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Abstract

The major challenge of deriving sea ice concentration from the high resolution 89 GHz passive
microwave observation is the strong atmospheric attenuation caused by water vapor and liquid
water path, and surface variability induced by wind and temperature. In this study, we improve
an 89 GHz sea ice concentration retrieval algorithm called the Arctic Radiation and Turbulence
Interaction STudy (ARTIST) Sea Ice (ASI) algorithm, by correcting the observed brightness tem-
peratures for these weather influences before they enter the algorithm. The instrument used is
the Advanced Microwave Scanning Radiometer - Earth Observing System (EOS) (AMSR-E) on
board NASA’s Aqua satellite. The weather correction is realized by simulating changes induced by
weather influences in the top of atmosphere brightness temperatures through a radiative transfer
model. Two correction schemes are tested, one utilizing the numerical weather prediction data as
input, and the other the retrievals of an optimal estimation method. Two improved versions of
the ASI algorithm, ASI2 and ASI3, are developed respectively based on the corrected brightness
temperatures and new tie points.

Reference ice concentration data sets consisting of pure open water and 100% sea ice supple-
mented with ice type and melt ponds information are constructed for testing and evaluating the
weather correction. Weather influences over the 89 GHz brightness temperatures are quantified
over pure surfaces of open ocean, first-year and multiyear ice. Open ocean yields much higher
sensitivity than both ice types due to its low emissivity. Ice type differentiation is less important
in the context of weather correction because of their similar sensitivity.

The ASI2 algorithm includes correction for wind, water vapor and surface temperature. Liq-
uid water path is excluded due to the inadequacy of numerical weather prediction which poorly
represents the small scaled and highly variable clouds. Evaluation of ASI2 over the reference ice
concentration data set shows reduced ice concentration uncertainties compared to ASI over open
ocean, yet similar values over sea ice due to the higher sensitivity of the former. The weather
correction alters the ASI2 tie points compared to ASI: 47 K→72 K over open water, 11.7 K→12 K
over sea ice. This wider dynamic range of the tie points, together with an improved weather filter
based on the corrected brightness temperatures at lower frequencies, allow ASI2 to better retrieve
low ice concentration and resolves a more exact ice concentration gradient across the ice edge. The
ASI2 retrievals reveal better agreement with Landsat ice concentration, reducing the bias and rms
error (13.3±23.7% → −10.6±21.3%) compared to ASI.

The most influencing component of the ASI3 algorithm is including liquid water path correc-
tion, the largest weather influence contributor. The optimal estimation data better approximates
liquid water path in the Arctic compared to the numerical weather prediction. This results in even
wider dynamic range of water/ice signatures after correction: the open water tie point becomes
80 K, and sea ice 14 K. Testing against the reference data set, ASI3 reduces the ice concentra-
tion bias to within 1% and uncertainties to around 3% over open ocean and 100% sea ice alike,
much lower than that of ASI. ASI3 reveals better agreement with Landsat ice concentration as
well. Moreover, it reduces the weather patterns over pack ice and corrects the occasional under-
estimation of ASI ice concentration in the center of Arctic, resulting in more homogeneous ice
concentrations.

i



Contents

Abstract i

1 Introduction 1

2 Physical background 7
2.1 Sea ice in the Arctic . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.2 Sea ice remote sensing principles . . . . . . . . . . . . . . . . . . . . . . . . 8
2.3 Radiative transfer theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

3 Data sets 15
3.1 AMSR-E Level 2A and AMSR2 Level 1R . . . . . . . . . . . . . . . . . . . 15
3.2 Inputs to the weather correction scheme . . . . . . . . . . . . . . . . . . . . 17

3.2.1 ERA-Interim . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.2.2 OEM data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
3.2.3 Surface emissivity . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
3.2.4 Input ice concentration . . . . . . . . . . . . . . . . . . . . . . . . . . 19

4 Methodology 23
4.1 Weather correction scheme . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.2 Radiative transfer model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
4.3 ARTIST Sea Ice algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

5 Constructing reference data sets of pure surfaces 29
5.1 Reference data with 0% and 100% ice concentration . . . . . . . . . . . . . 29
5.2 First-year ice and multiyear ice . . . . . . . . . . . . . . . . . . . . . . . . . 30

5.2.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
5.2.2 First-year ice identification . . . . . . . . . . . . . . . . . . . . . . . 33
5.2.3 Multiyear ice identification . . . . . . . . . . . . . . . . . . . . . . . 36
5.2.4 FYI and MYI tie points . . . . . . . . . . . . . . . . . . . . . . . . . 38

5.3 100% sea ice in summer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
5.3.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
5.3.2 Brightness temperatures evolution in summer . . . . . . . . . . . . . 43
5.3.3 Brightness temperature dependence on melt pond fraction . . . . . . 45
5.3.4 Summer ice tie points . . . . . . . . . . . . . . . . . . . . . . . . . . 47

ii



Contents

6 ASI2 algorithm 49
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
6.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
6.3 ASI2 algorithm development . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

