and training dataset (section 3.1.2),
also information about the ice type (section 3.1.3) are needed since MYI and FYI have
different radiometric properties. In addition, the air temperature is used in order to exclude
observations under melting conditions (section 3.1.4).

3.1.1 Satellite Data

The data used here are resampeled and regridded passive microwave satellite observations
from the AMSR-E and AMSR2 sensors (Cavalieri et al., 2014; Maeda et al., 2016). The
instrument description of AMSR-E and AMSR2 can be found in Appendix E. Here, the verti-
cally and horizontally polarised brightness temperature observations at 6.9 GHz, 10.7 GHz,
18.7 GHz and 36.5 GHZ (7 GHz, 10 GHz, 19 GHz and 37 GHz hereafter) are used. Al-
though the AMSR-E and AMSR2 instruments are similar, their observations have to be
inter-calibrated to guarantee a consistent timeseries. In this study the AMSR2 observations
are inter-calibrated to the AMSR-E observations following Du et al. (2014). However, the
inter-calibrations was performed in tropical regions over rain forest and ocean (Du et al.,
2014) and therefore might not be suited for Arctic regions, especially for sea ice with its very
high emissivity.

3.1.2 Operation IceBrigde Snow Depth Measurements

In order to train the new retrieval, airborne snow depth measurements from the Operation
IceBridge (OIB) campaign are used. The OIB campaign started in 2009 measuring, among
other parameters, the radar backscatter of snow on Arctic sea ice. In each year in March and
April, several flights are performed. Figure 3.1, left shows the flight tracks in 2015. Most of
the flights are performed in the Beaufort Sea, north to the Canadian Archipelago and in the
Arctic Ocean. In these areas, predominantly MYI exists and thus, roughly 70% of the flights
are performed over MYI.
The measurements are done with a frequency-modulated continuous waveform snow radar
(Kanagaratnam et al., 2007; Yan et al., 2017), measuring between 2 GHz and 8 GHz and
a footprint of around 1 m, depending on the flight height and observation angle (Newman
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et al., 2014). From the measured signal, the snow depth is estimated taking advantage of the
different backscatter signals from the snow/ice and atmosphere/snow interfaces. Different
methods exists deriving the snow depth from these signals (e.g., Kurtz et al., 2013b; Newman
et al., 2014).
The official, published OIB snow depth product is the NSIDC OIB snow depth (Kurtz
et al., 2013b). Kwok et al. (2017) compared existing retrievals with in-situ surveys and
found that the Newman et al. (2014) product performs best. The Newman et al. (2014)
algorithm has recently been improved through the inclusion of two filters to remove erroneous
measurements due to specular radar returns arising from leads, and measurements of snow
depth below the snow radar resolution (S. L. Farrell, personal communication, October 14-19,
2017). Figure 3.1, right shows the distributions of the NSIDC (blue) and the improved
Newman et al. (2014) (red; SLF hereafter) algorithm. While the shape of the distribution is
similar for both retrievals, the NSIDC product has a lower mean and modal snow depth. In
the following regression study, the main results are obtained using the SLF algorithm and the
results using the NSIDC product are shown for comparison.

3.1.3 Ice Type

Since FYI and MYI have different radiometric signatures (Aaboe et al., 2016), it is impor-
tant to separately train the retrieval over FYI and MYI. The FYI/MYI flag provided with
the SLF OIB snow depth is only valid for the flight tracks and the average ice type in the
corresponding satellite grid cell could be different. Therefore, an external, pan-Arctic ice
type data product is used. When the training was performed, the UB MYI concentration
(which was used for later analysis) was not yet available. Therefore, here, the OSI-SAF ice
type classification is used.
This product uses AMSR-E/2 GR(37/19) (see equation 3.1) and ASCAT backscatter observa-
tions at C-band (5.3 GHz) to distinguish between MYI and FYI. In addition, a confidence
level is provided ranging from 1 (unreliable) to 5 (excellent). In the following analysis, only
datapoints with confidence level 4 or higher are used. Figure 3.1, left shows an example
the ice type distribution of MYI and FYI in the Arctic for March 2015. Most of the MYI is
located in the Central Arctic and north to the Canadian Archipelago.
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Figure 3.1: Left: Monthly averaged ice type for March 2015 according to the OSI-SAF ice
type product (Aaboe et al., 2016). Black lines show the flight tracks of all OIB flights during
that period. Right: Distribution of the snow depth from the NSIDC (red) and SLF (blue)
retrievals for 2015.

3.1.4 Reanalysis Data

Cavalieri et al. (2012) have demonstrated that the satellite observations used for retrieving
snow depth are influenced by weather effects such as warm air intrusions. As described in
chapter 2, if the temperature is close to the freezing point or above, the theoretical relation
between snow depth and GR or PR (see equation 3.2) diminishes due to the presence of
liquid water in the snow. In order to exclude potentially contaminated datapoints from the
analysis, a temperature filter is applied over all data using ERA-interim reanalysis 2 m air
temperature data (Dee et al., 2011). Only datapoints where the 2 m air temperature are below
275 K (i.e., 2◦C) are used for the regression analysis. This threshold is chosen since several
studies revealed a positive bias in the reanalysis 2 m temperature over Arctic sea ice of
around 1.5 K (e.g., Lüpkes et al., 2010; Pithan et al., 2014). Figure 3.2 shows an example of
the 2 m temperature collocated with OIB datapoints from March and April 2014. Roughly
15% of the collocated OIB measurements are about the threshold.
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Figure 3.2: 2 m air temperature from ERA5 reanalysis data for the grid cells covered by OIB
measurements in 2014. The horizontal black line indicates the 2◦C border.

3.2 Regression Analysis

For the training of the retrieval, a robust linear regression model is used (Huber, 1981). The
advantage of this model over normal least square methods is that it is less sensitive to outliers
in the dataset. As shown in chapter 2, a linear relation between satellite observations and
snow can be expected for typical snow depth on Arctic sea ice conditions (see Figure 2.5).
The first snow depth on Arctic sea ice retrieval used passive microwave observations at 19
GHz and 37 GHz (Markus and Cavalieri, 1998). However, since 2002, with the AMSR-E and
AMSR2 sensors, additional observations are available. Lower frequencies are in general less
sensitive to snow depth (see Figure 2.5) but also less sensitive to weather influences (Markus
et al., 2006b). The disadvantage of lower frequencies is their coarser spatial resolution (see
Table E.1 and Table E.2).
Here, the performance of all microwave frequencies and their combinations in comparison to
the SLF and NSIDC snow depth measurements is analysed.
In order to minimise the influence of a small sampling area within the satellite grid cell, only
grid cells are used which are covered by at least 10 km of OIB snow depth measurements.
This number is a trade of between datapoints which can be used for the training and the sam-
ple error. In theory, a larger number of measurements/pixel increases the likelihood, that the
average of the sample is representative for the average of the whole pixel and therefore a high
coverage would improve the retrieval results (i.e., increase the correlation and decrease the
RMSD). However, the number of available datapoints strongly decreases with the required
minimum pixel coverage. Less datapoints decrease the robustness of the regression.
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Tables 3.1 and 3.2 show the results of the regression analysis using the NSDIC and
SLF snow depth products and different channel combinations of the AMSR-E/2 brightness
temperature observations. In the first column, the different brightness temperature combi-
nations are shown. GR is the gradient ratio of brightness temperature observations at two
different frequencies Tbv1 and Tbv2 at the same polarisation (equation 3.1) and PR is the
polarisation ratio, i.e., the ratio of the vertically (TbV ) and horizontally (TbH) polarised
brightness temperature observations at the same frequency (equation 3.2). The advantages
of using GR or PR over single brightness temperature observations is that they are (almost)
independent of the physical temperature (see chapter 2).

GR(T bv1/T bv2) =
T bv1 −T bv2

T bv1 +T bv2
(3.1)

PR(T b) =
T bV −T bH

T bV +T bH
(3.2)

The results for the GR using horizontally polarised brightness temperatures are shown in
brackets. In addition, the correlation R and the RMSD (cm) are shown for FYI and MYI,
separately. Over FYI the highest correlation and lowest RMSD was found for GR(19/10)
and GR(19/7) using the vertically polarised brightness temperatures. For the SLF product
(Table 3.2), the correlation and RMSD are −0.74 and 3.69 cm for GR(19/10) and −0.73 and
3.71 cm for GR(19/7) which is better in comparison to the results using the NSIDC product
(Table 3.1; for GR(19/10), R =−0.63 and RMSD = 4.21 cm). Using the horizontally polarised
brightness temperatures (values in brackets), the results over FYI are slightly worse. For
example, the correlation for GR(19/7) drops to −0.71 and the RMSD increases to 3.81 cm.
Very low correlations to the snow depth observations are found for the low frequencies, i.e.,
for GR(10/7), PR(7) and PR(10). This is expected since low frequency observations are not
influenced by volume scattering in snow (see chapter 2).
Over MYI, GR(19/7) performs clearly best (R = −0.57 and RMSD = 5.48 cm; Table 3.2),
while the differences between the results using vertically and horizontally polarised bright-
ness temperatures are small. Similar to FYI, the best results are obtained using the SLF
product (compare Table 3.1 and Table 3.2). Based on these results and on the findings of
Kwok et al. (2017), the SLF product is used for the development of the new retrieval.
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Table 3.1: Regression results of AMSRE/2 observations to OIB NSIDC snow depth for
vertically (horizontally) polarised brightness temperatures over FYI and MYI. Here, the
results of the gradient ratio (GR(v1/v2)) and polarisation ratio PR(v1) are shown.

R f yi Rmyi RMSD f yi (cm) RMSDmyi (cm)
GR(10/7) −0.29 (−0.29) -0.40 (−0.38) 11.18 (12.27) 11.64 (12.01)
GR(19/7) −0.60 (−0.57) −0.55 (−0.52) 4.32 (4.68 ) 6.50 (6.60)
GR(19/10) −0.63 (−0.61) −0.47 (−0.44) 4.21 (4.43) 6.87 (7.04)
GR(37/7) −0.48 (−0.36) −0.32 (−0.33) 8.17 (8.66) 6.62 (6.61)
GR(37/10) −0.50 (−0.44) −0.31 (−0.34) 5.02 (5.44) 6.51 (5.49)
GR(37/19) −0.48 (−0.42) −0.29 (−0.34) 5.43 (5.68) 6.94 (6.88)
PR(7) −0.00 −0.21 6.09 6.25
PR(10) −0.05 −0.18 5.95 6.30
PR(19) 0.23 0.01 5.93 6.20
PR(37) 0.17 0.02 6.00 6.4

Table 3.2: Same as Table 3.1 but using the SLF snow depth product.

R f yi Rmyi RMSD f yi (cm) RMSDmyi (cm)
GR(10/7) −0.28 (−0.25) −0.42 (−0.42) 10.12 (10.02) 12.08 (11.96)
GR(19/7) −0.73 (−0.71) −0.57 (−0.57) 3.71 (3.81) 5.48 (5.49)
GR(19/10) −0.74 (−0.71) −0.51 (−0.50) 3.69 (3.83) 5.75 (5.77)
GR(37/7) -0.48 (−0.25) -0.46 (−0.42) 7.23 (8.51) 6.41 (6.50)
GR(37/10) -0.51 (−0.45) -0.46 (−0.44) 5.02 (5.52) 6.06 (6.08 )
GR(37/19) -0.52 (−0.49) -0.37 (−0.38) 4.64(4.82) 6.19 (6.18)
PR(7) −0.06 −0.21 5.05 6.25
PR(10) −0.13 −0.03 5.00 6.12
PR(19) 0.22 0.00 4.93 6.20
PR(37) 0.18 0.05 4.97 6.19

An additional test is performed to analyse, if similar results are obtained using only the AMSR-
E or AMSR2 sensor for the regression analysis. Table 3.3 and 3.4 show the comparison
between the regression results using only AMSR-E or AMSR2 data or the whole dataset
for GR(19/7) and GR(37/19) for FYI (Table 3.3) and for MYI (Table 3.4). Over FYI, all
regression coefficients are similar which underlines that the inter-calibration between AMSR-
E and AMSR2 observations is also valid for Arctic conditions. A slight variability is expected
due to different coverage of the snow depth measurements and different snow condition in
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each year. Over MYI, the variability of the regression results is higher than over FYI but
stable for GR(19/7). For GR(37/19) large differences between the results using the AMSR-E
and using the AMSR2 observations are found.
Since GR(19/7) and GR(19/10) perform similarly well over FYI but GR(19/7) performs
clearly best over MYI, it is convenient to only use GR(19/7) for both, FYI and MYI.
In the following analysis, the performance of GR(19/7) is further evaluated and compared
to the performance of GR(37/19) which has been used in past studies (e.g., Markus and
Cavalieri, 1998).
Figure 3.3 shows a scatter plot between SLF snow depth and GR(19/7) (left) and GR(37/19)
(right) for FYI, as well as the regression coefficients slope and intercept, the correlation
R, the RMSD (cm) and the number of points, N. In addition to the higher correlation, the
RMSD is also lower for GR(19/7). The dynamical range of the GR, here defined from the
5th to the 95th percentile of the given snow depth observations (i.e. from 15 cm to 35 cm) is
0.021 for GR(19/7) and 0.028 for GR(37/19). This shows that GR(37/19) is more sensitive
to changes in snow depth.

Table 3.3: Regression results using AMSR-E and AMSR2 observations for FYI. In addition,
the results using both sensors (AMSRX) are shown.

AMSR-E AMSR2 AMSRX
GR(19/7) GR(37/19) GR(19/7) GR(37/19) GR(19/7) GR(37/19)

R −0.70 −0.61 −0.60 −0.57 −0.73 −0.52
RMSD (cm) 4.32 4.89 3.72 4.44 3.71 4.64
slope (cm) −519 −372 −504 −291 −553 −279
intercept (cm) 20.37 18.17 18.27 15.18 19.26 17.82

Table 3.4: Same as Table 3.3 but for MYI.

AMSR-E AMSR2 both
GR(19/7) GR(37/19) GR(19/7) GR(37/19) GR(19/7) GR(37/19)

R −0.47 −0.22 − 0.51 −0.45 −0.57 −0.37
RMSD (cm) 5.50 6.08 6.55 7.34 5.48 6.19
slope (cm) −406 −98 −278 −277 −368 −152
intercept (cm) 18.23 26.52 20.54 12.99 19.34 23.58
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Figure 3.3: Scatter plot between OIB snow depth and GR(19/7) (left) and GR(37/19) (right)
over FYI. The slope, intercept and RMSD are provided in cm.

The advantages of the lower frequencies are that they are less influenced by weather effects
and snow metamorphism (Powell et al., 2006; Willmes et al., 2014) and are potentially more
sensitive to deeper snow. The fact that the snowpack in March and April has undergone
metamorphism can explain, why GR(19/7) performs much better than GR(37/19). This might
also explain why the correlation between GR(37/19) and SLF snow depth measurements (R =
−0.52) is lower than the correlation (R = −0.60) found by Markus and Cavalieri (1998). On
the other hand, these frequencies are less sensitive to fresh-fallen snow with small grains. In
addition, in shallow snow layers, the effect of scattering would be much smaller for GR(19/7)
than for GR(37/19). Powell et al. (2006) suggested that a combination of GR(19/10) and
GR(37/19) might be best to derive snow depth on Arctic sea ice. The theoretical suggestion
was tested here but did not yield to an improvement. Most likely, the reason is similar as
described before and is due to the old and transformed snow pack.
Figure 3.4 shows a scatter plot between the SLF snow depth and GR(19/7), left and
GR(37/19), right over MYI. In comparison GR(19/7) performs better over MYI (R = −0.57)
than GR(37/19). For the latter, the correlation is only −0.37 and the slope is less than half of
the GR(19/7) one, confirming previous studies (e.g., Brucker and Markus, 2013) that it is not
possible to derive reliable snow depth from GR(37/19) over MYI.
As described in chapter 2, this is mostly due to the influence of the MYI properties on the
emission at 37 GHz. Due to the low salinity in the top layers of the MYI, the microwave
signal can penetrate several tens of centimetres (depending on the wavelength and temper-
ature) into the ice (Ulaby and Long, 2014b). Air bubbles, which frequently occur in the
top layers of MYI, scatter microwaves. Therefore, it is difficult to distinguish between the
effects of snow and MYI at 37 GHz. This scattering, however, is frequency dependent and
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for typical air bubble sizes decreases with frequency (Stogryn, 1987). Therefore, MYI has
a substantially lower emissivity than FYI at the higher microwave frequencies considered
in this study, that is, 37 GHz and 19 GHz, but its emissivity approaches that of FYI at the
lower frequencies, that is, at 7 GHz. The correlation between GR(19/7) and SLF snow depth
is significant better than of GR(37/19), which is due to the lower influence of the air bubbles
in MYI at 19 GHz.
Still, the RMSD over MYI (5.48 cm) is higher relative to FYI (3.87 cm). This might be due
to the fact that the snow depth over MYI is in general much more variable, due to the higher
amount of deformed ice, than over FYI. In addition, it was found that OIB measurements
are less accurate over deformed ice (e.g., Yan et al., 2017). This results in a generally lower
representatives of the few OIB snow depth measurements within one large satellite grid cell
of 25 km2. In addition, large-scale surface roughness is usually much higher over MYI and
indeed Stroeve et al. (2006) found that that surface roughness has a large impact on the
microwave emission of sea ice with snow on top.
Even though the RMSD being larger for MYI than for FYI, the reasonably good performance
of GR(19/7) enables the derivation of snow depth over Arctic MYI, at least during spring. In
summary, based on all available SLF snow depth data the conclusion is that GR(19/7) is best
suited for snow depth retrieval over FYI and MYI. The respective regression equations are
given below as equations 3.3 (FYI) and 3.4 (MYI). GR(19/7) was corrected for open water
contributions using open water tie-points derived by Ivanova et al. (2015).

Figure 3.4: Scatter plot between OIB snow depth and GR(19/7) (left) and GR(37/19) (right)
over MYI. The slope, intercept and RMSD are provided in cm.
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SdFY I(cm) = 19.26−553∗GR(19/7) (3.3)

sdMY I(cm) = 19.34−368∗GR(19/7) (3.4)

3.3 Uncertainty Estimation

In this section the uncertainty of the snow depth retrieval is estimated. Based on the data
available, two types of uncertainties can be investigated:

(a) the uncertainty due to the limited spatial and temporal sample size (i.e., the statistical
uncertainty in the fit parameters)

(b) the uncertainty of the retrieval due to the uncertainty of the satellite measurements
itself

(a) In order to address the uncertainty introduced by the limited sample size, a sensitivity
analysis is performed to account for the interannual variability of the regression coefficients
in equations 3.3 and 3.4. The regression is performed for every possible 4-year combination
between 2009 and 2015 (no satellite observations for 2012 due to a gap between AMSR-E
and AMSR2 and no SLF snow depth for 2013), that is, for 2009, 2010, 2011, 2014 or 2009,
2010, 2011, 2015, etc. With this method, five different regression coefficients are obtained
using a slightly different training data set including the results using all years. They can be
compared with each other to quantify how stable the regression coefficients are over time.
This also gives an indication for the expected retrieval uncertainty for future years. The
different regression coefficients for the retrieval are summarised in Table 3.5. In addition, the
numbers of available datapoints are given.
Over FYI, the slope varies between −474 cm and −649 cm, the slope using all years is
−553 cm. The intercept varies between 18.7 cm and 20.0 cm, the intercept using all years
is 19.3 cm. Over MYI the variability of the coefficients is higher. The slope varies between
−227 cm and −413 cm (all years = −347 cm) and the intercept between 17.3 cm and 22.3 cm
(all years = 19.3 cm). The uncertainties due to the limited sample size are then calculated
from the standard deviation of the regression coefficients over the five results shown in table
3.5. Those are ±0.6 cm for intercept and ±58 for slope over FYI and ±1.8 cm for intercept
and ±60 for slope over MYI.
(b) The uncertainty due to the contributing parameters to the retrieval can be obtained from
Gaussian error propagation (see appendix A) and is calculated from equation A.11.
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Table 3.5: Regression coefficients and number of available measurements for the different
samples over FYI and MYI and for all samples (last row). In addition, the number of available
data points is shown for FYI and MYI.