6.3.1 Sensitivity of simulated brightness temperatures to atmospheric pa-
rameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

6.3.2 Selecting atmospheric parameters for brightness temperature correc-
tion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

6.3.3 Tie points and new weather filter . . . . . . . . . . . . . . . . . . . . 55
6.4 ASI2 algorithm evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

6.4.1 Validation over 0% and 100% ice concentrations . . . . . . . . . . . . 60
6.4.2 Comparison to MODIS image . . . . . . . . . . . . . . . . . . . . . . 62
6.4.3 Comparison to Landsat-5 TM and Landsat-7 ETM+ . . . . . . . . . 64
6.4.4 Comparison to other passive microwave algorithms . . . . . . . . . . 66

6.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

7 ASI3 agorithm 75
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
7.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
7.3 ASI3 algorithm development . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

7.3.1 ASI3 SIC sensitivity to atmospheric parameters . . . . . . . . . . . . 77
7.3.2 Correction for liquid water path . . . . . . . . . . . . . . . . . . . . . 84
7.3.3 New tie points . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
7.3.4 Empirical water mask . . . . . . . . . . . . . . . . . . . . . . . . . . 89

7.4 ASI3 algorithm evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
7.4.1 ASI3 evaluation over 0% and 100% ice concentrations . . . . . . . . 91
7.4.2 Weather pattern over ice pack . . . . . . . . . . . . . . . . . . . . . . 95
7.4.3 Comparison to Landsat-5 TM and Landsat-7 ETM+ . . . . . . . . . 97

7.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

8 Summary and conclusions 105
8.1 Reference ice concentration data set . . . . . . . . . . . . . . . . . . . . . . 107
8.2 Weather influences over brightness temperatures . . . . . . . . . . . . . . . 108
8.3 ASI2 algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
8.4 ASI3 algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

List of acronyms 115

iii



Contents

iv



1 | Introduction

Sea ice covers 7% to 15% of the ocean surface mostly located in the polar regions [Shokr and
Sinha, 2015]. The production of sea ice supports the deep water formation in the Greenland
Sea and Weddell Sea. Ice forms in Arctic winter reaching its maximum extent each March of
approximately 14–16 million square kilometers, and melts in summer reaching its minimum
extent each September of about 7 million square kilometers [Lubin and Massom, 2006].
These numbers have been declining rapidly in the past two decades in response to the
global climate change [Comiso, 2012b]. The presence of sea ice over the ocean surface
reduces the ocean-atmosphere heat exchange due to its low thermal conductivity. Snow
on top of sea ice conducts even less heat. It acts like a blanket and reduces the rates of
freezing and melting [Ulaby et al., 2014]. In winter, the Arctic basin is mostly covered
by sea ice. Ice coverage determines the latent heat, sensible heat and long-wave radiative
exchange between ocean and atmosphere. The albedo of snow-covered sea ice is 0.7 to 0.9,
much higher than the surrounding ocean water (0.06) [Shokr and Sinha, 2015]. Ice thus
reflects more solar radiation than open water. In summer, ice affects the amount of solar
radiation absorbed by the ocean in the Arctic. When initial warming melts some of the ice
cover, more solar radiation is absorbed by the darker underlying surfaces which leads to
further warming and more ice reduction. This positive feedback is the main cause of Arctic
amplification, the phenomenon in which surface air temperature trends and variability are
larger in the Arctic region than for the globe as a whole [Serreze and Barry, 2011]. Sea
ice extent retreat is both the drive and manifestation of the global climate change. An
accurate knowledge of the spatial and temporal distribution of sea ice is thus essential to
understand and predict weather and climate [Lubin and Massom, 2006].

Satellite observations are the primary data source for monitoring sea ice. Sea ice is
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Chapter 1. Introduction

mainly located in the remote high latitude regions where weather conditions are hostile.
As a result, in-situ measurements are difficult to acquire. Moreover, ice floes are drifting
constantly driven by wind force, ocean currents and internal stress. To provide adequate ice
condition data for navigation, weather prediction and climate research, the ice monitoring
technique requires complete spatial coverage in the polar regions and frequent overflights
to capture the dynamics of sea ice. The near-polar orbiting satellites satisfy these require-
ments. Passive microwave satellites are particularly suitable for sea ice observations be-
cause of their ability to image the surface under any light condition. Radiometers measure
the thermal radiation emitted by the surface and the atmosphere in the form of brightness
temperature (TB). Surface radiation can penetrate non-precipitating clouds, allowing ra-
diometers to see through weather influences to a certain extent. This gives microwave
sensors an extra advantage to observe sea ice under broader weather conditions.