FYI MYI
Excluded years Intercept (cm) slope Number Intercept (cm) slope Number

2009 18.7 −474 157 18.1 −335 733
2010 18.5 −649 209 18.0 −355 806
2011 19.6 −562 232 19.0 −343 780
2014 20.0 −524 200 22.3 −227 531
2015 19.7 −579 206 17.3 −413 692

All years 19.3 −553 251 19.3 −368 822

The uncertainty of the observed brightness temperatures of AMSR-E/2 is 1 K (see Table
E.1 and Table E.2), and the uncertainty of the retrieved ice concentration is set to 5%. σa

and σb are the uncertainties of the regression coefficients themselves (standard output of the
regression model used here). Using all years they are 0.035 cm (σa) and 26.6 cm (σb) for
FYI and 0.550 cm (σa) and 15.0 cm (σb) for MYI. The standard deviation of the Gaussian
uncertainty of the GR is 0.0043 for the data used in this analysis (calculated from equation
A.7).
To obtain an estimate of the retrieval uncertainty, equations 3.3 and 3.4 are solved for
GR values between 0.01 and −0.06 for FYI and −0.01 and −0.08 for MYI, respectively.
Those values are based on the range found in the AMSR-E/2 data set used for training
(see Figure 3.3 and Figure 3.4). In addition, the retrieval uncertainty is computed using
equation A.11 and the uncertainties found in (a) and (b). Figure 3.5 shows the results for
FYI (left) and for MYI (right). The uncertainty increases with snow depth and is higher
over MYI. Over FYI the uncertainty varies between 0.1 cm and 6.0 cm, while over MYI
it varies between 3.4 cm and 9.4 cm. The uncertainty is dominated by the year to year
variability of the regression coefficients discussed under (a). The errors of the input parame-
ters have only a small contribution of 0.1 cm to 1.7 cm over FYI and 0.7 cm to 2 cm over MYI.
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Figure 3.5: Regression models including uncertainty (dashed lines) for the AMSR-E/2 snow
depth for FYI (left) and MYI (right) using the range of GR(19/7) values found in section 3.2.

3.4 Evaluation

To evaluate the performance of the new developed snow depth retrieval (AMSR-E/2 retrieval
hereafter) it is compared to independent SLF measurements and to the existing NSIDC
snow depth product (Comiso et al., 2003). In order to have an independent data set for the
evaluation, SLF snow depth measurements obtained during the 2015 flight surveys were
excluded from the following calculations, that is, the coefficients from Table 3.5, column five
were used to calculate the snow depth over FYI and MYI, respectively. It can be assumed that
the snow depth measurements are independent from year to year. The choice of the evaluation
year is somewhat arbitrary, but 2015 is suitable, since it contains sufficient measurements
over FYI. The SLF product is limited to the months March and April and therefore, the
evaluation of the retrieval will first focus on spring. Thereafter, the performance during early
winter will discussed.

3.4.1 Evaluation with SLF Measurements

The monthly average of the AMSR-E/2 snow depth for March 2015 is shown in Figure 3.6,
left and provides a first overview of the retrieval. The black contour marks the approximate
border between FYI and MYI based on the OSI SAF ice type product. In order to minimise
the influence of ice concentration, only grid cells with an ice concentration greater than 80%
are considered. The snow depth is calculated from daily averaged brightness temperature
observations. Then either equation 3.3 or 3.4 is used based on the ice type classified by the
OSI SAF product.
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Figure 3.6: left: Monthly averaged snow depth in March 2015.The black box shows the
MYI region used for Figure 3.9. Right: Difference between the OIB and AMSR-E/2 snow
depth for March and April 2015.

However, in the transition zone between FYI and MYI, the confidence level of the OSI SAF
ice type product is low. Here only grid cells with confidence level 4 or higher are used.
This approach results in some gaps in the transition zone on individual days, but these gaps
disappear in the monthly average. The deepest snow depth is retrieved on sea ice north of
Greenland and the Canadian Archipelago and is between 32 cm and 45 cm deep. The lowest
values are found in the Kara and Laptev seas, where the snow depth is between 10 cm and
25 cm. In general, snow is deeper on MYI than on FYI, which is in agreement with model
results (Blanchard-Wrigglesworth et al., 2015; Castro-Morales et al., 2017a).
The differences between the AMSR-E/2 snow depth and the SLF snow depth measurements
for March and April 2015 are shown in Figure 3.6, right. The AMSR-E/2 retrieval slightly
overestimates the SLF snow depth in the Beaufort Sea, where mainly FYI exists. Over
sea ice north to the Canadian Arctic Archipelago the overestimation can be up to 10 cm.
Underestimations up to 15 cm are found north of Greenland and of the Fram Strait.
To quantify the AMSR-E/2 retrieval performance the histogram of the differences of OIB
minus AMSR-E/2 snow depth in March and April 2015 is shown in Figure 3.7, left for
FYI (blue) and MYI (red). In Figure 3.7, right the differences of SLF minus AMSR-E/2
snow depth based on (i) GR(19/7) (blue bars) are shown together with the retrieved snow
depth based on (ii) GR(37/19) using the regression coefficients found in this study (magenta
bars, see Figure 3.7, left) and (iii) the traditional NSIDC GR(37/19) regression coefficients
(Comiso et al., 2003) for FYI (green bars).
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Figure 3.7: Left: Distribution of the differences of SLF minus AMSR-E/2 snow depth over
FYI and MYI. Right: Distribution of the differences of SLF minus AMSR-E/2 snow depth for
FYI based on GR(19/7) (blue bars), based on GR(37/19) using the new coefficients (magenta
bars), and using the NSIDC coefficients (green bars). Both histograms are normalised to 1.
The bin width is 2 cm.

Overall, the differences are much smaller over FYI than over MYI (Figure 3.7, left), which is
expected since the correlation and the RMSD are generally better over FYI (see section 3.2).
The mean difference is −2.1 cm for snow on FYI and −4.0 cm for snow on MYI. Over FYI,
93% of the differences are smaller than 5 cm and 95% are smaller than 10 cm. Over MYI,
56% of the differences are smaller than 5 cm and 87% are smaller than 10 cm.
Comparing the OIB snow depth with the snow depth derived from the AMSR-E/2 retrieval
based on GR(19/7) (i) the AMSR-E/2 retrieval based on GR(37/19) (ii) and the NSIDC
retrieval based on GR(37/19) (iii), it is demonstrated that the new retrieval (i) performs better.
The mean difference of SLF minus AMSR-E/2 snow depth based on GR(37/19) is −3.9 cm
when using the regression coefficients derived in this study (ii) and −0.3 cm when using
the NSIDC coefficients (iii), that is, the NSIDC retrieval has a smaller bias. However, the
spread of the differences is much larger for the NSIDC data (RMSD = 5.2 cm) and only 55%
differences of are below 5 cm. For the AMSR-E/2 product based on GR(37/19) (ii) 74% of
the differences are below 5 cm and the RMSD drops to 3.5 cm. For the GR(19/7) retrieval
the differences to SLF is −2.1 cm and with 93% of the differences smaller than 5 cm the
performance is best. Thus, based on the comparison to the SLF data and the existing NSIDC
snow depth it is concluded that the new retrieval developed in this study, which is based on
GR(19/7), shows improved performance over FYI, and reasonable results over MYI.
The probability density function of the AMSR-E/2 snow depth (blue) and the OIB snow
depth (red) is shown in Figure 3.8 for FYI (left) and MYI (right) based on all available
SLF measurements. In addition, for FYI the corresponding probability density function
derived using the NSIDC snow depth retrieval (Comiso et al., 2003) is shown in green. As
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with the previous results, the OIB snow depth observations are averaged over 25 km x 25
km satellite grid cells. Over FYI, a clear mode is found at a snow depth of 20 cm in the
AMSR-E/2 and SLF distributions, while the NSIDC product has its mode at 8 cm. The snow
depth distributions derived from the AMSR-E/2 and SLF retrievals are generally in close
agreements, although the AMSR-E/2 distribution is slightly narrower. Snow depth values
between 12 cm and 16 cm in particular are underrepresented in the AMSR-E/2 product. Also,
snow depths greater than 40 cm are not retrieved in the AMSR-E/2 product.
Over MYI a mode is found at 25 cm in both snow depth distributions, and again, the AMSR-
E/2 retrieval cover a smaller range than the SLF results. In particular, thin snow on MYI
(< 20 cm) is not resolved by the satellite retrieval. This is consistent with the results shown
earlier in figure 3.4, where low snow depths are not reproduced by the linear fit. Also
snow deeper than 42 cm is underrepresented in the AMSR-E/2 snow depth product. A
quadratic instead of a linear fit might be able to better reproduce the lower snow depths over
MYI. However, a brief investigation of this approach (not shown) revealed that a quadratic
regression model (i.e., Sd = a+ bx+ cx2 ) leads to large uncertainties in the regression
coefficients and therefore is not further investigated.

Figure 3.8: Distribution of the AMSR-E/2 snow depth (blue) and the OIB snow depth (red)
over FYI (left) and MYI (right). The distribution using the coefficients of the NSIDC retrieval
over FYI is shown in green. The bin width is 2 cm.

3.4.2 Timeseries Analysis

Since the SLF snow depth measurements are only available for March and April, the evalua-
tion of the retrieval is limited to these months. Based on the analysis the retrieval performance
is reasonable over MYI (Figure 3.7, left) in these months. However, in early winter, it is
important to note that the MYI has a strong impact on the microwave emission, even at lower
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frequencies. This influences the AMSR-E/2 retrieval over MYI. Figure 3.9 shows the time
series of retrieved snow depth over MYI (5 × 5 grid cells, i.e., 125 km2, black square in figure
3.6, left) for winter 2013 to spring 2016 (the summer months are flagged out). The black
lines are the AMSR-E/2 snow depths for the 25 single grid cells and the red line shows the
average. From the beginning of the freezing season, high snow depths of around 30 cm to
35 cm are retrieved. Except for winter 2014/2015, the snow depth remains around this value
until spring. Then it slightly increases again until late spring when potentially melting starts.
In comparison, for this region, the Warren climatology (Warren et al., 1999, W99 in the
following) suggests an increase of the snow depth from 20 cm in September to 38 cm in April.
MYI has a similar contribution to GR as deep snow, although its influence is lower at 7 GHz
and 19 GHz than at 37 GHz. Considering the outcome shown in Figure 3.9, the influence
of the MYI on the microwave emission seems to dominate the signal of the snow during
the winter season. However, the results found in this study and especially the reasonable
correlation of GR(19/7) to SLF snow depth observations over MYI indicate that in spring
the contribution of snow on the GR dominates the signal of MYI (Figure 3.4). This would,
within a higher error range, allow the retrieval of snow depth over Arctic MYI from March
to the onset of the melt. One possible explanation for this behaviour could be that snow
properties such as snow grain size and density change over the season. For example, freshly
fallen snow is almost transparent in the microwave region.

Figure 3.9: Retrieved snow depth over MYI from 2013 to 2016. Black lines show the snow
depth for the 25 single grid cells and the red line the average. The vertical lines frame the
months March and April.
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In late winter/spring the snow contributes much more to microwave scattering than the
underlying MYI. Without additional quantitative information about the influence of MYI on
the GR it is not possible to estimate when the influence of MYI is low enough to reliably use
GR(19/7) for snow depth retrieval.
The main advantage of a satellite-borne snow depth retrieval over existing snow depth
climatologies is that it also retrieves the interannual variability of the snow depth. Figures
3.10 and 3.11 show the seasonal evolution of the AMSR-E/2 snow depth over FYI for the
period 2005 to 2016 in the Beaufort Sea (Figure 3.10) and in the East Siberian Sea (Figure
3.11). As in Figure 3.9, the snow depth is averaged over 25 grid cells. Snow depth based on
the Warren climatology (Warren et al., 1999) is shown in the last column (W99) of the graph.
On average, the AMSR-E/2 monthly averaged snow depth is lower than the W99 snow
depth in both areas. This is expected because the Warren climatology contains data back
to the 1950s when the MYI area and thus the snow depth was larger. In single winters,
the AMSR-E/2 snow depth can differ strongly from W99 climatology in both regions. For
example, in winter 2014/2015 the maximum snow depth is 32 cm in the Beaufort Sea (Figure
3.10), which is comparable to the W99 climatology of 34 cm, while the maximum snow
depth in winter 2012/2013 is with 17 cm about 18 cm lower. Overall, the interannual and
seasonal variability is higher in the Beaufort Sea (Figure 3.10) than in the East Siberian Sea
(Figure 3.11). In both regions, the seasonal evolution of the AMSR-E/2 snow depth provides
good results with an expected increase of the snow depth from October to March. These two
examples demonstrate the advantage of the satellite retrieved snow depth product compared
to the Warren climatology which does not includes interannual variability.
In Figure 3.12, the monthly averaged March and April AMSR-E/2 and SLF snow depths
over FYI (left) and MYI (right) are shown for the whole SLF measurement period (2009
to 2015). For each year and month, all available collocated SLF snow depth measurements
and AMSR-E/2 derived snow depths are averaged. The exact positions of the OIB flights
can differ from month to month and year to year, but the regions they cover are similar. The
error bars display the uncertainty of both products. For the SLF snow depth an uncertainty of
5 cm is assumed. The uncertainty of the AMSR-E/2 snow depth is based on the results from
section 3.3.
Over FYI (Figure 3.12, left) the mean SLF and AMSR-E/2 snow depths in March and April
are very similar. They agree within in ±2 cm in most of the years (note that there are no
collocated measurements over FYI in April 2011 and 2014). Over MYI (Figure 3.12, right),
large differences between SLF and AMSR-E/2 snow depths are found in single months (e.g.,
in April 2011 and 2015) while some years are in good agreement (e.g., March and April
2010).
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Figure 3.10: Monthly averaged AMSR-E/2 snow depth in the Beaufort Sea from winter
2005/2006 to winter 2015/2016. In addition the snow depth based on Warren climatology
(W99) is shown on the far right outside the main plot region. The error bars are calculated
from the standard deviation of the surrounding five grid cells.

Figure 3.11: Same as Figure 3.10 but for the East Siberian Sea.
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Figure 3.12: Monthly averaged March and April AMSR-E/2 and SLF snow depth over FYI
(left) and MYI (right) from 2009 to 2015 (no data for 2012 and 2013). The error bars display
the uncertainty of the products.

These results demonstrate that over FYI the AMSR-E/2 snow depth retrieval, using a constant
set of regression coefficients, is able to reproduce the interannual variability found in the SLF
snow depth measurements. Over MYI the AMSR-E/2 snow depth retrieval has problems to
reproduce the interannual variability of the SLF measurements in some years.
Based on all available satellite observations (status April 2019), a timeseries of 16 years of
snow depth on Arctic sea ice (no data for winter 2011/2012) can be produced to analyse
possible trends. Figure 3.13 shows the monthly averaged snow depth in November (left; note
that in November, snow depth is only retrieved over FYI) and March (right) for the whole
2002 to 2019 period. In April possible melt events could cause errors in the calculated snow
depth since the retrieval does not work over wet snow.

Figure 3.13: Timeseries of the monthly averaged snow depth in November (left) and March
(right) from 2002 to 2019.
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In both, early winter and Spring, a decline in snow depth is visible. If not stated differently,
all trends shown below reach significance level (p value <0.001). The trend is slightly more
pronounced in spring (= −0.27 cm/year) than in November (= −0.2 cm/year). The trend in
March snow depth is similar to the trend Webster et al. (2014) found (= −0.29 cm/year) for
the time period from 1950 to 2013.
Figure 3.14 shows the monthly averaged snow depth for March for FYI only (left) and MYI
only (right). Here, a threshold of < 20% MYI concentration is chosen for the snow depth
on FYI and a threshold of > 80% MYI concentration is chosen for the snow depth on MYI.
A negative trend is found over both, FYI (= −0.21 cm/year) and MYI (= −0.27 cm/year).
Over MYI, the interannual variability of the snow depth is much more pronounced that over
FYI. Based on this data, March 2015 had exceptional high snow depth compared to the
years before and after. Indeed, during the N-ICE2015 campaign, an exceptional deep spring
snowpack was observed in the Atlantic sector north of Svalbard (Rösel et al., 2018a).
Figure 3.15 shows the same as Figure 3.13 but for six different Arctic regions (see Figure 5.9)
The regions are chosen such that they cover different snow and ice conditions (see chapter 5
for more details). In November (Figure 3.15, left) no snow depth is retrieved in the Arctic
Ocean since in this region, mainly MYI exists. A high interannual variability in November
is found in most regions (3.15, left) but it is especially pronounced in the Atlantic Sector
and Beaufort Sea. Significant trends are only found in the Kara Sea (= −0.24 cm/year) and
labrador Sea (= −0.18 cm/year).

Figure 3.14: Timeseries of the monthly averaged snow depth in March over FYI (left) and
MYI (right) from 2002 to 2019.
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Figure 3.15: Timeseries of the monthly averaged snow depth in November (left) and March
(right) from 2002 to 2019 for six different Arctic regions (see Figure 5.9).

In March (Figure 3.15, right), the strongest negative trend is found in the Atlantic Sector
(= −0.28 cm/year). In the Laptev Sea, the trend is around −0.20 cm/year and in the Kara
Sea −0.14 cm/year. In the other regions, the trend is below 0.1 cm/year or does not reach
significance level (p value > 0.05). The seasonal development of the spatial distribution of
the snow depth is analysed below for the winter season 2005/2006 and 2018/2019. Figure
3.16 shows the monthly averaged snow depth for the winter season November 2005 (a)
to April 2006 (f). Here, instead of the OSI-SAF ice type, the MYI concentration product
from Ye et al. (2016) was used. The data is available on a daily basis from https://seaice.
uni-bremen.de/multiyear-ice-concentration/ (accessed, 10 march 2020). The advantages of
this product is that it provides a MYI concentration instead of a binary ice type. Overall,
the snow depth increases over the course of the season. In November (Figure 3.16 (a)), the
highest snow depth (20 cm) is retrieved close to the FYI/MYI transition zone while in the
marginal ice zone, the snow depth is between 5 cm (e.g., in the East Siberian Sea and Chukchi
Sea) and 15 cm (e.g., Kara Sea). From December to March (Figure 3.16 (a) to (e)), the snow
depth slightly increases in most regions of the Arctic and is highest in the MYI area north
of Greenland and north of the Canadian Archipelago. In April (Figure 3.16 (f)) the snow
depth decreases in parts of the Atlantic Sector, which is most likely due to the onset of melt.
Overall, especially in March and April, the spatial variability off the retrieved snow depth
over FYI is low. In most of the areas, snow depth over FYI in March and April is between
15 cm and 25 cm. Only in the marginal ice zones, low snow depths are retrieved.
Figure 3.17 shows the same as Figure 3.16 but for the winter season November 2018 to
April 2019. In all months, the retrieved snow depth is lower compared to season 2005/2006.
Especially in November (Figure 3.16 (a)) and December (Figure 3.16 (b)) the retrieved

https://seaice.uni-bremen.de/multiyear-ice-concentration/
https://seaice.uni-bremen.de/multiyear-ice-concentration/
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snow depth in 2018 is, in some regions, much lower than in 2005. This can be related to
a later freezeup in 2018 in the Laptev and East Siberian Seas. Based on a quick assess
of sea ice concentration maps (not shown here) provided by https://seaice.uni-bremen.de/
databrowser/#p=sic (accessed 19 March 2020), these regions where not fully ice covered until
06 November, which was roughly two weeks later compared 2005. Since the majority of the
Arctic snowpack builds in Autumn (Webster et al., 2014), a later freezeup can strongly reduce
the overall snow depth, depending on the meteorological situation in each year. Indeed,
Webster et al. (2014) related the thinning of the Arctic snowpack to a shorter accumulation
period in recent years which was, according to their analysis, most pronounced in the Beaufort
Sea and Chukchi sea.
In March and April 2019 (Figure 3.16 (e) and (f)), the Arctic averaged snow depth is around
3 cm lower than in 2006 (see Figure 3.13, left) which is mainly due to lower snow depths
retrieved in the Central Arctic, Laptev Sea and Beaufort Sea (see Figure 3.15).

3.5 Discussion

The empirical regression coefficients derived here depend on the training data set. This
results in potential limitations of the retrieval since the SLF snow depth observations used
here as the training data set are limited in space and time and are therefore unlikely to be
representative of the whole Arctic and the complete winter season. However, the sensitivity
analysis in section 3.4 confirms that at least the regression is stable in time from year to
year. Depending on the used training period, over FYI slope and intercept of the regression
cover a range between −474 and 18.7 cm and −649 and 20.0 cm, respectively. Over MYI
slope and intercept vary over a range between −227 and 17.3 cm and −413 and 22.3 cm,
respectively. This variability in the regression coefficients leads to an estimated uncertainty
of the AMSR-E/2 snow depth up to 6 cm over FYI and up to 9.4 cm over MYI. Willmes et al.
(2014) investigated the spatial and seasonal variations of the snow emissivity in the Arctic
and Antarctic due to snow metamorphism. They found that spatial differences are rather
small and only of importance at the onset of melt. However, the seasonal evolution of the
snowpack, for example, the densification or grain size growth, influences the observed signal
(e.g., Markus and Cavalieri, 1998; Willmes et al., 2014).

https://seaice.uni-bremen.de/databrowser/#p=sic
https://seaice.uni-bremen.de/databrowser/#p=sic
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Figure 3.16: Monthly averaged snow depth from November (a) to April (f) for winter season
2005/2006.
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Figure 3.17: Monthly averaged snow depth from November (a) to April (f) for winter season
2018/2019.
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Especially in late winter/spring the grain size of the Arctic snowpack increases (Willmes
et al., 2014). This leads to a stronger scattering of radiation and thus to a reduced brightness
temperature (Markus and Cavalieri, 1998). The effect is stronger for higher frequencies
decreasing the GR and hence increases the retrieved snow depth. For the 6.9 GHz channel
it is expected that snow metamorphism has a small influence since its emitting layer is
at the snow/ice interface over FYI and the snow grains are too small to cause significant
scattering (see Figure 2.6). The 19 GHz channel is, however, influenced by the snow and
snow grain growth will lead to a reduction of the observed brightness temperature at this
frequency. This implies that the regression coefficients derived here, which are based on
snow depth measurements in March and April, could lead to an overestimation of snow depth
over FYI in early winter with smaller grain sizes due to the influence of the grain size on
the microwave emission. This is also partly reflected in the regression coefficients found
here: the new AMSR-E/2 retrieval intersects the 0 cm snow depth line at a GR(19/7) value
of 0.035. However, the typical emissivity of bare FYI in winter is 0.92 at 7 GHz and 0.95
at 19 GHz (Onstott et al., 1987). The resulting GR(19/7) is 0.017, which, using the derived
regression coefficients (equation 3.3), would result in a snow depth of 9 cm instead of 0 cm.
In order to validate the retrieval for the whole season, large-scale in-situ measurements from
early winter are crucially needed.
For snow on land it has been suggested to use the temperature gradient between the snow
surface and the snow/ground interface as a proxy for snow metamorphism in the retrieval
(Josberger and Mognard, 2002). This could be part of further research in order to improve the
algorithm developed here and to deal with the limitations discussed above. Since large-scale
in-situ measurements of snow on Arctic sea ice are rare in early winter, thermodynamic
snow models could be used to investigate the seasonal evolution of the snow cover. Recent
improvements in snow modelling and reanalysis data (Liston et al., 2018) show promising
results when modelling the snow (and its metamorphism) on Arctic sea ice. In addition,
state-of-the-art thermodynamic snow model SNOWPACK for snow on land applications
(Bartelt and Lehning, 2002) was recently adapted to sea ice, but further development is still
needed before it can be fully evaluated (Wever et al., 2019).
Over MYI, the situation is more complicated. The properties of MYI (almost salt free, lower
density, more porous) allow microwaves to penetrate through the upper decimeters of the ice
(Ulaby and Long, 2014b). The position of the emitting layer depends on the ice properties
and the frequencies. Assuming a temperature of −10◦C the penetration depth for 7 GHz in
MYI is about 1 m. For 18.7 GHz the penetration depth is several tens of centimeters (Ulaby
and Long, 2014b). As shown in chapter 2, at 7 GHz dry snow is transparent. Thus, in the case
of MYI with dry snow on top, the observed brightness temperature at 7 GHz will only depend
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on the MYI properties. However, when the snow becomes wet or thick depth hoar forms at
the snow ice interface, the 7 GHz signal will be influenced (see Figure 2.6). At 19 GHz fresh
snow with small grains is almost transparent. However, when the snow ages and the grains
grow, scattering in the snow becomes an important contributor to the observed signal. The
observed brightness temperature over snow on MYI at 19 GHz is a mixture of contributions
from MYI and snow. This could indicate why GR(19/7) shows a reasonable correlation to
snow depth measurements in spring, after the snow has undergone some metamorphism. At
this time of the year the signal of snow seems to dominate the signal of the underling MYI.
Only if this is the case, a reliable relationship between GR(19/7) and snow depth on MYI
can be expected.
Although the results (Figure 3.7, left and Figure 3.8, right) show that the AMSR-E/2 retrieval
based on GR(19/7) over MYI performs not as reliable as over FYI, it still has capability
in retrieving the expected snow depth distribution over MYI, at least in March and April
and with larger uncertainty. In order to fully retrieve snow depth over MYI the results
suggest that more research is required to investigate the influence of MYI on GR(19/7),
and detailed measurements of MYI properties and knowledge about its influence on the
snow/ice emissivity are needed. The latter could be obtained from microwave emission
models (e.g., Dupont et al., 2014; Picard et al., 2018; Tonboe et al., 2006) if they can be used
in conjunction with ice core measurements that include measurements of MYI density and
salinity as well as the size distribution of the included air bubbles in MYI and coincident
snow property measurements. While a lot of MYI ice core data exist for late winter and
spring (Shokr and Sinha, 1999), MYI samples from early winter season are rare. However,
the latter are critical in order to understand how the microwave emission of MYI evolves
in time. Additionally, large-scale in-situ (or airborne) snow depth measurements over MYI
are also needed from early winter in order to evaluate the retrieval results. The ongoing
year-long MOSAiC campaign (http://www.mosaic-expedition.org, accessed 15 May 2017)
provides an opportunity to fill this gap.

3.6 Conclusions

Based on five years of SLF snow depth observations, a new empirical passive microwave
snow depth retrieval was developed (equations 3.3 and 3.4). For the retrieval, a similar
method was applied as developed by Markus and Cavalieri (1998), but using lower frequency
channels (6.9 GHz and 18.7 GHz). Over FYI and MYI the results of the regression analysis
(section 3.2) show that GR(19/7) works best to derive snow depth (Figure 3.3). The corre-

http://www.mosaic-expedition.org
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lation between GR(19/7) and SLF snow depth is −0.73 for FYI and −0.57 for MYI. The
RMSD is lower for FYI (3.71 cm) than for MYI (5.48 cm).
An uncertainty analysis based on the uncertainty due to the limited sample size and a Gaussian
error propagation of the uncertainties of parameters contributing to GR(19/7) was performed
(see section 3.3). The average uncertainty of the AMSR-E/2 retrieval over FYI is between 0.1
and 6 cm, depending on the snow depth. Over MYI the uncertainty ranges between 3.4 cm
and 9.4 cm. It is, however, important to note that for individual grid cells uncertainty can
be higher, for example, due to ice surface roughness (Stroeve et al., 2006) or strong snow
metamorphism.
An evaluation of the retrieved snow depth with SLF measurements from 2015 (section 3.4)
shows good results for FYI. A mean difference between retrieval and measurements of
−2.1 cm was found, with 93% of the differences being smaller than 5 cm (Figure 3.7, left).
For comparison, using the coefficients of the snow depth retrieval from NSIDC only 55% of
the differences are below 5 cm. This is slightly worse than what Brucker and Markus (2013)
found. They compared the traditional snow depth satellite retrieval based on GR(37/19) to
SLF snow depth measurements between 2009 and 2011. They found an agreement of the
mean SLF snow depth and satellite retrieved snow depth with 64% of the retrieved values
being within ± 5 cm and 89% within ± 10 cm. For single grid cells they found differences
up to 21 cm and −35 cm. For the new AMSR-E/2 retrieval, the differences of single grid
cells do not exceed 8 cm and −12 cm. Compared to their result, a remarkable improvement
was found in this study (see above) using the newly derived regression coefficients and an
updated SLF product.
When this study was published (Rostosky et al., 2018), it was the first time to derive Arctic
wide snow depths from passive microwave including observations over MYI in March and
April. 56% of the differences between the satellite-retrieved MYI snow depth and SLF snow
depth are smaller than 5 cm (Figure 3.7). However, over MYI the current version of the
AMSR-E/2 snow depth retrieval is limited to spring. The influence of the MYI signal on the
observed brightness temperatures is visible in the seasonal evolution of the snow depth, which
hampers the MYI snow retrieval for the complete season (Figure 3.9). Considering these
results, the retrieval of snow depth over MYI throughout the winter growth season requires
additional evaluation. It is therefore recommend that the application of the AMSR-E/2
retrieval over MYI is limited to the months of March and April when the SLF snow depth
measurements used for the algorithm development are available and a clear benefit of the
retrieval over MYI can be demonstrated.
Besides the improved performance, there are several additional advantages and some dis-
advantages to using lower frequencies for snow depth retrievals from passive microwave
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measurements. Measurements at lower frequencies are less influenced by thaw/refreeze
cycles or snow metamorphism such as the development of depth hoar or by weather effects
(Powell et al., 2006). On the other hand, lower frequencies are less sensitive to fresh, shallow
snow, which leads to disadvantages of the here derived AMSR-E/2 retrieval in early winter
where mainly freshly fallen snow with small grains is present. In addition, at lower frequen-
cies also the spatial resolution of the satellite sensor decreases. For example, the mean spatial
resolution is 21 km for the 19 GHz channel and 56 km for the 7 GHz channel for AMSR-E.
The coarser resolution can be a disadvantage in case of the need of snow depth values at
small scales (e.g., for field studies). However, one major aim is to provide a snow on sea
ice product, which can be used for climate studies, for the comparison to coupled Arctic
climate models, and for ice thickness retrieval from altimeters. For these applications the
lower spatial resolution of the new retrieval is less of an issue.
With this new retrieval it is possible to provide a time series of snow depth for the complete
Arctic from 2002 until today, limited to March and April over MYI. It can, for example, be
used to assess interannual variability of Arctic snow depth, which is not possible with the
Warren snow depth climatology (Warren et al., 1999). Figure 3.10 and 3.11 demonstrate that
on average, the climatology values are higher than the snow depth retrieved by the AMSR-E/2
product. In single years, the differences between the climatology and the AMSR-E/2 snow
depth can be greater than 10 cm. The additional information provided by the satellite retrieval
can be helpful for the evaluation of reanalysis data from climate models. In addition, the
snow depth can be used for sea ice thickness retrieval based on altimetry, where snow depth
is one of the major uncertainties (Kern et al., 2015).
Based on a timeseries of 16 years (2002 to 2019), a negative trend in monthly averaged snow
depth is found in both, November (− 0.2 cm/year) and March (−0.27 cm/year).





Chapter 4

Uncertainty Estimation

In the previous chapter, a new passive microwave snow depth on Arctic sea ice retrieval was
presented including a first uncertainty estimation based on a Gaussian Error Propagation
(GEP) model. This model, however, assumes that the covariance of the individual uncertain-
ties of the contributing parameters is zero. This is not necessarily the case for the satellite
observations used in this study. Furthermore, satellite observations are not only influenced
by the parameters investigated in the GEP but also other parameters like ice- and snow
properties, atmospheric properties and clouds influence the observed signal. Therefore, a
more detailed uncertainty estimation of the new retrieval is needed.
In the following study, a Monte-Carlo model is used to estimate the uncertainty in the snow
depth retrieval introduced by the influence of the above mentioned parameters. The advantage
of the Monte-Carlo model over the GEP model is that it allows an error covariance different
from zero (Christos and Hoi, 2001). In addition, for Arctic conditions, the above mentioned
parameters are often not known. In contrast to the GEP model, the Monte-Carlo method only
needs statistical information about the distribution of the influencing parameters. These can
be derived from in-situ measurements or climatologies. Most of the results presented in this
chapter are already published in Rostosky et al. (2020).
This chapter is organised as follows. In section 4.1, an overview about the models and
datasets used in this study is given. In section 4.2, the experimental setups and the most
important results are provided. In section 4.3, the application of the results on passive mi-
crowave snow depth retrievals is discussed and applied to the retrieval developed in chapter 3
in section 4.4. The paper closes with a conclusion in section 4.5.
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4.1 Data and Models

In this section, the models and the datasets are described which are used in this study. The
Microwave Emission Model for Layered Snowpack (MEMLS; Wiesmann and 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 the ice and snow properties (see Section 4.1.2). For
estimating the influence of the Arctic atmosphere and Arctic clouds on the GR signal, the
Passive and Active Microwave TRAnsfer model (PAMTRA) is used (see Section 4.1.4).
Besides snow depth, other snow properties like grain size or grain type influence the GR,
the grain type 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 and Lehning, 2002;
Lehning et al., 2002a,b; Wever et al., 2019). All models need geophysical parameters as
input data. In this study, snow, ice and atmospheric measurements obtained during the
N-ICE2015 campaign (Cohen et al., 2017; Granskog et al., 2016; Rösel et al., 2018b) are
used as reference and input data for the models (section 4.1.1). The following sections
provide an overview about the models and the N-ICE2015 datasets.

4.1.1 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 ship was attached to four different ice floes and drifted
along with them. Figure 4.1 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 will be on the
measurements from the first two floes and parts of the third floe, which cover the time period
from 20 January 2015 to 18 March 2015 (floe one and two) and from 19 April 2015 to 13
May 2015 (first part of floe three). During later measurements on the third and fourth flow,
the air temperature was often close to the freezing point and the snowpack became wet and
slushy. Under this conditions, the relation between GR and the snow depth diminishes (see
chapter 2).
During the first and second floe, a winter regime with cold temperatures and moderate winds
dominated. However, several storms crossed the measurement site advecting warm and
moist air (Cohen et al., 2017; Graham et al., 2017, 2019). During these storms, the air
temperature rose close to the freezing point and even above, which likely led to strong snow
metamorphism. Figure 4.2 shows the timeseries of the 2 m air temperature and 10 m wind
speed measured during the first two sections of the cruise from 22 January 2015 to 18 March
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2015. The storm events (e.g., 05 or 15 February) are clearly visible in an rapid increase in
wind speed and high temperatures.
The N-ICE2015 snow conditions are described in Merkouriadi et al. (2017a). Snow pits were
taken on FYI and SYI (second year ice) floes, however, the snow properties were similar
on both floes. The snow pit measurements include snow temperature, density, grain size
(maximum and minimum grain diameter) and grain type observations (based on Sommerfeld
and LaChapelle, 1970). For some snow pits also specific surface area (SSA) derived from
the IceCube instrument are available. All snow measurements were taken in the vicinity of
the atmospheric measurements. Overall, for the time-period considered here, 28 snowpits
can be used as input data for MEMLS. Table 4.1 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, see chapter 2), which is related to the snow
microphysics and controls the amount of microwave scattering in the snowpack. If SSA
measurements are available, ecorr is calculated using the following equation (adapted from
Mätzler, 2002):

ecorr = 0.75∗ 4∗ (1−φ)

ρi ∗SSA
(4.1)

In equation 4.1, ρi is the ice density and φ is the ratio between the measured snow density
and ice density. Overall, SSA measurements were available for 4 snow pits. If no SSA
measurements are available, it is possible to relate ecorr to the optical grain size (Grenfell
and Warren, 1999; Mätzler, 2002). However, the grain size measured during N-ICE2015 is
related to the maximum grain size (Dmax) and can only be linked to ecorr in case of spherical
grains. Mätzler (2002) provided a look up 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.

Table 4.1: Mean snow Temperature (T), depth (Sd) density (ρ) and exponential correlation
length (ecorr) and their standard deviation of the 28 snow pits used from the N-ICE2015
campaign between the 22 January and 13 May 2015 (Merkouriadi et al., 2017b).

T (◦C) −11.15 ± 5
Sd (m) 0.45 ± 13
ρ (kg/m3) 324 ± 43
ecorr 0.139 ± 0.03
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4.1.2 Microwave Emission Model of Layered Snowpacks

The Microwave Emission Model for Layered Snowpacks (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 horizontally and vertically
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 correlation length ecorr (Mätzler, 1997, 1998; Mätzler and Wiesmann, 1999). A
detailed description of the theory is given in Chapter 2.
The basic idea of the IBA 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 can be represented by an auto-correlation function (e.g.
Proksch et al., 2015; Wiesmann et al., 1998). The exponential correlation length describes
the length scale which is obtained by approximating the auto-correlation function by an
exponential fit (adapted from Proksch et al., 2015):

C(r⃗) =C0 ∗ exp(
−|r⃗|
ecorr

) (4.2)

Figure 4.1: Sea ice concentration from 01 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 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). This Graphic was
provided by G. Spreen.
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Figure 4.2: 2 m air temperature (bottom) and 10 m wind speed (top) measured during the
first part of N-ICE2015 campaign.

In equation 4.2, C(r⃗) is the auto-correlation function of the lack distance r⃗, representing the
snow microstructure. The IBA was found to be an accurate approximation for scattering in
snow when the optical grain size is large compared to the wavelength of the microwaves
(Wiesmann and Mätzler, 1999) and is valid for microwave ranges from 5 GHz to 100 GHz
(Mätzler and Wiesmann, 1999). The traditional method to estimate ecorr from a snowpack
is an empirical derived relation between ecorr, the density of snow and pure ice and the
SSA (equation 4.1). MEMLS was developed for snow on land and was later adapted to sea
ice (Tonboe et al., 2006). A detailed description of the physical background of MEMLS is
given in Chapter 2. In the sea ice version of MEMLS, the model in addition 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 brine pockets, while for MYI air bubbles are the main
scatterers, 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.

4.1.3 The SNOWPACK Model

The SNOWPACK model was developed to simulate the thermodynamic evolution of snow
(Bartelt and Lehning, 2002). The model relates thermodynamic processes in the snow,
introduced by e.g., temperature gradient driven metamorphism 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
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(Lehning et al., 2002a). The model has a very detailed and complex snow microstructure
scheme (Lehning et al., 2002b) using grain parameters like dentricity, sphericity, bond radius,
grain size and a so called marker which links previous snow metamorphism to a given
snowpack. These parameters, however, cannot be easily determined from field measurements.
In Lehning et al. (2002b) an overview of the relation between the above mentioned grain
parameters and classical grain size and grain type observations is provided. The dentricity of
the snow grains is strongly linked to the snow age and state of metamorphism. New fallen
snow has a dentricity close to one while strongly metamorphed snow with faceted snow
grains or depth hoar has a dentricity close to zero. The sphericity of new snow is 0.5 and can
increase or decrease depending on the environmental conditions within the snowpack (e.g.,
temperature gradients or snow wetness).
In their paper, the authors provide a look up 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 the
lookup table provided by the SNOWPACK developers (see https://models.slf.ch/p/snowpack/
page/Starting-from-profiles/, accessed 15 December 2018) is used. 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
the latest SNOWPACK sea ice release (status 10 December 2019).

4.1.4 The PAMTRA Model

In this study the Passive and Active Microwave TRAnsfer model (PAMTRA, from https:
//github.com/igmk/pamtra, accessed: 01 November 2018) is used to simulate the radiative
transfer of microwave radiation through the atmosphere. The description of the model was
originaly provided by M.Mech (April 2019) and was only slightly modified for this chapter.
PAMTRA is a framework 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 (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 up- and down-welling radiation at any height and observation angle.
The model provides radiances or polarized brightness temperatures. The atmospheric input
to PAMTRA can be artificial, from radiosondes or any other profiling in-situ measurement.

https://models.slf.ch/p/snowpack/page/Starting-from-profiles/
https://models.slf.ch/p/snowpack/page/Starting-from-profiles/
https://github.com/igmk/pamtra
https://github.com/igmk/pamtra
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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 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, i.e., 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 allows as well the use of scattering databases that are usually created by applying
the Discrete Dipole Approximation Method (DDA). For aggregates or more complex particles,
PAMTRA also includes a very recent approximation called the self-similar Rayleigh-Gans
Approximation (SSRGA; Hogan et al., 2017; Hogan and Westbrook, 2014) that is rather
cost effective compared to DDA calculations. For the lower boundary the reflectivity and
emissivity properties have to be provided. For 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.

4.2 Results

4.2.1 Influence of the Ice Properties

For microwave observations, it is important to distinguish between Arctic FYI and MYI since
they have different microwave signatures. Here, the focus is on how the natural variability
of the ice properties influences the GR. For this purpose, a 1000 member Monte-Carlo
simulation is performed. The snow depth is increased in 2 cm steps from 10 cm to 70 cm. A
simplified snowpack is used, consisting of two layers. The snow properties of each layer are
summarised in Table 4.3. A linear temperature profile is assumed in the snow in such a way



64 Uncertainty Estimation

that the temperature at the snow-ice interface is always -13◦C. The ice thickness is set to 2 m
and split into 2 cm thick layers. For each snow thickness, 1000 simulations for both FYI and
MYI are performed and in every individual simulation the ice properties are randomly varied
around their mean values ± the standard deviation given in Table 2. The reference values for
the ice density are obtained from Shokr and Sinha (1999) and Fung and Eom (1982). The
exponential correlation 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, as discussed in Chapter 2, this relationship 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). While microwaves can only travel a few cm into FYI, they
can travel up to 1 m in MYI (Ulaby and Long, 2014b) due to its low salinity. Therefore,
volume scattering in MYI is important and the estimated volume scattering in MYI may be
inaccurate due to the above mentioned simplifications (see Chapter 2).

Table 4.2: Mean snow and sea ice density (ρ), salinity (S), exponential correlation length
(ecorr), temperature (T) and superimposed layer depth (dSSI) and their standard deviations
used for the sensitivity study. The sea ice properties are obtained from (Fung and Eom, 1982;
Grenfell, 2015; Shokr and Sinha, 1999)

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

Figure 4.3 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 line represents the mean over the
1000 simulations and the error bars the standard deviation. For visualisation purpose, the
error bars are displayed every 10 cm. In addition, 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 3.1 and the averaged
GR. A second snow depth (Sde) is derived including the standard deviation to the GR for
every snow depth. The error shown in Figure 4.3 the normalized RMSD (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 is between 0.00036 and 0.00042), and, more important, is smaller than its
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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
to the signal of snow (e.g. Brucker and Markus, 2013; Rostosky et al., 2018).
In Chapter 3, a reasonable correlation between GR(19/7) and snow depth on MYI was found,
indicating that it is possible to derive a retrieval for snow depth on MYI using this gradient
ratio, even though the correlation between it and snow depth was lower for MYI than for
FYI and high errors where 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 in Chapter 3 is not visible
in the modelled 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 in a way that it is considered
as an two-phase media 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 is based on the N-ICE2015 datasets, for the ice
properties, only a few ice core measurements over MYI were taken. The variability of ice
properties from the N-ICE2015 observations is smaller than the values found in literature.
For the MYI, the mean density and variability of the ice is around 850 kgm−3 ± 50 kgm−3.
The salinity of the top layers vary between 0 ppt 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 performed 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, the variability of the FYI properties are artificially increased to ± 50 kgm−3

for the density and to ± 0.25 for ecorr. This added variability, however, only increased the
NRMSD by below 1%.
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Figure 4.3: 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 1000 Monte-Carlo
simulations and the errorbar the standard deviation. In addition, the mean error of potential
snow depth retrievals is shown.

4.2.2 Influence of the Atmosphere

As described in section 4.1.4, PAMTRA is used to investigate the influence of the atmosphere
and clouds on the GR. The model is forced with radiosonde measurements of the atmospheric
temperature, humidity, wind speed and air pressure obtained during the N-ICE2015 campaign
(Hudson et al., 2017). For the sensitivity study, the same snowpack as described in section
4.2.1 is used.
Overall, 258 simulations were performed based on all available radiosonde profiles obtained
during the N-ICE2015 campaign. Clouds cannot be directly measured by radiosondes.
However, since clouds can have a strong impact on the 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 kgm−2. Most of the clouds were low level clouds
with a cloud base between 500 m and 1000 m and the cloud top was always below 5000 m.
Besides clouds, also the total water vapour (TVP) is relevant for microwaves. The mean TVP
in this dataset is 4.58 kgm−2 with a standard deviation of ± 3.18 kgm−2.
Two studies are performed. In the first study, only the influence of the atmosphere 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).
Figure 4.4 shows the influence of the atmosphere and clouds on GR(19/7) (left) and GR(37/19)
(right). The blue line shows the mean over all simulations for the cloud free case and the
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error bars show the standard deviation of GR for a cloud free atmosphere (blue) and cloudy
atmosphere (red). In addition, the mean variability in GR is shown together with the error
(%), derived in a similar way as described in Section 4.2.1. For both GR, the influence of the
atmosphere is rather low and results in a NRMSD of ± 4% for a GR(19/7) 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. The results found here are in good agreement with the results from
Markus et al. (2006b) where the authors found a strong influence of the atmosphere and
cloud liquid water on GR(37/19) but only a weak influence on GR(19/10).

4.2.3 Influence of the Snow Properties

The snowpack properties observed during the N-ICE2015 campaign show a high variability in
space and time (Merkouriadi et al., 2017a). Figure 4.5 shows GR(19/7) (blue) and GR(37/19)
(red) for all 28 snowpits calculated using MEMLS. Details about the snow measurements
and the initialisation files for MEMLS are given in appendix B.
Although some relation between GR and snow depth is visible (correlation is −0.7 for
GR(19/7) and −0.4 for GR(37/19)), the RMSD is very high for both GR (9.7 cm for GR(19/7)
and 12.5 cm for GR(37/19)). However, likely these results display the effect of local variabil-
ity in the snow properties and on the scale of satellite footprints, part of it 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.

Figure 4.4: Sensitivity of GR(19/7) (left) and GR(37/19) (right) to atmospheric properties
and clouds. The thick line represents the mean of all 258 simulations and the errorbar the
variability.
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Figure 4.5: GR based on MEMLS simulations of the 28 snowpits used from the N-ICE2015
campaign. In addition, the regression lines are shown.

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 metamorphism using a snow
evolution model (SNOWPACK) 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 4.2) and therefore likely introduced strong snow metamorphism.
Here, a case study is performed investigating the snow metamorphism introduced by the
storm event around 05 February 2015 using the thermodynamic snow evolution model
SNOWPACK in addition to MEMLS. For this purpose, SNOWPACK is initialised with
the N-ICE2015 snow pit measurement obtained on the 23 January 2015 and then run until
the 01 March 2015 using the atmospheric observations obtained during the N-ICE2015
campaign. The full initialisation profile is given in Appendix B. As described in section 4.1.3,
SNOWPACK needs grain information that were not measured in the N-ICE2015 snowpits
and therefore must be estimated from the available grain related measurements.
Figure 4.6 (a) shows the temporal evolution of the snowpack temperature. The initial
temperature profile shows a strong negative gradient in the snow which is typical for a cold,
Arctic snowpack. Around 05 February, a storm advected warm air into the area and the
temperature gradient in the snow 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.
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Figure 4.6: Time series of the snowpack temperature in ◦C (a) and grain type (b) based on
a SNOWPACK simulation from 23 January 2015 to 01 March 2015. The black line in (a)
marks the snow-ice interface.

Figure 4.6 (b) shows the temporal evolution of the snow grain type. At the beginning, the top
layer of the snowpack consist 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 02 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 (05 February), a layer
of rounded grains forms at the top of the snowpack. In contrast to the temperature profile
(Figure 4.6), the short period of warm air temperature during the storm has a long term
impact on the snow grain type.
In Figure 4.7, the snow type simulated by SNOWPACK is compared to snow type measure-
ments from N-ICE2015 (modified from Merkouriadi et al., 2017b) obtained at 28 January
2015 (snow pit 1, cool conditions before the storm), at 05 February 2015 (snow pit 2, during
the storm) and at 13 February 2015 (snow pit 3, cool conditions after the storm). Even though
snow pit surveys are destructive and therefore cannot be obtained at the exact same spot
relative to the ice floe, they allow a rough comparison with the simulated snowpack to check
if the overall snow evolution was modelled correctly. The grain types of snow pit 1 and 2 are
in a good agreement with the simulated snowpits. The transformation into a snowpack with
predominantly fragmented snow is visible in both data. In the 3rd 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.
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Figure 4.7: Comparison of three distinct grain type profiles simulated with SNOWPACK
and the according N-ICE2015 measurements (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 4.9.

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 4.7) 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 cm to 70 cm with 2 cm steps.
In MEMLS, only incoherent scattering is considered (i.e., wavelength larger than 0.5 x layer
thickness; Mätzler, 2006), while coherent scattering leads to unphysical model results. In the
case of 6.9 GHz and new snow (i.e., no volume scattering), the layer thickness has at least to
be 2 cm in order to avoid coherent scattering. Therefore, for the snow type experiment (4.2.3),
the scaling of the different snow types slightly varied between each step of the simulation
(i.e., from 10 cm to 12 cm) resulting in a step-wise variability in the Monte-Carlo ensemble
simulations of the resulting brightness temperatures. Figure 4.8 shows the mean variability of
the simulated brightness temperatures for the snow-type experiment. The wavy form of the
curves is due to the above described model limitations and has no physical meaning. Since
this might influence further calculations, a five point running average is applied to the data to
mitigate the problem.
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Figure 4.8: Variability of the simulated brightness temperatures in dependence of the snow
depth for 6.9 GHz, 18.7 GHz and 36.5 GHz using the Monte-Carlo approach.

Figure 4.9 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 but contain a fraction of 20% new fallen snow at the top (red curve) or
20% slightly compacted snow (blue curve). These type of snow profiles were not observed
during N-ICE2015 campaign. However, the N-ICE2015 snowpack is representative for
spring snow conditions, where the snow is compacted and has undergone metamorphism.
During the Surface Heat Budget of the Arctic Ocean (SHEBA) 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 2 above mentioned snowpacks, the simulations also cover early winter snow conditions.
Both, GR(19/7) and GR(37/19) strongly depend on the snow type (Figure 4.9). Especially
the snow pit which was simulated after the storm event (yellow curve) leads to significant
lower GR than the snowpits before and during the storm. These simulation should cover a
good amount of variability which can be expected over large scales in the whole Arctic. The
NRMSD is similar for both GR’s and is around 20% for GR(19/7) and 24% for GR(37/19).
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Figure 4.9: GR(19/7), left and GR(37/19), right for five snowpack with different snow
properties.

4.3 Uncertainty of Potential 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, a set of 2580 simulations is 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 4.3). Then, similar
to the technique described in Section 4.2.1, a 1000 member Monte-Carlo simulation is
performed for a snowpack varying between 10 cm 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 dataset.
The first two columns in Table 4.4 show the results of the reference regression analysis based
on an GR without any uncertainties (in the following called GRmean). Here the NRMSD is
related to the error introduced for assuming a linear model.
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Table 4.3: Standard deviation of the 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

For GR(19/7), the assumption of a linear relation between GR and the snow depth leads
only to small errors (NRMSD ≤ 2%). However, for a GR(37/19) based retrieval, the linear
assumption results in a 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 4.9, right). The same analysis is performed limiting the snow depth to 50 cm. In
this case, the NRMSD for GR(37/19) based retrievals is 4%.

Table 4.4: Regression coefficients and error statistics of GR based snow depth retrievals
without (GR(v1,v2)mean, column one and two) and with uncertainties (GR(v1,v2)noise, column
three and four) in GR.

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

slope −3900 −3230 −3300 ± 230 −3150 ± 140
intercept −30.04 −30.19 0.06 ± 0.03 0.02± 0.04
correlation −0.99 −0.98 −0.99 −0.98
NRMSD (%) 2 10 11 19

The results of the Monte-Carlo simulations including the uncertainties of GR derived in
section 4.2 (see Table 4.3) are shown in the third and fourth column of Table 4.4. Here, the
mean regression coefficients over all 1000 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 a
mean error of at least 11%.
The influence of e.g., sea ice roughness on the GR is 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
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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 cm to 4 cm for the intercept (column three and four in Table 4.4).
The strongest contribution to the NRMSD of the retrieved snow depth is due to the un-
certainties obtained form the different snowtypes. Assuming the snowtype 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.
The results demonstrate that if a GR based snow depth retrieval is trained without adding
information about properties influencing the GR, high potential errors in the derived regres-
sion 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). Especially 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 relevant
for microwave scattering to the vertical temperature gradient in the snow (e.g., Josberger
and Mognard, 2002). Other studies attempt to assimilate observations from measurement
data into a thermodynamic snow evolution model for improving satellite borne snow depth
retrievals (e.g., Pulliainen, 2006). On sea ice, however, weather observations from stations are
rare. Ice mass balance buoys drifting on Arctic MYI can provide atmospheric measurements
valid for a small scale around the buoy. For snow on sea ice, the thermodynamic modelling of
snow evolution is still part of ongoing work and faces difficulties. 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 drifting 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. Thus models constrained by observations could provide a way forward for improved
satellite retrievals.
Earlier studies suggested to combine GR(19/7) and GR(37/19) to take advantage of their
individual strengths (e.g., Markus et al., 2006b). While GR(37/19) has a higher sensitivity to
shallow snowpacks but saturates around 50 cm, GR(19/7) is sensitive to snowpacks deeper
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than 1 m. Thus a snow depth retrieval using a combination of GR(19/7) and GR(37/19)
weighted by their sensitivity would have an increased overall sensitivity to snowpacks at
all thicknesses. However, as shown in Table 4.4, GR(37/19) has a higher uncertainty than
GR(19/7). Therefore, instead of the sensitivity, the signal-to-noise ratio (STN) should be
used:

ST N =
δS
σ2 (4.3)

In equation 4.3, δS is the sensitivity and σ2 the noise ( = variance of the uncertainty). A
snow depth retrieval using both GR could then have the form:

Sd = SdGR(19/7) ∗WGR(19/7)+SdGR(37/19) ∗WGR(37/19) (4.4)

Here, WGR is the weighing function of the GR based on its STN. The weighing functions
fulfil the condition WGR(19/7)+WGR(37/19) = 1. Figure 4.10 shows the weighting functions
of GR(19/7) (blue) and GR(37/19) (red) for a perfect retrieval (i.e., without uncertainties)
and for a retrieval considering the uncertainties in brightness temperatures found in this
study (see Table 4.3). Including the uncertainty results in a higher weight for GR(19/7). For
lower snow depths, the GR(37/19) based retrieval has the better signal to noise ratio and
thus the corresponding weighting function is higher. At a snow depth around 38 cm, both
weighting functions are around 0.5 and afterwards, GR(19/7) becomes more important. Table

Figure 4.10: Normalised weighting function for GR(19/7), blue and GR(37/19), red. The
dashed lines show the weighting functions without considering noise.

4.5 shows the performance of the combined retrieval for the ideal case (no uncertainties) and
with included uncertainties. Here, a linear fit was applied to both GRs and to account for
the nonlinear relation of GR(37/19) to snow depth, the combined retrieval is limited to snow
depth smaller than 50 cm. For higher snow depths, only the GR(19/7) based retrieval is used.
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In principle, also a higher order polynomial fit could be used for the GR(37/19) retrieval but
polynomial fits perform worse when applied to observational data (see Chapter 3). In the
ideal case, the combined retrieval performs slightly better (correlation = −0.98 and RMSD =
1.7%) than the single GR snow depth retrievals. Including the uncertainties, the combined
retrieval has the lowest RMSD (= 9.8%) compared to the single GR retrievals.
Over Arctic FYI, the snow depth is mostly below 50 cm (except for the Atlantic sector;
Merkouriadi et al., 2017a) and therefore, the combined snow depth retrieval would perform
even better compared to e.g., GR(19/7) retrievals since it benefits from the higher sensitivity
of GR(37/19) to shallow snow.

Table 4.5: Regression coefficients and error statistics for the combined snow depth retrieval
(GRM) without (GRM)mean, column one and two) and with uncertainties (GRMnoise, column
three and four) in GR.

GRMmean GRMnoise

slope -3900 -1500 ± 140
intercept -0.04 0.02± 0.04
correlation -0.98 -0.96
NRMSD [%] 1.7 9.8

The results shown here are all based on models and thus subject to assumptions and sim-
plifications. This is particular important for the results shown in Figure 4.5 and Figure 4.9.
In order to simulate these brightness temperatures, 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 (see Chapter 2). 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 4.9, the different layers
within the snowpack were equally scaled from 2 cm to 70 cm. While this is 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.

4.4 Application to the AMSR-E/2 Snow Depth Retrieval

The uncertainty for potential snow depth retrievals derived in this study can be used to
improve the first uncertainty assessment of the new developed snow depth retrieval (see
Chapter 3). To estimate the uncertainty of the new retrieval based on the Monte-Carlo model,
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the variability in the brightness temperatures derived in this study are applied to the satellite
and OIB snow depth datasets used in Chapter 3. It is important to note that the relation
between GR and snow depth (i.e., slope and intercept of the regression results) are different
in the simulations and satellite observations. The sensitivity of the modelled brightness
temperatures to snow depth is higher than the sensitivity of the satellite observed brightness
temperatures to OIB snow depth. Therefore, the uncertainty estimated from the Monte-Carlo
model might be too low.
Figure 4.11 shows the uncertainty of the snow depth retrieval over FYI derived from the
Monte-Carlo model for a GR(19/7) based retrieval (left) and a combined GR retrieval (right)
based on equation 4.4, i.e. using the GR(19/7) and GR(37/19) regression coefficients derived
in chapter 3 and the weighting functions derived in section 4.3. Overall, the uncertainty
derived from the Monte-Carlo model ranges from 4.2 cm at 12 cm snow depth to 8.5 cm at
40 cm snow depth and is higher than the uncertainty based on the Gaussian Error Propagation
described in Chapter 3. Especially for low snow depth, the Monte-Carlo model gives
more reasonable results, since the uncertainty does not drop to zero for shallow snow. The
uncertainty of the combined snow depth retrieval is slightly lower than the uncertainty of the
GR(19/7) based snow depth retrieval (Figure 4.11, right).

Figure 4.11: Uncertainty of the snow depth retrieval derived in Chapter 3 (left) and for a
combined GR(19/7) and GR(37/19) snow depth retrieval (right) over FYI using the Monte-
Carlo uncertainty model. The solid line represents a polynomial fit to the data.

Figure 4.12 shows the same as 4.11 but for MYI. Here, the uncertainty ranges from 5 cm at
25 cm snow depth to 10 cm at 50 cm snow depth. For low snow depths, the Monte-Carlo
derived uncertainty is higher than the uncertainty based on the Gaussian Error Propagation,
while for high snow depths, both methods give similar uncertainties.
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Figure 4.12: Same as Figure 4.11 but for MYI.

4.5 Conclusions

In this Chapter, the influences of the atmosphere, clouds, snow- and ice properties on the GR
are estimated based on model simulations using the microwave emission model of layered
snowpack (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).
The (cloud free) atmosphere has only little influence on both GR, 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 metamorphism introduced by warm air advection, an uncertainty
in the GR(19/7) of about 20% due to different snow types was found. For GR(37/19) the
influence of clouds (24%) and snow metamorphism (29%) are of similar range. 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 satellite observations. This
potentially is due to the simplified description of microwave scattering in sea ice implemented
in MEMLS. The influence of the ice roughness on the GR is not investigated here.
It was evaluated how the uncertainties in GR derived here, influence the performance 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 simulation (only for FYI), all NRMSD increase. The NRMSD
of GR(37/19) increases 19% and of GR(19/7) to 11%. These results show the importance
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of adding additional information to 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 temperatures observed by satellite is already applied in e.g.,
passive microwave sea ice concentration retrievals (e.g., Lu et al., 2018), adding information
about the snowtype remains difficult since measurements are sparse and thermodynamic
snow evolution modelling is challenging. In the ongoing MOSAiC campaign, an extensive
dataset of year round snow and ice properties will be collected. This dataset might help to
improve the understanding of snow processes relevant for microwave scattering and helps to
reduce uncertainties in passive microwave based snow depth on Arctic sea ice retrievals.
Using the results of the Monte-Carlo uncertainty model, a new uncertainties estimation
is derived for the empirical AMSR-E/2 snow depth retrieval developed in Chapter 3. For
shallow snow, the newly derived uncertainties give more realistic values compared to the
uncertainties derived in chapter 3, which were almost zero for snow depths around 10 cm.
The variability of the brightness temperatures due to the influence of geophysical parameters
found in this study is 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 e.g., sea ice concentration
retrievals like the NASA-Team (Markus and Cavalieri, 2000) or the ASI algorithm (Spreen
et al., 2008).





Chapter 5

Evaluation and Inter-comparison of
Existing Snow Depth on Arctic Sea Ice
Retrievals

In this chapter, the newly derived snow depth on Arctic sea ice retrieval is evaluated in more
detail and inter-compared with three other passive microwave snow depth retrievals. The
chapter is organised as follows: In section 5.1, three different snow depth retrievals, which
are used for the inter-comparison, are introduced. In section 5.2, the snow depth retrievals are
evaluated with in-situ snow depth measurements from various campaigns. Then, the seasonal
evolution of the different retrievals is analysed in section 5.3 and compared to SNOWPACK
simulations in section 5.4. The chapter closes with a discussion (section 5.5) and a summary
(section 5.6).

5.1 Satellite Retrievals

In addition to the snow depth retrieval derived in chapter 3 (PR retrieval hereafter), three
other snow depth retrievals are evaluated and inter-compared. All retrievals are based on
passive microwave satellite observations, but are using different empirical models or training
datasets. Except for one retrieval, no datasets to download exists and thus the snow depth
was manually calculated using the empirical retrieval models described in the respective
publications.
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Marcus and Cavalieri Retrieval

Markus and Cavalieri (1998) were the first to develop a snow depth retrieval using passive
microwave satellite observations (MC retrieval hereafter). The authors compared ship-borne
snow depth observations from the ASPeCT protocol (Markus and Cavalieri, 1998) to passive
microwave observations the DMSP SSM/I sensor (Defense Meteorological Satellite Program,
Special Sensor Microwave/Imager; Meier et al., 2019). Using a linear regression model, they
found that the gradient ratio GR(37/19) (see equation 3.1) of vertical polarised brightness
temperatures has the highest correlation to the ASPeCT snow depth observations. The
regression coefficients were adapted to the AMSR-E sensor by Comiso et al. (2003), which
was necessary due to differences in the incident angles (53◦ vs. 55◦) and frequencies (e.g.,
19.35 vs. 18.7 GHz and 37 GHz vs 36.5 GHz) of the SSM/I and AMSR-E sensors. The snow
depth is retrieved based on:

Sd(cm) = 2.9−782∗GR(37/19) (5.1)

In the Arctic, the product is only available for FYI. The uncertainty of this product is set to
5 cm and studies have shown that the retrieval performs well over smooth FYI (Cavalieri et al.,
2014) but tends to underestimates snow depth over rough ice (Stroeve et al., 2006; Worby
et al., 2008). The retrieval was applied on an operational basis only until 2011 (Comiso et al.,
2003). The spatial resolution of the retrieval is 12.5 km x 12.5 km.

Neural-Network Retrieval

A neural network-based snow depth retrieval (NN retrieval hereafter) was developed by
Braakmann-Folgmann and Donlon (2019). The retrieval uses AMSR2 brightness temperature
observations which were fitted to OIB snow depth measurements using a neural network
model. The model inputs are GR(19/7), GR(37/19) and PR(37) (see equation 3.2). The model
is available under https://zenodo.org/badge/latestdoi/170323330 (accessed: 10 November
2019). The authors did not distinguish between FYI and MYI and thus, the retrieval is
applied independent of the ice type. Since the model is only trained for AMSR2 observations,
the AMSR-E observations are inter-calibrated to AMSR2 based on Du et al. (2014). For this
snow depth retrieval, no uncertainties are provided. The spatial resolution of the retrieval is
25 km x 25 km.

https://zenodo.org/badge/latestdoi/170323330
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Multilinear Retrieval

A snow depth retrieval based on a multlinear regression model (ML retrieval hereafter) was
developed by Kilic et al. (2019). The retrieval is trained with OIB and buoy snow depth
observations. Equation 5.2 shows the retrieval equation as published in Kilic et al. (2019) but
converted to cm. The retrieval uses vertically polarised brightness temperature observations
at 6.9 GHz (Tb7), 18.7 GHz (Tb19) and 36.5 GHz (Tb37).

Sd(cm) = 177.01+1.75∗T b7 −2.80∗T b19 +0.41∗T bV 37 (5.2)

Similarly to the NN product, the retrieval is applied independently of the ice type. No
uncertainty estimation for this retrieval is given. The spatial resolution of the retrieval is
25 km x 25 km

5.2 Evaluation with In-situ Data

In this section, the four snow depth retrievals are evaluated with in-situ measurements.
Measurements of snow on Arctic sea ice that cover a large enough fraction of a satellite
pixel (here used: 25 km x 25 km) are rare. In the following evaluation, data from eight
different campaigns are used which cover a fraction of at least 10% within a satellite pixel.
The different campaigns are briefly introduced below.

SUMup Dataset

The SUMup (Surface Mass Balance and Snow on Sea Ice Working Group) dataset is a
collection of Arctic sea ice and snow related datasets from different (partially unpublished)
measurement campaigns. The data are quality controlled and provided in a fixed format (see
https://arcticdata.io/catalog/view/doi:10.18739/A2WS8HK6X, accessed 16 January 2020).
From the dataset, unpublished field observations in the central Arctic from March and April
2017 are used, which were taken during the INTPART Arctic Field Summer School (Turner
et al., 2017). Overall, measurements over two FYI and two MYI pixels can be used from
this campaign (blue asterisk in the Central Arctic and in the Beaufort Sea in Figure 5.1).
Measurements covering the same satellite pixel were collected over several days. Since
the satellite retrieved snow depth did not change over these days, the measurements were
combined to improve the fractional coverage of the satellite pixel.

https://arcticdata.io/catalog/view/doi:10.18739/A2WS8HK6X
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AMSRIce03 Campaign

The AMSRIce03 was a joint aircraft and in-situ measurement campaign which took place
in March 2003 (Cavalieri et al., 2003) with the aim to evaluate the AMSR-E sea ice related
products including snow depth on sea ice. Snow depth measurements were collected near
Barrows (purple asterisk in Figure 5.1) and cover one satellite pixel over FYI. The data was
downloaded from the National Snow and Ice Data Center (Sturm and Stroeve, 2009).

AMSRIce06 Campaign

Similar to AMSRIce03, the AMSRIce06 campaign took place in March 2006 with the
perspective to evaluate the AMSR-E sea ice related products. In-situ and aircraft snow- and
ice measurements were taken over a one week period in the Chukchi and Beaufort Seas (see
https://polynya.gsfc.nasa.gov/seaice_arctic2006.html, accessed 16 January 2020). From this
campaign, only the mean and standard deviation of the measurements are published. The
measurements cover one satellite pixel (purple asterisk in Figure 5.1, same location as for
the AMSRICe03 campaign).

CryoVex11 Campaign

The CryoVex11 campaign took place in mid April 2011 (see https://earth.esa.int/c/document_
library/get_file?folderId=87248&name=DLFE-1870.pdf; accessed 02 March 2020). The aim
of this campaign was to study the Arctic snow and ice characteristics and to analyse their
effects on Ku-band radar observations. The basecamp of the campaign was situated in Alert,
Greenland and snow depth measurements were taken with a ruler stick at two locations on
MYI north of the Canadian Archipelago (red asterisk in Figure 5.1). The dataset is part of a
large in-situ data collection published by Holt (2019).

GreenArc Campaign

The GreenArc campaign was carried out on 25 April 2009 on deformed FYI and MYI north of
Greenland (dark green asterisk in Figure 5.1; Farrell et al., 2012). Snow depth measurements
were taken along 2 km long transects. The measurements were used to evaluate OIB snow
depth and ice thickness measurements. Similar to the CryoVex11 campaign, the dataset was
downloaded from the data collection published by Holt (2019).

https://polynya.gsfc.nasa.gov/seaice_arctic2006.html
https://earth.esa.int/c/document_library/get_file?folderId=87248&name=DLFE-1870.pdf
https://earth.esa.int/c/document_library/get_file?folderId=87248&name=DLFE-1870.pdf
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SEDNA Campaign

The SEDNA campaign took place in March and April 2007 in the Beaufort ice camp north
of Alaska (light green asterisk in Figure 5.1; http://psc.apl.washington.edu/sea_ice_cdr/
documentation/airborne_em/SEDNAfieldReport.pdf, accessed 24 February 2020). The aim
of this campaign was to assess the dynamic nature of Arctic sea ice. Extensive snow depth
measurements were taken over mainly FYI at 05 April 2007. Similar to the CryoVex11
campaign, the dataset was downloaded from the data collection published by Holt (2019).

N-ICE2015 Campaign

The N-ICE2015 campaign took place from January to June 2015 in the Atlantic sector of
the Arctic Ocean. The campaign is described in detail in chapter 4.1.1. From the campaign,
Magnaprobe snow depth measurements are available (Rösel et al., 2016), covering one
satellite pixel over FYI and one satellite pixel over SYI. The measurements used here were
collected over several days in March (FYI) and April (SYI). Since the satellite retrieved snow
depth did not change during these days, the measurements are summarised into one pixel
for FYI and one for SYI in order to improve their representativeness (pink asterisk in Figure
5.1). Measurements were also collected in January and February but due to the high amount
of SYI in this area, the PR retrieval is not available (snow depth over MYI is only retrieved
in March and April) and thus the measurements are not used in the evaluation.

Results

Figure 5.2 shows the histograms of snow depth measurements obtained from the SUMup
dataset for two different satellite pixels over FYI in the Beaufort Sea (left) and in the Central
Arctic Ocean (right). In addition, the mean (red dashed line) and median (blue dashed line)
of the measurements and the snow depths from the different satellite retrievals are shown.
The errorbar for the PR retrieval is the uncertainty derived in chapter 4.
For the measurements in the Beaufort Sea (Figure 5.2, left) the NSIDC retrieval is closest to

the mean of the measurements (17 cm) with a difference of around −2.3 cm. The PR retrieval
performs second best with a difference of 3.4 cm, which is within its uncertainty estimation.
The difference between the NN retrieval and the mean of the measurements is around 5 cm.
The ML retrieval underestimates the measured snow depth by around 10 cm. For the FYI
pixel in the Central Arctic (Figure 5.2, right), all retrievals perform worse. All retrievals are
closer to the median than mean snow depth. The PR and the NN retrieval both underestimate
the mean snow depth (27 cm) by around 8 cm and the ML retrieval is even 12 cm too low.

http://psc.apl.washington.edu/sea_ice_cdr/documentation/airborne_em/SEDNAfieldReport.pdf
http://psc.apl.washington.edu/sea_ice_cdr/documentation/airborne_em/SEDNAfieldReport.pdf
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Figure 5.1: Location of the campaign data (asterisk) used for the evaluation of the snow
depth retrieval. In addition, the locations of the three SNOWPACK simulations are shown
(diamonds).

The NSIDC retrieval is not available due to a too high MYI concentration (= 42%).
Over MYI (Figure 5.3, left) the PR and NN retrieval are within 2 cm of the measurements and
the ML retrieval is 3.4 cm lower than the mean of the measurements (29 cm). For the pixel in
the central Arctic (Figure 5.3, right), the ML retrieval performs best with an underestimation
of around 5 cm. The PR and NN retrieval are about 10 cm lower than the mean of the
measured snow depth (39 cm).

Figure 5.2: Histogram of measured snow depth over FYI from the SUMup dataset in the
Beaufort Sea (left) and Central Arctic (right). In addition, the mean and median of the
measured snow depth and the snow depths retrieved from different satellite retrievals are
shown.
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Figure 5.3: Same as Figure 5.2 but for two satellite pixels over MYI.

Figure 5.4 (left) shows the measurements obtained during the AMSRIce03 campaign over
FYI. The distribution of the measurements shows two peaks around 6 cm and 30 cm. In
this campaign, measurements were taken at three different sites with slightly different ice
conditions (shallow ice, smooth ice, rough ice). Shallow snow was present on the shallow
and smooth ice while deep snow (peak at 30 cm) was found on rough ice. This shows how
variable the snow depth conditions can be within one satellite pixel and that a representative
sampling is needed to avoid biases in the data. Here, all retrievals overestimate the mean
snow depth (15 cm). The PR and ML retrievals overestimate the mean by around 4 cm and
the NN and NSIDC retrievals by around 5 cm and 6 cm, respectively.
Figure 5.4 (right) shows the distribution of the snow depth derived from the measurements of
the AMSRIce06 campaign. For this campaign, only the mean and standard deviations of the
snow depth measurements are provided and therefore, the distribution had to be estimated.
Here, due to the lack of better options, a normal distribution was assumed even though this
might not reflect the true snow depth distribution in this region. All retrievals overestimate
the measured snow depth. The PR and ML retrieval perform best with a difference to the
mean measured snow depth of around 5 cm. The NSIDC and NN retrieval overestimate the
mean snow depth by 8 cm.
Figure 5.5 shows the measurements obtained during the CryoVex11 campaign for two
different pixels over MYI (left and right). Overall, only around 100 measurements within
the pixels are available covering a transect of roughly 500 m length. Therefore, the mean of
the measurements might not represent the mean snow depth of the whole satellite pixel. For
both pixels, the ML retrieval is closest to the measurements with a difference to the mean of
6 cm in pixel one (Figure 5.5, left) and −2 cm in pixel two (Figure 5.5, right). Both, the PR
and NN retrievals underestimate the measured snow depth in both pixels. In case of the PR
retrieval, the underestimation is around 10 cm in both pixels.
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Figure 5.4: Left: same as Figure 5.2 but for the AMSRIce03 campaign. Right: Normal
distribution of the snow depth measured during the AMSRIce03 campaign. In addition, the
snow depths from different satellite retrievals are shown.

Figure 5.5: Same as Figure 5.2 but for the snow depth measurements from the CryoVex11
campaign over two MYI pixels.

Figure 5.6 shows the measurements obtained during the GreenArc campaign over MYI (left)
and SEDNA campaign over FYI (right). For both campaigns, the PR retrieval matches the
mean of the measurements within 1 cm while the NN and ML retrievals overestimate the
snow depth measured during the GreenArc campaign and underestimate the snow depth
measured during the SEDNA campaign.
Figure 5.7 shows the histogram of the snow depth obtained during the N-ICE2015 campaign
over FYI (left) and SYI (right). All satellite retrievals underestimate the mean of the snow
depth measurements over both FYI (49 cm) and SYI (43 cm) by at least 20 cm. The PR
retrieval performs best with an underestimation of the N-ICE2015 snow depth by about
25 cm over FYI and 20 cm over SYI.
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Figure 5.6: Same as Figure 5.2 but for the snow depth measurements from the GreenArc
campaign over MYI (left) and SEDNA campaign over FYI (right).

Figure 5.7: Same as Figure 5.2 but for the snow depth measurements from the N-ICE2015
campaign over FYI (left) and SYI (right).

Different to the data analysed before, the snow depth distributions measured during the
N-ICE2015 campaign have only a small peak at low snow depths over FYI (Figure 5.7, left)
and no peak at low snow depths over SYI (Figure 5.7, right). There are two main differences
between the measurements taken during the N-ICE2015 campaign and the other campaigns:
(i) With respect to the snow depth retrievals analysed here, it is interesting to note that the
ground truth data used for the training of the PR, NN and ML retrievals (OIB snow depth
observations) does not cover the region where the N-ICE2015 campaign took place. The
data from the campaigns analysed before are in regions which are also covered by OIB
campaigns.
(ii) A very deep snowpack was reported during the N-ICE2015 campaign. In all other
campaigns, the mean snow depth is around 20 cm lower than the mean snow depth found
during the N-ICE2015 campaign. Caused by the high snow load, large-scale flooding was
observed during the campaign (Provost et al., 2017), which lead to a layer of slushy, salty
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snow at the bottom of the spring snowpack.
Due to the capillary force, salt gets soaked into the snowpack. In the microwave regime, salty
snow is almost opaque and therefore strongly influences passive microwave satellite retrievals,
i.e., it leads to an underestimation of the snow depth. Unfortunately, no salinity in snow
measurements were obtained during the N-ICE2015 campaign. Figure 5.8 shows the result
of a MEMLS simulation for an average snowpack ranging from 10 cm to 70 cm and three
different salinity profiles in the lowest 15 cm of the snow based on the findings from Nandan
et al. (2017). The salinity profiles used here are based on Figure 1 in Nandan et al. (2017).
The results show that even for the mean salinity profile, the lowest 13 cm of the snowpack
are not visible in GR(19/7). For example, at 50 cm, the GR of the snowpack assuming a
mean salinity profile is as low as the GR of the snowpack assuming no salinity at 37 cm. This
means, in the case of the mean salinity profile, the snow depth is underestimated by 13 cm.
Therefore, flooding may (partly) explain the large differences between the measured snow
depth and the retrieved snow depth. However, this could not be verified since no salinity
measurements were taken during the N-ICE2015 campaign. Another reason for the large
underestimation could be that the empirical retrievals used here were not well trained for
deep snow over FYI. For example, in the training dataset which was used to develop the PR
retrieval, less than 5% of all datapoints over FYI contain snow depths larger than 35 cm.
Table 5.1 summarises the results of the evaluation study. Here the mean difference to the
measurements (= bias) and the RMSE (cm) are shown. In absences of a better solution,
the data from all campaigns are weighted equally, although it could be argued that some of
them might not be as representative as others due to a different spatial sampling within the
satellite pixel. On Average, all retrievals underestimate the measurements. Except for the ML
retrieval, the underestimation is larger for MYI than for FYI. Since overall only 12 datapoints
are available for the analysis, the N-ICE2015 measurements have a large influence on the
results. Excluding the N-ICE2015 measurements (values in brackets), the performance of all
retrievals improves.
Over FYI, the PR retrieval has the lowest bias −5.9 cm to the measured data and the bias
is almost zero when excluding the N-ICE2015 observations. Over MYI, the ML retrieval
has the lowest bias in both cases, including the N-ICE2015 observations (bias of −3.4 cm)
and excluding them (bias of 2.0 cm). Overall the PR retrieval has with 14.5 cm (4.9 cm) the
lowest RMSE over FYI while over MYI, the ML retrieval performs best (RMSE = 13.3 cm).
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Figure 5.8: Simulated GR(19/7) for a snowpack with different salinity profiles in the lowest
15 cm of the snowpack.

The results found here can be used to evaluate the uncertainty of the PR retrieval estimated in
chapter 4. The average uncertainty of the PR retrieval is around 5 cm for FYI (see Figure 4.11;
average retrieved snow depth for the evaluated FYI pixels is 19.9 cm) and 6.5 cm for MYI
(see Figure 4.12; average retrieved snow depth for the evaluated MYI pixels is 32 cm). This
indicates that the uncertainty estimation over FYI is large enough (except for the N-ICE2015
observations) while over MYI, the estimated uncertainty might be too low.

Table 5.1: Evaluation of the different snow depth retrievals against in-situ measurements.
Shown are the mean difference and RMSE for all data, FYI and MYI. The values in brackets
show the results excluding the N-ICE2015 observations.

Difference (cm) RMSE (cm)
All FYI MYI All FYI MYI

PR −7.4 (−3.5) −5.9 (−0.3) −8.9 (−6.7) 12.9 (6.7) 14.5 (4.9) 11.1 (8.1)
MC – −7.1 (−0.3) – – 16.9 (8.3) –
NN −9.4 (−4.8) −9.0 (−3.9) −9.9 (−5.8) 16.5 (10.8) 15.6 (7.4) 17.0 (12.7)
ML −7.5 (−1.9) −11.5 (−5.7) −3.4 (2.0) 15.9 (6.8) 17.8 (7.2) 13.3 (5.1)
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5.3 Seasonal Cycle

Almost no large scale snow depth measurements exist from early and mid-winter. To evaluate
the seasonal evolution of the new retrieval, an inter-comparison study between the four snow
depth retrievals described above is carried out.
In addition to the snow depth retrievals described above, a different version of the PR retrieval
is added (PR_mix). This version uses the combined GR(19/7) and GR(37/19) retrieval as
suggested in chapter 4. The PR_mix retrieval is only applied over FYI. A 5-day running
mean is applied to the retrieved snow depth to reduce day-to-day fluctuations.
Since the training data for most of the retrievals is limited to the Central Arctic and Beaufort
Sea, it is important to evaluate their performance in different Arctic regions which may have
very different snow and ice conditions. For the following study, the Arctic is split in six
regions as shown in Figure 5.9. The regions are chosen such that they cover different Arctic
meteorological and snow- and ice conditions. The division is based on the Arctic regions
which Castro-Morales et al. (2017b) used in their study but slightly simplified and adapted to
the main ice types (FYI and MYI) in the Arctic.
Region 1 (red) covers the Kara and Barents Seas where only FYI exist. Region 2 (yellow)
covers the Laptev Sea and the East Siberian Sea. Also in this area, predominantly FYI exists
but MYI may drift into the region through the Beaufort Gyre. In region 3 (green), which
mainly covers the Beaufort Sea, high sea-ice drift is common and a mixture of FYI and
MYI is expected. Region 4 (light blue) covers the Atlantic sector of the Arctic, a region
where heavy snowfall occurs and flooding is more likely as observed during the N-ICE2015
campaign (Provost et al., 2017). Region 5 (pink) covers the Labrador Sea and the Baffin
Bay and finally, region 6 (blue) covers the MYI region in the Central Arctic. The snow
depth is averaged over the whole region of interest. Here the winter seasons 2005/2006 and
2018/2019 are discussed exemplary.

Barents and Kara Seas

Figure 5.10 shows the seasonal evolution of the snow depth retrieved in the winter season
2005/2006 (left) and 2018/2019 (right) in the Barents and Kara Seas (red area in Figure
5.9). In both years, the different snow depth retrievals show a similar pattern. At the start
of the season, the MC and ML retrieval have the lowest snow depth (3 cm and 7 cm; season
18/19). Both the PR and the PR_mix retrieval start around 9 cm while the NN retrieval has a
snow depth of around 20 cm, which is very high for beginning of November in the Kara and
Barents Seas where freezing just started.
During the season both the PR and the MC algorithm show an increase in retrieved snow
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depth. The increase is slightly stronger in the PR_mix retrieval than in the PR retrieval. The
MC retrieval shows a even stronger increase in snow depth in both seasons, especially during
mid winter.

Figure 5.9: Six different regions of the sea ice covered Arctic.

At the start of the winter, the PR and MC retrievals show a high variability in their
retrieved snow depth, which might be due to sea ice drift or a high temperature variability
(this will be discussed in more detail in section 5.4). During mid-winter and spring, the
day-to-day variability of the PR and MC retrievals decreases. In contrast, the NN retrievals
shows a very high day-to-day variability throughout the whole season. Overall, the snow
depth of the NN retrieval decreases until mid-winter and then stays on a similar level until
the end of the season. The ML retrieval shows no increase in snow depth for both seasons.
At the end of March 2019, a strong increase in snow depth is found in all retrievals. This
can be related to a strong snowfall event which is visible in the ERA5 reanalysis snowfall
product in the Kara Sea. The MC retrieval shows the strongest response with an increase
in snow depth of around 5 cm. The PR, NN and ML retrievals show an increase in snow
depth of around 3 cm. Even tough the retrieved snow depths are different throughout the
season, by April, the PR_mix, PR, MC and NN retrievals agree within 5 cm which is within
the uncertainty of the MC and PR retrievals. However, the NN retrieval does not show any
increase in snow depth throughout the season.
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Laptev Sea

Figure 5.11 shows the seasonal evolution of the snow depth retrieved in the winter season
2005/2006 (left) and 2018/2019 (right) in the Laptev Sea (yellow area in Figure 5.9). Except
for the ML retrieval, all other retrievals show a low day-to-day variability in their retrieved
snow depth.

Figure 5.10: Seasonal evolution of the snow depth from five different satellite retrievals in
the Barents and Kara Seas for the winter season 2005/2006 (left) and 2018/2019 (right). The
covered area is shown in Figure 5.9 (red area). A 5-day running mean is applied to all data.

In 2018/2019, the PR, PR_mix and MC retrievals show an increase in snow depth until
February and then the retrieved snow depth remains almost constant. In 2005/2006, the MC
retrieval shows a strong increase in snow depth until January 2006, and then a strong drop in
snow depth of around 6 cm. This is not visible in the other retrievals. Since the MC retrieval
is not trained over MYI, this might be due to the influence of MYI drifting into the area. At
the end of the season, all retrievals, except the ML retrieval, agree within 5 cm. Similar to
the Barents and Kara seas, The PR_mix retrieval is slightly higher than the PR retrieval. This
could be due to the inclusion of the 37 GHz observations in the PR_mix retrieval which has a
higher sensitivity to snow depth than the 19 GHz observations used in the PR retrieval (see
chapter 4). The difference is, however, below the uncertainty of the PR retrieval. Again,
the NN and ML retrievals do not show the expected increase in snow depth throughout the
winter.
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Figure 5.11: Same as Figure 5.10 but for the Laptev Sea (yellow area in Figure 5.9).

Beaufort Sea

Figure 5.12 shows the seasonal evolution of the retrieved snow depth for the winter season
2005/2006 (left) and 2018/2019 (right) in the Beaufort Sea (green area in Figure 5.9). The
behaviour of the individual retrievals is similar to the other areas discussed until now. The
NN retrieval starts with a high snow depth which is then decreasing until mid-winter. The
MC retrieval starts with the lowest snow depth. Overall, the variability in the retrieved snow
depth is very high for all retrievals which is likely due to sea-ice drift. Often MYI with a high
snow load is drifting into the Beaufort Sea, which is e.g., visible in February 2006 where all
snow depth retrievals show a strong, sudden increase in snow depth.

Atlantic Sector

Figure 5.13 shows the seasonal evolution of the snow depth retrieved in the winter season
2005/2006 (left) and 2018/2019 (right) in the Atlantic Sector of the Arctic (light blue area in
Figure 5.9). Similar to the Beaufort Sea, sea-ice drift might lead to a high variability in the
retrieved snow depths in all retrievals. Especially the MC retrieval shows a strong day-to-day
variability during season 2018/2019.
Different to the other sectors, in the Atlantic sector of the Arctic, the ML retrieval agrees
with the PR and NN retrievals in spring. The MC retrieval strongly differs in both seasons,
especially in late winter and spring. Similar to the Beaufort Sea, MYI may drift into the
Atlantic sector of the Arctic which could explain the differences in the MC product.
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Figure 5.12: Same as Figure 5.10 but for the Beaufort Sea (green area in Figure 5.9).

Figure 5.13: Same as Figure 5.10 but for the Atlantic Sector (light blue area in Figure 5.9).

Labrador Sea

Figure 5.14 shows the seasonal evolution of the snow depth retrieved in the winter season
2008/2009 (left) and 2018/2019 (right) in the Labrador Sea and Hudson Bay (pink area in
Figure 5.9). Here, season 2008/2009 is shown instead of season 2005/2006 since freezing
started late in the 2005. All retrievals show high variability in the retrieved snow depth at
the beginning of the freezing season until mid-winter. During season 2008/2009, a sharp
increase in snow depth is visible in the MC and PR retrievals while the NN and ML retrieval
show no signal. The strong snowfall event in April 2019 is captured by all retrievals.

Central Arctic

Figure 5.15 shows the seasonal evolution of the snow depth retrieved in the winter season
2005/2006 (left) and 2018/2019 (right) in the Central Arctic (blue area in Figure 5.9). In
this area, mainly MYI is present and therefore, only the NN and ML retrieval are applied
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for the whole season. The PR retrieval is limited to March and April. Both, the NN and
ML retrieval show no increase of snow depth during the whole season and the ML algo-
rithm retrieves almost 30 cm deeper snow than the NN retrieval. In March and April, the PR
and NN retrieval agree within 5 cm in season 2005/2006 and within 8 cm in season 2018/2019.

Figure 5.14: Same as Figure 5.10 but for the Labrador Sea (pink area in Figure 5.9).

Figure 5.15: Same as Figure 5.10 but for the Arctic Ocean (blue area in Figure 5.9).

Summary

The results presented above revealed large differences between the single products, especially
in early winter. This indicates the need of further evaluation, especially in early and mid-
winter. In March and April, however, most of the retrievals are in good agreement. Also
the MC retrieval, which was trained with Antarctic snow depth observations shows, in most
sectors of the Arctic, similar snow depth in March and April. This confirms the results found
in the evaluation section (section 5.2) that the retrievals perform well in March and April
in most sectors of the Arctic. Snow depth is expected, with some variability, to increase
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monotonically throughout the winter season. Thus questionable results are obtained from the
ML retrieval which remains low during the whole season and shows almost no increase in
snow depth. Also the NN algorithm retrieves unreasonably high snow depths at the beginning
of the winter.

5.4 Sensitivity to Snow Evolution

The analysis carried out above revealed the need to further evaluate the seasonal cycle of the
PR retrieval. Other than in-situ measurements, reanalysis-based snowfall products provide
an option to derive daily and large scale information about snow depth on Arctic sea ice. It is,
however, not possible to directly compare snowfall and snow depth since the transformation
processes are hardly known and models using snowfall rely on empirical parametrisations
(e.g., Petty et al., 2018).
Different reanalysis products have large differences in the amount of snowfall they produce
due to different parametrisation schemes for snow and liquid water precipitation (Boisvert
et al., 2018). However, good agreement is found in the temporal and spatial patterns of
strong snowfall events (e.g., Boisvert et al., 2018). Therefore, it can be useful to compare
the sensitivity of the snow depth retrieval to snowfall events and to analyse if the sensitivity
changes in the course of the season. This is very important since the PR retrieval was only
trained and evaluated with spring snow depths.
In this section, simulations with the SNOWPACK model (see chapter 4) are performed for
the 2018/2019 winter season. SNOWPACK is a 1-d model and due to its advanced snow
microphysics, simulations are cost-expensive and can not be carried out for the whole sea-ice
covered Arctic. Therefore, first the ERA5 reanalysis snowfall product (Hersbach and Dee,
2016) is analysed to find areas in the Arctic where large snowfall events happened. These
should be, in the best case, distributed over the whole winter season.
Figure 5.16 shows the integrated snow water equivalent (SWE) over the sea ice covered
Arctic from ERA5 reanalysis data from November 2018 to April 2019. Integrated SWE
values up to 300 mm are found around the coastal areas in the Arctic Ocean, whereas in
the MYI region, integrated SWE values rarely exceed 100 mm. To reduce errors due to
uncertainties in sea-ice drift products, regions with low sea-ice drift are selected. Furthermore
it is important that the trajectory of the considered area reaches back until the beginning of
the freezing season. Based on these criteria, SNOWPACK simulations are carried out in
three different areas (100 km x 100 km averages are used) in the Barents Sea (blue diamond
in Figure 5.1), the Labrador Sea (red diamond in Figure 5.1) and north of the Canadian
Archipelago (green diamond in Figure 5.1).
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Figure 5.16: Integrated snowfall (SWE) from ERA5 reanalysis for the sea ice covered Arctic
from 01 November 2018 to 30 April 2019.

Note that in Figure 5.1, the locations at the end of the season (30 April) are shown. For all
three simulations, sea-ice drift backtracking trajectories are computed using the OSI-SAF
sea-ice drift dataset (Lavergne et al., 2010) by starting on 30 April and then re-tracking the
movement of the selected area back to 01 November. For the selected areas in the Labrador
Sea and Barents Sea, the absolute shift in position was less than 5 pixels. For the area north
of the Canadian Archipelago, the absolute shift in position was around 15 pixels. The main
focus will be on evaluating the PR retrieval including a short comparison with the other
retrievals.

Barents Sea

To initialise the model, parameters like the initial sea-ice thickness, the ocean heat flux and
the initial snowpack have to be estimated. Selected initialisation values for the simulation in
the Barents Sea are shown in Table 5.2. The whole initialisation file can be found in Appendix
C (see Table C.1). As a first guess, the snow depth from the PR retrieval at 01 November 2018
was used (= 7 cm). The initialisation snowpack consists of two layers, a layer of fresh snow
at the top (3 cm depth) and a depth hoar layer at the bottom (4 cm). For the sea ice, a typical
FYI is assumed with a C-shaped salinity profile. The initial ice thickness (30 cm) was chosen
based on the thin ice thickness product from https://seaice.uni-bremen.de/thin-ice-thickness/
(Huntemann et al., 2014). The sea ice was initialised with a solid ice fraction of 95% and a
void fraction of 5%. All the assumptions made for the initialisation lead to large uncertainties
in the temporal evolution of the sea ice thickness. However, in this study, the main focus is

https://seaice.uni-bremen.de/thin-ice-thickness/
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on evaluating the sensitivity of the PR retrieval to snowfall under different meteorological
and snowpack conditions.
Figure 5.17 shows the timeseries of the snow grain type and snow depth from the SNOW-
PACK simulation. The black line is the snow depth retrieved from the PR retrieval. To
improve the readability, the Figure is cut and does not show the bottom part of the sea ice.
Overall, the sea ice grows from 30 cm to 130 cm during the season. Note that in figure 5.17
(and in all subsequent figures) the ice freeboard rises during the season. The height scale one
the y-axis refers to the sum of the ice freeboard and snow depth. Thus the freeboard has to
be subtracted from the height scale in order to obtain the snow depth.
The simulated snow depth is higher than the retrieved snow depth. This is an expected result
since the SNOWPACK model does not consider the loss of snow due to wind redistribution,
e.g., to ridges, or drift into open water. Similar results were found in simulations on Antarctic
sea ice (Wever et al., 2019) where the authors compared the simulated snow depth to buoy
measurements. The snow grain type remains predominantly fragmented snow (note that for
most of the time, SNOWPACK gives wind slab as secondary snow type) with a layer of depth
hoar in the middle of the snowpack. Below the layer of depth hoar, a melt-refreeze layer
forms during the snowfall event around 20 November. Only at the end of March, a snowfall
event under warm conditions (see Figure 5.18, left) leads to a layer of rounded grains at the
top of the snowpack. At the bottom of the snowpack a melt-refreeze layer forms around 10
December just after a larger snowfall event. This indicates that SNOWPACK simulates a
flooding event.
The snowfall event in March led to an increase of the retrieved snow depth by 6 cm. Rounded
grains are strong scatterer (e.g., Mätzler, 2002) and thus decrease the gradient ratio more
than other snow types. In contrast to the simulated snow depth, the retrieved snow depth is
not instantaneously increasing after a snowfall event but increases slowly over a few days.
This behaviour is expected since new fallen snow is a weak scatterer in the frequency range
used for the PR retrieval and thus the new snow first has to be compacted and transformed
into wind slab or fragmented snow until it is visible in the satellite observations.
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Table 5.2: Initialisation data for the SNOWPACK simulation at a grid point in the Barents
Sea. Shown are the layer thickness (L), temperature (T), ice volume fraction (I f rac), void
volume fraction (V f rac) and salinity (S) for the six ice layers (I1 - I6, bottom to top) and the
two snow layers (S1-S2, bottom to top). In addition, salinity and ocean heat flux (F) of the
underlying ocean (layer B) is shown.

L (m) T (K) I f rac V f rac S (ppt) F (W/m2)
B 34 3
I1 0.2 269.0 0.95 0.05 6
I2 0.02 267.0 0.95 0.05 5.4
I3 0.02 266.85 0.95 0.05 5.0
I4 0.02 266.0 0.95 0.05 4.0
I5 0.02 265.0 0.95 0.05 5.0
I6 0.02 264.0 0.95 0.05 6.0
S1 0.04 263.0 0.29 0.71 0.0
S2 0.03 263.0 0.34 0.64 0.0

Figure 5.18 shows the temporal evolution of the temperature (left) and grain size profiles
(right). The snow temperature in the Barents Sea is mostly well below 0◦C with a strong
negative temperature gradient (bottom to top). Only during some snowfall events, the
temperature at the top of the snowpack increases up to -5◦C and the temperature gradient
diminishes (e.g., at 20 November or 28 March). The grain size in the snow slightly increases
during the season (Figure 5.17, right) and a layer of larger grains in the middle o the snowpack
forms around November 20.

Figure 5.17: Grain type and snow depth of the simulated snowpack in the Barents Sea from
November 2018 to April 2019. The back line shows the retrieved snow depth from the PR
retrieval.
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Figure 5.18: Temperature (left) and grain size (right) of the simulated snow-seaice system
in the Barents Sea from November 2018 to April 2019.

Figures 5.19, 5.20 and 5.21 show the same as Figure 5.17 but with the snow depth
retrieved from the MC, NN and ML algorithms. The snow depth from the MC retrieval
(Figure 5.19) shows a similar seasonal evolution as the PR retrieval (Figure 5.17) at the
beginning of the winter season. Around end of January, the retrieved snow depth drops to
5 cm and then starts increasing from mid February until beginning of April. The response to
the snowfall event which led to a layer of rounded grains in March (March snowfall event
hereafter) is stronger in the MC product than in the PR product. This is expected since the
MC retrieval uses observations from the frequency channel at 36.5 GHz, which is more
sensitive to the snow type compared to the frequencies used in the PR retrieval (6.9 GHz and
18.7 GHz, see also Figure 2.6).
The NN product (Figure 5.20) retrieves high snow depth (≈ 20 cm) at the beginning of the
freezing season and then the snow depth decreases until 10 March 2019. For the March
snowfall event, an almost instantaneously increase in retrieved snow depth of around 18 cm
is visible.
The snow depth retrieved from the ML product (Figure 5.21) shows a high variability until
beginning of 2019. Overall the retrieved snow depth decreases from around 12 cm at 15
November to 0 cm at 10 March. Afterwards the snow depth slightly increases again. Different
to the other retrievals, the March snowfall has almost no influence on the retrieved snow
depth.
These results show that the NN and ML retrievals have problems reproducing a reasonable
seasonal cycle, even though the evaluation with in-situ measurements showed that both
retrievals perform reasonably well in spring.
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Figure 5.19: Same as Figure 5.17 but with the snow depth retrieved from the MC retrieval.

Figure 5.20: Same as Figure 5.17 but with the snow depth retrieved from the NN retrieval.

Figure 5.21: Same as Figure 5.17 but with the snow depth retrieved from the ML retrieval.
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Labrador Sea

Table 5.3 selected initialisation values for the SNOWPACK simulation in the Labrador Sea
(red diamond in Figure 5.1). Similar to the initialisation profile for the Barents Sea, the
initial snow- and ice parameters are chosen from the PR snow depth retrieval (=15 cm) and
Huntemann et al. (2014) sea ice thickness retrieval (=25 cm). The whole profile is given in
Appendix C (see Table C.2). For the Labrador Sea, the simulation starts at 01 December
since before December, no snow depth was retrieved around the area of interest due to a too
low sea ice concentration.

Table 5.3: Same as Table 5.2 but for the SNOWPACK simulation in the Labrador Sea.

L (m) T (K) I f rac V f rac S (ppt) F (W/m2)
B 34 3
I1 0.1 269.0 0.95 0.05 6
I2 0.02 267.0 0.95 0.05 5.4
I3 0.02 266.85 0.95 0.05 5.0
I4 0.04 266.0 0.95 0.05 4.0
I5 0.03 265.0 0.95 0.05 5.0
I6 0.04 264.0 0.95 0.05 6.0
S1 0.10 263.0 0.29 0.71 0.0
S2 0.05 261.0 0.34 0.64 0.0

Figure 5.22 shows the same as Figure 5.17 but for the Labrador Sea (red diamond in
Figure 5.1). Different to the Barents Sea, strong snow metamorphism is present at the
beginning of the winter season when snowfall events happened under warm conditions in mid
December (see Figure 5.23, left). After an initial drop in the retrieved snow depth, the PR
retrieval shows a strong response to the mid December snowfall event (snow depth increases
around 15 cm). Then, until March, only moderate snowfall events happened. SNOWPACK
simulates an increase in snow depth of 15 cm from mid December until end of February
while the PR retrieval shows an overall increase of 4 cm. During this timeperiod, several
drops in the retrieved snow depth are visible shortly before or after a snowfall event. At the
beginning of March, a strong snowfall event under warm condition results in strong snow
metamorphism. SNOWPACK simulates a thick melt-refreeze layer with a layer of rounded
grains on top. In addition, layers of liquid water form in the snowpack (see Figure 5.23, right).
The PR retrievals show a very sharp increase in snow depth of around 10 cm. Until beginning
of April, several warm snowfall events happen which leads to strong responses in the satellite
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retrieval. From April on, the air temperature reaching 0◦C and melting starts (see Figure 5.23).

Central Arctic

Table 5.4 shows the initial snow- and sea ice profile for the SNOWPACK simulation in the
Central Arctic (see green diamond in Figure 5.1). Here, the initial ice thickness (295 cm)
was estimated from the CryoSat-2 ice thickness retrieval (Ricker et al., 2014), since the
Huntemann et al. (2014) retrieval is only applied for ice thicknesses below 50 cm. For an
initial snow depth estimation, the Warren climatology (Warren et al., 1999) was used. A
typical MYI salinity profile was used with low salinity in the top layers of the ice.

Figure 5.22: Same as Figure 5.17 but for the Labrador Sea

Figure 5.23: Temperature (left) and liquid water content (right) of the simulated snow-seaice
system in the Labrador Sea from December 2018 to April 2019.
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Table 5.4: Same as Table 5.2 but for the SNOWPACK simulation in the Central Arctic.

L (m) T (K) I f rac V f rac S (ppt) F (W/m2)
B 34 3
I1 2.8 269.0 0.95 0.05 6
I2 0.02 265.0 0.95 0.05 2.4
I3 0.02 264.0 0.95 0.05 1.0
I4 0.04 263.0 0.95 0.05 0.8
I5 0.03 262.0 0.95 0.05 0.5
I6 0.04 261.0 0.95 0.05 0.0
S1 0.25 259.0 0.29 0.71 0.0
S2 0.10 256.0 0.34 0.64 0.0

Figure 5.24 shows the same as Figure 5.17 but for the Central Arctic. The PR retrieval
was applied for the whole winter season in order to gain further insights into its seasonal
evolution over MYI. As mentioned before, SNOWPACK was initialised based on a snow
depth estimate from climatology (Warren et al., 1999). However, inter-annual variability
in the snow depth is not covered by the climatology and thus the estimated initial snow
depth is not necessarily representing the conditions in November 2018. Therefore, the large
differences between simulated and retrieved snow depth at the beginning of the season is not
analysed further.
Similar to other areas, SNOWPACK simulates mainly fragmented snow with some layers of
rounded grains which form after snowfall events. The inital depth hoar at the lower part of
the snowpack disappears by the end of March.
In the Central Arctic, several snowfall events happen until mid of January and the snow depth
simulated by SNWOPACK increases from 25 cm at beginning of November to 36 cm to the
end of 2018. In the PR retrieval, almost no increase in snow depth is detected until mid
of January 2019. This indicates that the signal observed by the satellites in early winter is
dominated by the emission of the MYI. A slight increase in retrieved snow depth (4 cm) is
found around 20 January just after a strong snowfall event. For the rest of the winter season,
only a few, moderate snowfall events happened which are barely visible in the satellite
retrieval.
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Figure 5.24: Same as Figure 5.17 but for the Central Arctic.

Figure 5.25: Same as Figure 5.23 but for the Central Arctic.

Summary

The comparison of the satellite retrieved snow depth with the SNOWPACK simulations
revealed two interesting features:
(i) A strong difference in the sensitivity of the satellite retrieved snow depth to snowfall
events under cold conditions (snow metamorphism to wind slab and/or fragmented snow)
or snowfall events under warm conditions (snow metamorphism to rounded grains and/or
melt-refreeze) was found. In the first case, only a weak signal from the satellite retrieval
was observed and often the retrieved snow depth slowly increases over several days after
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the snowfall event. From all results obtained in this study, the average delay in increased
snow depth (i.e., increase in snow depth reaches 95% of the total increase within 20 days
after a snowfall event) after a snowfall event under cold conditions is five days. However,
due to the limited amount of data, this is only a preliminary conclusion. In the second case
(warm conditions), a strong increase in retrieved snow depth is found and the average delay
is around two days.
(ii) Often, just before, or during a snowfall event, the retrieved snow depth initially drops and
then starts increasing again. Possible reasons could be an increased snow drift/loss due to
an increased wind speed during or shortly before the snowfall events (storm). Additionally,
in the case of a fast warming during a snowfall event, the temperature gradient in the snow
changes and this can influence the gradient ratio. However, the drop in retrieved snow depth
(i.e, increase in GR) is, in most cases, much larger than the theoretical calculations suggest
(see Figure 2.7).
For the data available in this study, only a low correlation (R = −0.22) between an increase in
air temperature and a drop in snow depth is found. If a time lag of several days is allowed, the
correlation between increased temperature and drop in snow depth increases to a maximum
R = −0.37 at four days. This results show that part of the drop in retrieved snow depth can
be related to strong changes of the temperature gradient in the snowpack. No significant
correlation between the drop in retrieved snow depth and wind speed was found.

5.5 Discussion

The results of this evaluation and inter-comparison study show that comparing satellite
retrieved snow depth to modelled snow depth which relies on reanalysis data is challenging
due to a different sensitivity of the satellite retrievals to different snow- and meteorological
conditions.
Overall, the different satellite retrievals (except the ML retrieval) agree within 5 cm during
spring in most sectors of the Arctic and show a good performance when compared to spring
snow depth observations from measurement campaigns (see sections 5.2 and 5.3). However,
large differences in the seasonal cycle of the retrieved snow depth (see section 5.3) showed
that additional training and evaluation data from early winter are crucially needed in order to
develop a consistent snow depth product. The PR PRmix and MC retrievals show the most
reasonable seasonal cycle.
Unrealistic seasonal cycles in most sectors of the Arctic were produced by the NN and ML
retrievals. Both retrievals use higher order models (neural network and multilinear regression)
and the unreasonable seasonal evolution of the snow depth from these retrievals can be a
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result of overfitting to spring data.
The simulations with SNOWPACK revealed the potential of using snow evolution models
together with reanalysis data to improve the understanding of the sensitivity of satellite
snow depth retrievals under different meteorological and snow conditions (see section 5.4).
In theory, SNOWPACK simulations can be used to derive a proxy for snow properties to
improve satellite based snow depth retrievals. However, simulations with SNOWPACK are
computationally expensive and currently it is not feasible to use the model for Arctic-wide
simulations. The SNOWPACK simulations performed here are limited to three small areas in
the season 2018/2019 and no statistical significant relation between the retrieved snow depth
and e.g., the grain type or meteorological conditions could be derived. From a larger dataset,
it might be possible to derive such a relation which would then help to improve satellite
based snow depth retrievals.
Overall, the results show that the error estimation for the PR retrieval is reasonable (see
section 5.2), at least in spring under normal ice- and snow conditions (no flooding). Due to
the delayed signal in the retrieved snow depth (see section 5.4) it might be more appropriate to
use weekly or monthly averages for comparisons with reanalysis-based snow depth products.
Due to the lack of evaluation data, no final conclusions can be drawn on how well the retrieval
performs during early winter. However, PR and PRmix both reproduce the expected increase
in snow depth.

5.6 Conclusions

In this chapter, the new developed PR and PRmix snow depth retrievals were evaluated with
in-situ measurements and compared to three other satellite snow depth retrievals and simula-
tions with the SNOWPACK model.
The inter-comparison revealed large differences between the different products in their
seasonal cycle, especially in early winter (see Figure 5.11 to Figure 5.14). In spring, how-
ever, most of the retrievals are in good agreement. The evaluation with spring in-situ snow
depth measurements showed a good performance of most of the snow depth retrievals in
the Beaufort Sea and central Arctic. Overall, the PR retrieval performs best over FYI and
the ML retrieval showed the best performance over MYI (see Table 5.1). However, in the
Atlantic sector of the Arctic, all snow depth retrieval underestimate the measured snow
depth, which could partly be related to flooding caused by high snow load by the time the
in-situ measurements were taken (see figures 5.7 and 5.8). These result highlight the need of
additional training data from other regions of the Arctic but also for the whole winter season.
An comparison of the new derived retrieval with simulated snowpack using the SNOWPACK
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model reveals the different sensitivity of the snow depth retrieval to different snow- and
meteorological conditions. Especially in spring, a strong response of the satellite retrieval
is found during snowfall events while during the cold season, the response was weaker. In
addition, an average delay in increased snow depth of 5 (2) days compared to the snowfall
event under cold (warm) conditions was found. Often shortly before, or during the snowfall
event, an initial drop in the retrieved snow depth was found. First results indicate that this
could be related to an increase in temperature which is often found during snowfall events
(R=−37). Also an increased snow loss to leads and ridges due to an increased wind speed
might play a role. However, for final conclusions, more SNOWPACK simulation need to be
performed to analyse a larger amount of data.



Chapter 6

Conclusions and Outlook

6.1 Conclusions

The aim of this project was to develop a new passive microwave satellite snow depth on
Arctic sea ice retrieval by incorporating newly available satellite observations (AMSR-E and
AMSR2, 2002 - now) at lower microwave frequencies (e.g., 6.9 GHz and 10.7 GHz) and
asses its uncertainties. In this chapter, the main findings of the thesis are summarised and
discussed with respect to further improvements and development steps. The main results
were presented in three chapters (chapter 3 to 5).
In chapter 3, a new snow depth on Arctic sea ice retrieval was developed using passive
microwave satellite observations (Comiso et al., 2003; Maeda et al., 2016) and an extensive
dataset of airborne snow depth observations from the Operation IceBridge (OIB) campaign
(Newman et al., 2014). The results reported in this chapter were partly published in Rostosky
et al. (2018). The main findings in this chapter are:
(i) Using the gradient ratio of new available low frequency passive microwave satellite
observations at 6.9 GHz and 18.7 GHz (GR(19/7); see equation 3.1), it is, for the first time,
possible to retrieve snow depth on sea ice on a pan-Arctic scale. However, over Arctic
MYI, the retrieval is currently limited to March and April, due to the strong influence of the
underlying ice on the satellite observations in early and mid winter.
(ii) A first evaluation with independent OIB snow depth observations showed a good perfor-
mance of the new retrieval over FYI and a reasonable performance over MYI. Over FYI,
deviations of the retrieved snow depth to the OIB snow depth are mostly below 5 cm, while
over MYI, differences of ± 20 cm can be possible. The retrieval outperforms the most
widely used passive microwave snow depth on Arctic sea ice retrieval develop by Markus
and Cavalieri (1998).
(iii) A comparison with snow depth data from climatology (Warren et al., 1999) highlights
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the advantages of the new developed retrieval which is able to also cover the inter-annual
variability of the snow depth on Arctic sea ice.
(iv) Based on all available data (season 2002/2003 to 2018/2019) a negative trend in monthly
averaged snow depth of (= −0.27 cm/year) was found for March. This is consistent with the
results found by Webster et al. (2014), who reported a negative trend in spring snow depth
of −0.29 cm/year for the period from 1950 to 2013. The strongest negative trends were
found in the Atlantic Sector and in the Kara and Laptev seas. In chapter 4 a Monte-Carlo
model was used to estimate the uncertainty of the new derived retrieval. The analysis was
based on state of the art microwave emission models for the snow-ice system (Tonboe, 2005)
and the atmosphere and a large set of in-situ measurements obtained during the N-ICE2015
campaign (Granskog et al., 2016). The results reported in this chapter were party published
in Rostosky et al. (2020). The main findings in this chapter are:
(i) Unknown snow properties (e.g., grain type and grain size) have the highest contribution
to the uncertainty of passive microwave snow depth retrievals. The error in retrieved snow
depth due to unknown snow properties is 20% for a GR(19/7) and 24% for a GR(37/19)
based snow depth retrieval.
(ii) Storms can cause rapid and long-term changes in the Arctic snowpack. A sensitivity study
with the snow evolution model SNOWPACK (Wever et al., 2019) showed that a single storm
event led to strong, persistent snow metamorphism and consequently strongly influenced the
GR, even several days after the storm.
(iii) In general, lower frequency retrievals (i.e., based on GR(19/7)) have lower uncertainties
than higher frequency retrievals (i.e., based on GR(37/19)) but are also less sensitive to
changes in snow depth. Combining both, the uncertainty and the sensitivity to snow depth, it
was shown that GR(37/19) has a better signal to noise ratio for snow depths below 38 cm.
For deeper snow, GR(19/7) performs clearly better.
(iv) Based on the Monte Carlo model, the uncertainties of the newly derived retrieval was
estimated. Overall, the uncertainties increase with increasing snow depth and are between 4
cm and 8 cm over FYI and 5 cm and 9 cm over MYI.
In chapter 5, the new snow depth retrieval was evaluated with spring in-situ measurements
from eight different campaigns. In addition, an inter-comparison with three other existing
passive microwave snow depth retrievals (Braakmann-Folgmann and Donlon, 2019; Kilic
et al., 2019; Markus and Cavalieri, 1998) was carried out. The main findings of this chapter
are:
(i) The evaluation of the retrieval shows that it performs well in most Arctic regions in spring.
Over FYI, the newly derived retrieval has the lowest RMSE to the measurements compared
to the three other passive microwave snow depth retrievals. An exception is the Atlantic
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sector of the Arctic, where deep snow is common and flooding frequently occurs (Rösel
et al., 2018b). Here, all snow depth retrievals underestimated the measured snow depth by at
least 20 cm.
(ii) The evaluation with in-situ measurements showed that over FYI, the RMSE between the
retrieved snow depth and measured snow depth (4.9 cm) is below the average uncertainty
of the retrieval (derived in chapter 4) which indicates that at least in spring, the estimated
uncertainty is accurate. Over MYI, the RMSE of the retrieval (8.1 cm) is slightly above the
estimated uncertainty.
(iii) The evaluation of the seasonal cycle of the newly derived retrieval and the three other pas-
sive microwave retrievals revealed unrealistic snow depths from two other retrievals during
early- and mid winter. These two snow depth retrievals (Braakmann-Folgmann and Donlon,
2019; Kilic et al., 2019) use less physical-based but more complex methods (neural-network;
multi-linear regression) which might lead to better fits to the training data but fail to predict
the snow depth for conditions outside of their training range (e.g., early winter conditions).
Only the new developed retrieval and the retrieval developed by Markus and Cavalieri (1998)
showed a reasonable seasonal evolution of the retrieved snow depth. These two retrievals are
based on a simple empirical model (linear regression) with physical sense. As discussed in
chapter 2 theoretical snow emission models predict a linear relation between snow depth and
the GR in most cases. Within the scope of an increased use of complex machine learning
techniques to derive new relations, these results highlight the need of a physical model to
support the retrievals.
(iv) To further evaluate the seasonal evolution of the retrieved snow depth, the retrieval
was compared to simulations of the Arctic snowpack based on the SNOWPACK model
(Wever et al., 2019) and ERA5 reanalysis data (Hersbach and Dee, 2016). The analysis
revealed that the sensitivity of the new retrieval to snowfall events strongly depends on the
meteorological conditions. This is mainly due to different snow metamorphism under cold
(main snow types: wind slap and fragmented snow) and under warm (main snow types:
rounded grains and melt-refreeze) conditions. In comparison, the retrieval developed by
Markus and Cavalieri (1998) showed a similar sensitivity to snowfall events but the retrievals
developed by Braakmann-Folgmann and Donlon (2019) and Kilic et al. (2019) showed very
little sensitivity to snowfall events, except for late spring.
Based on the new developed retrieval, two snow depth on Arctic sea ice datasets were
published (see Appendix D) covering the winter periods from 2002 to 2011 (Rostosky et al.,
2019b) and 2012 to 2018 (Rostosky et al., 2019a). This dataset was used in a snow depth
retrieval inter-comparison study (Zhou et al., 2020) where the authors revealed large dif-
ferences between the different snow depth retrievals. The differences were especially high
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between satellite-based and reanalysis-based snow depth products.
One of central topics of this thesis was to develop a new snow depth on Arctic sea ice retrieval
that can be used to evaluate and improve the snow depth simulated by coupled climate models.
Snow depth is only poorly implemented in coupled climate models (Castro-Morales et al.,
2017a) which leads to high uncertainties in the estimation of e.g., the distribution of snow on
sea ice or the ocean-atmospheric heat fluxes (Castro-Morales et al., 2014, 2017a; Webster
et al., 2018), highlighting the need of more evaluation. For this purpose, it is crucial to
evaluate the quality of the new retrieval. In addition, for assimilation, accurate uncertainties
are essential.
An accurate uncertainty estimation for early- and mid winter remains challenging since no
evaluation data exists outside of spring. The uncertainty of the retrieval derived in chapter
4 is based on in-situ observations from late winter to spring (20 January to 31 May) and
thus might be not representative for early winter. Especially at the start of the freezing
season, also thin ice is a sources of uncertainty. When the ice is thin (i.e., less than 20 cm
thick), the observations at 6.9 GHz may be influenced by the ocean (Ulaby and Long, 2014b)
and consequently the GR is influenced as well. As a result, negative snow depths may be
retrieved at the ice edge in September and October. For the time period available (2002 to
now), no negative snow depths were found from November onward. Therefore, the retrieval
is currently applied from November to the onset of melt.
When the ice concentration is below 100%, the satellite observations are a mixture of the
signal from open water and from ice and thus the GR is higher than over pure ice. To account
for that open water tiepoints are used to correct the satellite signal (Ivanova et al., 2015).
However, the tiepoints themselves have uncertainties due to the presence of thin ice or wind
roughened water (Ivanova et al., 2015) and thus increase the uncertainty of the retrieved snow
depth, especially when the ice concentration is low. To mitigate this effect, the retrieval is
currently only applied when the ice concentration is above 80%.
An additional source of uncertainty, which was not assessed in this thesis due to the lack of
data and theoretical models, is the impact of large scale ice roughness (e.g., due to pressure
ridges) on the retrieval. It has been found that the Markus and Cavalieri (1998) snow depth
retrieval, which uses a similar method as the snow depth retrieval developed in this thesis, is
influenced by sea ice roughness (Markus et al., 2006a; Stroeve et al., 2006). Further analysis
of the retrieval is needed to assess its performance over e.g., rough or thin ice where the
estimated uncertainty might be too low or the results might be biased.
So far, the retrieval over MYI is limited to March and April. However, especially for the
comparison with model results and to improve sea ice thickness estimates from altimetry
(Kern et al., 2015), it is important to also have snow depth observations over MYI for the
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whole winter season. A comparison of the snow depth over MYI retrieved during the whole
season with simulated snow depth from the SNOWPACK model in chapter 5 showed that the
retrieval is not able to detect snowfall events during early winter (November to December)
and only in January, an increase in retrieved snow depth, collocated with a major snowfall
event, was found. Therefore, it is of central importance to further improve the knowledge of
the microwave emission of snow on MYI, especially shortly after freeze-up. The measure-
ments obtained during the ongoing MOSAiC campaign (http://www.mosaic-expedition.org,
accessed 15 November 2019) may provide the needed information to further constrain the
satellite observations over MYI.
Regardless the need of further evaluation and improvements, the new snow depth dataset
can already be used to evaluate or improve snow depth output from climate models. In a
study using an early version of the snow depth product (status November 2018) Fritzner
et al. (2019) showed that assimilating spring snow depth into the metroms model system
(Kristensen et al., 2017) leads to not only an improvement in the modelled snow depth but
also improves the modelled ice concentration and ice thickness.
Further comparison of the new snow depth dataset with simulated snow depth from coupled
climate models can be useful for further evaluation of the new snow depth retrieval. However,
as concluded in chapter 5, a direct comparison of retrieved and simulated snow depth is
challenging since the response of the satellite retrieval to snowfall events can be delayed
by up to five days, depending on the snow metamorphism. In addition, uncertainties in the
parametrisation of snow accumulation at ridges and snow depletion in the climate models
can lead to large errors in the simulated snow depth.

6.2 Outlook

The newly derived snow depth on Arctic sea ice retrieval including the extensive uncertainty
estimation provides a good basis for an operational snow depth product. However, the study
in chapter 5 revealed that further evaluation is needed which requires additional snow depth
observations covering different Arctic regions and seasons. Right now, such data does not
exist and up to now, no future missions on large scale snow depth surveys during early winter
are known which would help to close the gap. A different option for further improvement or
evaluation of the retrieval could be an extensive study using the SNOWPACK model forced
with reanalysis data. In this study, no significant correlation between e.g., air temperature
and sensitivity of the satellite retrieval to snowfall was found. This, however, might be due
to the limited dataset used for the analysis. A more extensive study is out of the scope of
this work but can be useful to further deepen the understanding in how the satellite retrieval

http://www.mosaic-expedition.org
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behaves under different meteorological conditions and, especially, in early winter.
In the published snow depth datasets (see appendix D), reanalysis 2 m temperature data were
used to flag possible melt in the snow. It is, however, more convenient to use snow melt
detection algorithms based on satellite observations as e.g, proposed by Arndt and Haas
(2019) for snow on Antarctic sea ice since the liquid water content in snow can reach a
critical amount even when the air temperature is still negative (see chapter 5).
To summarise, snow depth on Arctic sea ice was identified as a key quantity for improving
the understanding of the rapid Arctic climate change (Webster et al., 2018). The newly
developed snow depth retrieval including an extensive uncertainty estimation, provides an
important contribution to Arctic climate research. However, further work needs to be done
on improving and further evaluating the performance of the retrieval during early winter.
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Appendix A

Gaussian Error Propagation

In This Chapter the Gaussian Error propagation model is derived which is used to asses an
early uncertainty estimation for the snow depth retrieval derived in chapter 3. This model
was already published in Rostosky et al. (2018) and was originally developed by T. Frost.
The Gaussian Error Propagation is a common method to estimated the uncertainty of a model
based on the uncertainties of the contributing parameters. The snow depth retrieval equation
has the form Sd = a+b∗GR (see equation 3.1). GR is the gradient ratio of the vertically
polarised brightness temperature at 18.7 GHz and 6.9 GHz. The following parameters
contribute to the derived snow depth and have to be considered: The brightness temperature
Tb at frequency ν1 (= 18.7 GHz) and ν2 (= 6.9 GHz) and the corresponding open water
tie points k. The uncertainty of the observed brightness temperatures at these frequencies
is estimated to 0.5 K. The last quantity that contributes to GR is the sea ice concentration
C. The algorithm is limited to C = 80% in order to minimise its influence. In this case,
the uncertainty of C is estimated to be 5%. To calculate the uncertainty a Gaussian error
propagation model is used following Spreen et al. (2008). First, the uncertainty of vertically
polarised GR corrected for the sea ice concentration is derived. The partial derivatives of GR
with respect to the variables Tbν i , ki and C are given by:

σk1 = σk2 =±σ
2
T bν1,ow

(A.1)

G1 =
∂GR

∂T bν1
=

2∗T bν2 +(k1 − k2)∗ (1−C)

(T bν1 +T bν2 − (1−C)∗ k2)2 (A.2)

G2 =
∂GR

∂T bν2
=

2∗T bν1 +(k1 − k2)∗ (1−C)

(T bν1 +T bν2 − (1−C)∗ k2)2 (A.3)
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G3 =
∂GR
∂k1

=
(1−C)

(T bν1 +T bν2 − (1−C)∗ k2)
(A.4)

G4 =
∂GR
∂k2

=
(1−C)∗ (T bν1 −T b∋2 − k1∗ (1−C))

(T bν1 +T bν2 − (1−C)∗ k2)2 (A.5)

G5 =
∂GR
∂C

=
(k1 −K2)∗T bν1 +(k1 + k2)∗ tbν2

(T bν1 +T bν2 − (1−C)∗ k2)2 (A.6)

From these equations, the uncertainty of GR is calculated as follows:

σGR =
√︂

G2
1 ∗σ2

T bν1
+G2

2 ∗σ2
T bν2

+G2
3 ∗σ2

k1
+G2

4 ∗σ2
k2
+G2

5 ∗σ2
C (A.7)

The error propagation for the snow depth retrieval can be calculated from:

∂Sd
∂a

= 1 (A.8)

∂Sd
∂b

= GR (A.9)

∂Sd
∂GR

= b (A.10)

And finally the uncertainty of the snow depth (Sd) can be calculated from:

Sd =
√︂

σ2
a +GR2 ∗σ2

b +b∗2σ2
GR (A.11)



Appendix B

N-ICE2015 Snow Pit Data

The snow pit data used in chapter 4 can be downloaded from the Norwegian Polar Datacentre
(doi: 10.21334/npolar.2017.d2be5f05, accessed 02 November 2017). In Table B.1, all
selected snow pits used in chapter 4 are listed.

Table B.1: Date, latitude, longitude and number of the N-ICE2015 snow pit data. In addition,
the air temperature (T) during the snow pit measurements is given.

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

03 February 83.08 16.48 7 −9
03 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
02 March 82.97 25.90 2 −21.5
05 March 83.13 24.15 3 −6.7
07 March 83.15 23.85 4 −3.6
08 March 83.19 23.23 5 −2.8
09 March 83.17 22.06 6 −2.9
09 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
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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

Below, the full input snow profiles which were used for the simulations with MEMLS and
SNOWPACK in chapter 4 are given.
Table B.2 to Table B.29 show the 28 snow profiles used for the MEMLS simulations, derived
from the N-ICE2015 snow pit measurements (Merkouriadi et al., 2017b). In order to avoid
incoherent effects in the model, observed layers with less then 2 cm thickness are merged
to the next lower layer. The exponential correlation length was estimated from Table 1 in
Mätzler (2002) using the grain type, grain size and snow density measurements. For all
MEMLS simulations, an incident angle of 55◦ and an ocean salinity of 34 ppt was used. The
automatic averaging of coherent layers was disabled in the Model. Instead, coherent layers
were avoided by using a minimum layer thickness of 2 cm.

Table B.2: N-ICE2015 snow pit properties for the snow pit from 20 January 2015, number 1.
N is the layer number (N = 1 is the top layer), ρ the snow density, T the snow temperature
and ecorr the exponential correlation length. In MEMLS, it is distinguished between normal
snow (snow type =1) and depth hoar (snow type =2).

N ρ (kg/m3) T (◦C) ecorr layer depth (cm) snow type
5 326 −9.85 0.218 9 2
4 312 −10.07 0.156 10 1
3 306 −12.40 0.161 8 1
2 214 −14.35 0.0899 10 1
1 107 −18.84 0.0345 6 1
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Table B.3: Same as Table B.2 but for the snow pit from 23 January 2015, number 2.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
4 263 −8.45 0.218 13 2
3 273 −12.28 0.218 13 2
2 307 −17.78 0.087 11 1
1 307 −26.40 0.085 11 1

Table B.4: Same as Table B.2 but for the snow pit from 23 January 2015, number 3.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
4 399 −8.25 0.22 18 2
3 329 −13.05 0.218 21 2
2 275 −21.16 0.085 11 1
1 260 −29.5 0.085 5 1

Table B.5: Same as Table B.2 but for the snow pit from 28 January 2015, number 4.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
3 314 −12.05 0.22 5 2
2 290 −15.5 0.137 5 1
1 248 −23 0.071 11 1

Table B.6: Same as Table B.2 but for the snow pit from 28 January 2015, number 5.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
5 309 −12.23 0.218 9 2
4 315 −17.35 0.156 9 1
3 301 −21.12 0.137 8 1
2 279 −24.0 0.087 4 1
1 244 −27.9 0.04 6 1
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Table B.7: Same as Table B.2 but for the snow pit from 28 January 2015, number 6.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
5 372 −8.8 0.138 16 1
4 333 −12.3 0.138 10 1
3 338 −15.9 0.135 10 1
2 325 −18.6 0.057 6 1
1 256 −24.8 0.052 11 1

Table B.8: Same as Table B.2 but for the snow pit from 03 February 2015, number 7.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
3 306 −11.8 0.327 6 2
2 299 −12.1 0.158 9 1
1 253 −11.4 0.137 6 1

Table B.9: Same as Table B.2 but for the snow pit from 03 February 2015, number 8.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
4 342 −8.7 0.327 18 2
3 296 −11 0.137 19 1
2 221 −12.6 0.137 14 1
1 153 −12.6 0.0345 4 1

Table B.10: Same as Table B.2 but for the snow pit from 13 February 2015, number 10.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
3 328 −11 0.135 8 1
2 343 −12.6 0.07 11 1
1 385 −12.6 0.09 20 1
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Table B.11: Same as Table B.2 but for the snow pit from 27 February 2015, number 1.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
7 360 −11.6 0.178 5 1
6 358 −12.3 0.178 5 1
5 353 −13.6 0.178 2 1
4 340 −15.3 0.09 5 1
3 310 −17.9 0.178 4 1
2 280 −19.3 0.178 2 1
1 261 −23.1 0.071 5 1

Table B.12: Same as Table B.2 but for the snow pit from 02 March 2015, number 2.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
5 264 −19.6 0.195 7 1
4 329 −19.9 0.161 4 1
3 391 −20.0 0.161 4 1
2 468 −21.1 0.161 5 1
1 478 −21.4 0.156 3 1

Table B.13: Same as Table B.2 but for the snow pit from 05 March 2015, number 3.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
9 460 −7.1 0.218 5 2
8 425 −7.15 0.103 5 1
7 430 −7.2 0.113 5 1
6 445 −7.15 0.1 5 1
5 385 −7.1 0.135 5 1
4 333 −7.2 0.22 5 2
3 358 −7.4 0.135 5 1
2 390 −7.7 0.102 5 1
1 380 −7.8 0.12 2 1
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Table B.14: Same as Table B.2 but for the snow pit from 07 March 2015, number 4.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
11 355 −6.1 0.195 6 1
10 328 −6.5 0.219 5 2
9 344 −6.6 0.135 7 2
8 359 −6.8 0.135 3 1
7 350 −7.0 0.114 5 1
6 352 −7.0 0.131 2 1
5 358 −7.0 0.131 4 1
4 355 −6.8 0.121 5 2
3 353 −6.4 0.121 5 1
2 348 −5.9 0.135 2 1
1 303 −5.7 0.089 3 1

Table B.15: Same as Table B.2 but for the snow pit from 08 March 2015, number 5.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
12 452 −5.5 0.183 6 1
11 424 −5.8 0.201 5 1
10 362 −5.9 0.201 5 2
9 344 −5.9 0.201 5 2
8 373 −5.9 0.201 5 1
7 419 −5.9 0.135 2 1
6 437 −5.8 0.220 3 1
5 434 −5.8 0.178 4 1
4 417 −5.6 0.178 5 2
3 395 −5.4 0.156 5 1
2 377 −5.1 0.089 2 1
1 354 −4.6 0.104 3 1
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Table B.16: Same as Table B.2 but for the snow pit from 09 March 2015, number 6.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
7 325 −4.7 0.126 6 1
6 322 −4.5 0.135 5 1
5 324 −4.3 0.218 5 1
4 355 −4.0 0.069 5 1
3 384 −3.8 0.069 5 1
2 401 −3.8 0.069 4 1
1 374 −3.7 0.071 4 1

Table B.17: Same as Table B.2 but for the snow pit from 09 march 2015, number 7.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
10 374 −5.0 0.052 4 1
9 422 −5.3 0.056 2 1
8 399 −5.2 0.056 5 1
7 385 −5.0 0.156 5 1
6 401 −4.8 0.219 5 2
5 426 −4.6 0.219 5 2
4 393 −4.5 0.219 3 2
3 365 −4.3 0.118 2 1
2 328 −4.3 0.121 2 1
1 201 −3.9 0.043 4 1
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Table B.18: Same as Table B.2 but for the snow pit from 10 March 2015, number 8.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
12 380 −5.6 0.158 5 1
11 387 −5.6 0.158 5 1
10 397 −5.5 0.158 5 1
9 400 −5.5 0.158 3 1
8 391 −5.5 0.158 4 1
7 336 −5.4 0.178 5 1
6 330 −5.4 0.135 3 1
5 373 −5.4 0.135 5 1
4 386 −5.4 0.137 5 1
3 400 −5.4 0.056 2 1
2 363 −5.5 0.056 3 1
1 126 −5.0 0.036 4 1

Table B.19: Same as Table B.2 but for the snow pit from 11 March 2015, number 9.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
13 366 −6.9 0.138 6 1
12 388 −5.4 0.135 5 1
11 390 −5.6 0.135 4 1
10 377 −7.0 0.135 6 1
9 396 −7.4 0.135 4 1
8 429 −8.7 0.135 5 1
7 420 −9.2 0.135 7 1
6 360 −10.0 0.135 2 1
5 260 −10.4 0.08 3 1
4 300 −11.1 0.053 2 1
3 232 −14.4 0.0345 3 1
2 278 −13.5 0.161 2 1
1 332 −14.6 0.161 2 1
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Table B.20: Same as Table B.2 but for the snow pit from 13 March 2015, number 10.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
13 374 −9.7 0.053 6 1
12 362 −7.9 0.056 5 1
11 358 −9.6 0.056 4 1
10 394 −11.4 0.137 6 1
9 406 −12.2 0.137 4 1
8 402 −12.9 0.178 5 1
7 398 −14.3 0.137 7 1
6 389 −15.3 0.137 2 1
5 391 −16.4 0.137 3 1
4 355 −18.1 0.158 2 1
3 265 −19.6 0.158 3 1
2 213 −20.8 0.158 2 1
1 203 −22.4 0.042 2 1

Table B.21: Same as Table B.2 but for the snow pit from 13 March 2015, number 11.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
15 388 −8.4 0.194 7 1
14 385 −6.3 0.220 4 2
13 370 −7.8 0.220 5 2
12 383 −9.5 0.220 3 2
11 407 −11.2 0.218 7 2
10 413 −12.2 0.218 3 2
9 392 −12.3 0.135 7 1
8 377 −14.0 0.135 3 1
7 374 −16.0 0.137 7 1
6 375 −18.1 0.137 3 1
5 379 −20.2 0.137 2 1
4 385 −22.1 0.137 5 1
3 383 −23.6 0.138 2 1
2 380 −24.8 0.138 3 1
1 329 −25.5 0.053 3 1



140 N-ICE2015 Snow Pit Data

Table B.22: Same as Table B.2 but for the snow pit from 18 March 2015, number 12.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
12 382 −10.3 0.137 6 1
11 404 −7.5 0.158 6 2
10 383 −8.3 0.218 4 2
9 351 −9.7 0.218 5 2
8 325 −12.3 0.218 10 2
7 323 −14.8 0.218 5 2
6 336 −15.9 0.218 4 2
5 351 −17.7 0.158 6 1
4 313 −19.9 0.158 5 1
3 247 −21.6 0.158 2 1
2 211 −23.7 0.126 3 1
1 223 −26.0 0.042 2 1

Table B.23: Same as Table B.2 but for the snow pit from 19 April 2015, number 1.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
6 530 −7.2 0.161 16 1
5 312 −9.9 0.158 23 1
4 297 −13.3 0.057 5 1
3 280 −14.6 0.057 3 1
2 329 −15.2 0.085 7 1
1 370 −15.7 0.057 4 1

Table B.24: Same as Table B.2 but for the snow pit from 27 April 2015, number 3.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
6 360 −3.5 0.056 15 1
5 327 −4.7 0.212 12 2
4 277 −6.1 0.137 6 1
3 269 −7.5 0.056 7 1
2 279 −12.1 0.043 5 1
1 280 −14.5 0.045 2 1
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Table B.25: Same as Table B.2 but for the snow pit from 27 April 2015, number 4.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
4 230 −6.5 0.209 6 2
3 310 −7.6 0.045 7 1
2 310 −10.0 0.045 5 1
1 230 −11.4 0.056 2 1

Table B.26: Same as Table B.2 but for the snow pit from 13 May 2015, number 14.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
17 250 −3.9 0.218 4 2
16 246 −4.2 0.218 6 2
15 237 −4.8 0.218 5 2
14 264 −5.5 0.158 5 1
13 329 −6.1 0.135 4 1
12 370 −6.8 0.122 6 1
11 347 −6.9 0.122 2 1
10 319 −7.4 0.122 3 1
9 327 −7.6 0.132 5 1
8 365 −7.9 0.135 5 1
7 392 −8.3 0.135 5 1
6 393 −8.6 0.158 5 1
5 352 −8.8 0.161 5 1
4 314 −8.9 0.135 5 1
3 323 −9.0 0.135 4 1
2 343 −9.0 0.158 2 1
1 350 −9.3 0.179 2 1
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Table B.27: Same as Table B.2 but for the snow pit from 13 May 2015, number 15.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
7 273 −6.5 0.202 4 2
6 260 −6.2 0.218 5 2
5 296 −6.5 0.218 5 2
4 285 −6.4 0.218 4 2
3 266 −6.8 0.218 5 2
2 294 −7.1 0.140 5 1
1 339 −7.7 0.218 5 2

Table B.28: Same as Table B.2 but for the snow pit from 31 May 2015, number 31.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
8 251 −2.8 0.136 10 1
7 265 −2.6 0.137 10 1
6 316 −2.5 0.137 8 1
5 361 −2.2 0.135 2 1
4 385 −2.0 0.135 10 1
3 390 −1.8 0.220 2 2
2 348 −1.8 0.090 5 1
1 308 −1.7 0.057 3 1

Table B.29: Same as Table B.2 but for the snow pit from 31 May 2015, number 32.

N T ρ (kg/m3) (◦C) ecorr layer depth (cm) snow type
7 250 −3.3 0.218 10 2
6 289 −3.2 0.218 7 2
5 328 −2.5 0.135 3 1
4 313 −2.5 0.137 2 1
3 237 −1.5 0.071 8 1
2 163 −1.5 0.055 2 1
1 140 −1.5 0.035 2 1

Table B.30 shows the initialization snow profile for the SNOWPACK simulation performed
in chapter 4, derived from table B.3. The values for bond radius (RB) are estimated from a
lookup table (see: https://models.slf.ch/p/snowpack/page/Starting-from-profiles/, accessed
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15 December 2018). The dentricity (DD) and sphericity (SP) are estimated from figure 8
in Lehning et al. (2002b). The model was initialized using the recommended options. The
internal model timestep was set to 0.1 minutes and the Richards water transport model was
used. The ocean heat flux was set to 3 W

m .

Table B.30: Initialisation snow- and ice profile for the SNOWPACK model. Given are the
layer thickness (L), the temperature (T), the volume fraction of ice (VI), the volume fraction
of void (VV), the grain radius (RG), the bond radius (RB), the dentricity (DD), the sphericity
(SP), the number of elements within one layer (NE) and the salinity (S).

L (m) T (K) VI VV RG (m) RB DD SP N S (ppt)
0.15 285.0 0.9 0.1 5 2.5 1 0 30 6
0.15 284.8 0.92 0.08 5 2.5 1 0 30 6
0.15 282.7 0.94 0.06 5 2.5 1 0 30 6
0.15 278.5 0.95 0.05 5 2.5 1 0 30 5.0
0.15 275.0 0.95 0.05 5 2.5 1 0 30 4.1
0.15 272.0 0.95 0.05 5 2.5 1 0 30 3.3
0.15 269.0 0.95 0.05 5 2.5 1 0 30 2.6
0.15 267.0 0.95 0.05 5 2.5 1 0 30 2
0.02 266.0 0.95 0.05 5 2.5 1 0 30 1.3
0.02 265.0 0.95 0.05 5 2.5 1 0 30 1.1
0.02 264.0 0.95 0.05 5 2.5 1 0 30 1
0.11 262.7 0.287 0.713 1.2 1.0 0.1 0.1 10 0
0.11 258.4 0.297 0.703 0.8 1.0 0.1 0.1 10 0
0.13 254.4 0.335 0.665 0.3 0.075 0.5 0.5 10 0
0.13 245.8 0.335 0.665 0.3 0.075 1 0.4 10 0
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SNOWPACK Initialisation Files

Table C.1 to table C.3 show the full initialisation profiles for the SNOWPACK simulations in
chapter 5 for the Barents Sea (Table 5.2), the Labradors Sea (Table C.2) and Central Arctic
(Table C.3). More details about the parameters used in initialisation of the SNOWPACK
model can be found in chapter 4 and in the model documentation (https://models.slf.ch/
docserver/snowpack/html/index.html, accessed 18 December 2019). The sea ice version
of SNOWPACK is not in the official release of the SNOWPACK cohort (status December
2019) but details about the initialisation of this model version can be found in the supporting
information provided in Wever et al. (2019).

https://models.slf.ch/docserver/snowpack/html/index.html
https://models.slf.ch/docserver/snowpack/html/index.html
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Appendix D

Snow Depth Dataset

The new retrieval coefficients derived in chapter 3 and the uncertainty estimations derived in
chapter 4 are used to compile a snow depth on Arctic sea ice dataset which is published in
the PANAGEA datacenter. The dataset consists of two sub-versions, for the AMSR-E (2002-
2011, Rostosky et al., 2019b) and AMSR2 (2012-2018, Rostosky et al., 2019a) measurement
periods. In the following chapter, the compilation of the dataset is described. In order to
apply the snow depth on Arctic sea ice retrieval, the following data is needed on a daily basis.

Brightness Temperature

The retrieval uses AMSR-E/2 vertical polarised brightness temperature at 6.9 GHz and
18.7 GHz observation on a polar stereographic grid resampled to 25 km x 25 km spatial
resolution (Cavalieri et al., 2014; Maeda et al., 2016). More details about the satellite
observations are provided in Appendix E.

Sea Ice Concentration

In addition to the brightness temperature, information about the sea ice concentration (SIC)
are needed. SIC is used as a flag for the retrieval since is only applied for SIC ≥ 80%. If
SIC is below 100%, GR(19/7) is corrected for the contribution of open water following
Ivanova et al. (2015). Here, the ASI sea ice concentration is used (Spreen et al., 2008), which
can be downloaded under https://seaice.uni-bremen.de/databrowser/ (status, 05 February
2020). The product is provided on a polar stereographic grid and has a resolution of 6.25 km
x 6.25 km. It is resampled to 25 km x 25 km using the Pyresample Python package (see
https://pyresample.readthedocs.io/en/latest/, accessed, 05 July 2019).

https://seaice.uni-bremen.de/databrowser/
https://pyresample.readthedocs.io/en/latest/


150 Snow Depth Dataset

Sea Ice Type

The retrieval uses a different set of regression coefficients for FYI and MYI. Over MYI, snow
depth is only retrieved in March and April. During the rest of the winter season (November
to February), the retrieval is only applied if the MYI concentration in a pixel is ≤ 20%. In
March an April, if the MYI concentration is between 0% and 100%, a linear interpolation
between the FYI and MYI retrieval is applied. First the FYI and MYI snow depths are
derived assuming 100% FYI and 100% MYI concentration, respectively and then averaged
by weighting them with the actual MYI concentration. In principal, a similar technique
as used for the correction of the SIC could be applied to correct for the influence of MYI.
However, the tiepoints for the different ice types at the microwave frequencies used here
have high uncertainties and this leads to large uncertainties in the retrieved snow depth. The
interpolation method, however, might not be the most accurate. But given the fact that the
differences in the retrieval coefficients over FYI and MYI are small, the error by assuming a
linear scaling with the MYI concentration acceptable.

Melt Filter

The retrieval can only be applied for dry snow conditions. ERA5 reanalysis 2 m air temper-
ature data are used to detect possible melt in the snow. The threshold value is set to 2◦C
since liquid water is already found in the snow at temperatures above the freezing point (see
e.g., figure 5.22). Another possibility could be using a snow melt onset algorithm based on
satellite observations as developed by Arndt and Haas (2019) for snow on Antarctic sea ice,
which is not implemented yet.



Appendix E

Satellite Data

The satellite data used in for this work are the resampeled and regridded passive microwave
satellite observations from the AMSR-E and AMSR2 sensors (Cavalieri et al., 2014; Maeda
et al., 2016) deployed at the satellite missions Aqua (AMSR-E) and GCOM-W1 (AMSR2).
The AMSR-E dataset used in this study is the AMSR-E/2 brightness temperatures, resampled
to a polar grid are used (Cavalieri and Comiso., 2014a,b). The instrument descriptions
of AMSR-E and AMSR2 sensor are given in Table E.1 and Table E.2. Both instruments
are conical scanning systems rotating with 40 rmp. The AMSR-E scanner measures at 6
frequencies from 6.925 GHz to 89 GHz at horizontal and vertical polarisation. The AMSR2
scanner measures in addition at 7.3 GHz. Although both sensors are using the same setup,
their observations have to be inter-calibrated to guarantee consistent timeseries. In this study,
the AMSR2 observations are inter-callibrated using the coefficients derived by Du et al.
(2014). However, the inter-calibrations was performed in tropical regions over rain forest
and ocean (Du et al., 2014) and therefore might not be suited for Arctic regions, especially
for sea ice with its very high emissivity.
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Table E.1: AMSR-E instrument description.

Polarization Horizontal and Vertical
Incidence angle 55◦

Swath (km) 1445
Dynamic Range (K) 2.7 to 340
Precision (1σ ) 1 K
Center (GHz) 6.925 10.65 18.7 23.8 36.6 89
Bandwidth (MHz) 350 100 200 400 1000 3000
Sensitivity (K) 0.3 0.6 0.6 0.6 0.6 1.1
IFOV (km) 74 ∗ 43 51 ∗ 30 27 ∗ 16 31 ∗ 18 14 ∗ 8 6 ∗ 4

Table E.2: AMSR2 instrument description.

Polarization Horizontal and Vertical
Incidence angle 55◦

Swath (km) 1450
Dynamic Range (K) 2.7 to 340
Precision (1σ ) 1 K
Frequency (GHz) 6.925/7.3 10.65 18.7 23.8 36.5 89

Bandwidth (MHz) 350 100 200 400 1000 3000
Sensitivity (K) 0.3 0.3 0.6 0.6 0.6 1.1
IFOV (km) 35 ∗ 62 35 ∗ 62 24 ∗ 42 15 ∗ 26 7 ∗ 12 3 ∗ 5


	Table of contents
	1 Introduction
	1.1 The Arctic Climate System
	1.2 Snow Depth on Arctic Sea Ice Retrievals

	2 Theoretical Background
	2.1 Planck's Law
	2.2 Radiative Transfer
	2.3 Microwave Properties of Snow
	2.4 Applications of the Theory
	2.5 Error Discussion

	3 A New Snow Depth on Arctic Sea Ice Retrieval
	3.1 Data
	3.1.1 Satellite Data
	3.1.2 Operation IceBrigde Snow Depth Measurements
	3.1.3 Ice Type
	3.1.4 Reanalysis Data

	3.2 Regression Analysis
	3.3 Uncertainty Estimation
	3.4 Evaluation
	3.4.1 Evaluation with SLF Measurements
	3.4.2 Timeseries Analysis

	3.5 Discussion
	3.6 Conclusions

	4 Uncertainty Estimation
	4.1 Data and Models
	4.1.1 N-ICE2015 data
	4.1.2 Microwave Emission Model of Layered Snowpacks
	4.1.3 The SNOWPACK Model
	4.1.4 The PAMTRA Model

	4.2 Results
	4.2.1 Influence of the Ice Properties
	4.2.2 Influence of the Atmosphere
	4.2.3 Influence of the Snow Properties

	4.3 Uncertainty of Potential Snow Depth Retrievals
	4.4 Application to the AMSR-E/2 Snow Depth Retrieval
	4.5 Conclusions

	5 Evaluation and Inter-comparison of Existing Snow Depth on Arctic Sea Ice Retrievals
	5.1 Satellite Retrievals
	5.2 Evaluation with In-situ Data
	5.3 Seasonal Cycle
	5.4 Sensitivity to Snow Evolution
	5.5 Discussion
	5.6 Conclusions

	6 Conclusions and Outlook
	6.1 Conclusions
	6.2 Outlook

	References
	Appendix A Gaussian Error Propagation
	Appendix B N-ICE2015 Snow Pit Data
	Appendix C SNOWPACK Initialisation Files
	Appendix D Snow Depth Dataset
	Appendix E Satellite Data