Passive microwave remote sensing has been providing sea ice observation data since the
launch of the Electrically Scanning Microwave Radiometer (ESMR) in 1972. The frequency
range and spatial resolution of the radiometers have been improved ever since. The Special
Sensor Microwave Imager (SSM/I) launched in 1987 extended the frequency range to near
90 GHz (85.5 GHz) and improved the spatial resolution from 25 km to 12.5 km compared
to its precursors. In 2001, the AMSR-E on board NASA’s Aqua platform was launched. It
measured dual polarized brightness temperatures at 6.9, 10.7, 18.7, 23.8, 36.5 and 89 GHz
at the incidence angel 55 ◦. The spatial resolution increases with the measuring frequency.
At 89 GHz, the instantaneous field of view is 4 km×6 km, greatly improving the spatial
resolution compared to SSM/I (15×13 km at 85.5 GHz) thanks to the larger reflector. After
AMSR-E stopped operating in October 2011, the observation was continued at an enhanced
resolution by the Advanced Microwave Scanning Radiometer 2 (AMSR2) launched in 2012
on board the Global Change Observation Mission (GCOM-W1) satellite.

Sea ice can be distinguished from open ocean due to their distinct radiometric signa-
tures. One footprint of the satellite radiometer often contains the heterogeneous emissions
from water and sea ice. Once the typical brightness temperatures of water and sea ice
are known, one can derive the fraction of sea ice within a footprint, i.e., sea ice concen-
tration (SIC), from the measurements of single frequency or combinations of frequencies
and polarizations. A number of empirical algorithms have been developed to derive sea
ice concentration from the measured brightness temperatures. Many of these algorithms,
such as SICCI [Ivanova et al., 2015], NASA Team [Cavalieri et al., 1984] and Bootstrap
[Comiso et al., 2003, Comiso, 1995], are based on measurements at 18, 23 and 37 GHz,
restricting the spatial resolution of the retrieval to the coarse resolution of the input data
(approximately 25 km for the AMSR-E and AMSR2 sensors). The first attempt to retrieve
sea ice concentration from the near 90 GHz observations was done by Svendsen et al. [1987]
utilizing the SSM/I 85 GHz data. Kern [2004] combines the Svendsen et al. [1987] model
together with a weather correction scheme to retrieve sea ice concentration in both hemi-
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spheres using the normalized brightness temperature polarization difference of the SSM/I
85 GHz data. The ASI algorithm [Spreen et al., 2008] was developed in particular to ben-
efit from the enhanced spatial resolution of AMSR-E, the successor of SSM/I. The ASI
algorithm utilizes the polarization difference of brightness temperatures at 89 GHz which
has the highest resolution among sensor’s channels. Compared to the widely used 18 GHz
and 37 GHz based algorithms, the ASI sea ice concentration improves the horizontal res-
olution by a factor of more than four. It is thus able to reveal fine features of ice such
as leads [Beitsch et al., 2014], and better map the ice conditions in regions of mixed open
water and sea ice [Spreen et al., 2008].

However, the atmosphere is less transparent at 89 GHz than at the lower frequencies.
The measurements at 89 GHz are consequently more affected by weather influences. This
undermines the accuracy of the ASI retrievals especially in areas of low ice concentration.
Influences from the atmospheric water absorption/emission and wind-roughened ocean
surface scattering in general increase the ASI retrieved ice concentration, and often lead
to erroneous ice detection over open ocean. The uncertainty of ASI ice concentration may
reach up to 25% in low ice concentration regions [Spreen et al., 2008]. Within the pack ice
over and underestimation can occur due to weather effects as well.

To reduce the weather influences on the sea ice retrievals, a common approach is
to apply threshold based weather filters that eliminate erroneous ice concentration on
a statistical basis [Cavalieri et al., 1995, Gloersen and Cavalieri, 1986]. This approach is
widely adopted by empirical sea ice concentration algorithms based on all frequencies. The
weather filters are calculated as the polarization ratio or the gradient ratio of brightness
temperatures at 18.7, 23.8 and 37.5 GHz. Where the weather filters exceed their thresh-
olds, the sea ice concentration retrievals are set to 0%. The disadvantage of this approach
is evident in the marginal ice zone, where either weather induced spurious ice is left un-
corrected, or real sea ice is falsely removed. For the ASI algorithm in particular, the lower
spatial resolution of the weather filters may compromise the detailed retrievals in areas
of intermediate ice concentration. Moreover, such threshold based weather filters do not
correct influences over consolidated ice.

Another approach is to correct the atmospheric influences on the observed brightness
temperatures explicitly before they enter the ice retrieval algorithm. A number of studies
have implemented this approach on various algorithms using different frequencies. The
enhanced NASA Team algorithm (NASA Team 2) [Markus and Cavalieri, 2000] reduces
the atmospheric impact by constructing a lookup table containing all combinations of ice
concentration and 12 classes of atmospheric conditions using a radiative transfer model, and
minimizing the difference between the modeled and measured gradient and polarization
ratios of brightness temperatures at 19 and 85.5 GHz. The SEAlion algorithm [Kern,
2004] corrects the weather influences by iteratively reducing the difference between the
observed and simulated polarization differences at 85.5 GHz using MicroWave MODel
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Chapter 1. Introduction

(MWMOD). Andersen et al. [2006] attempted to correct the weather influence on the
brightness temperatures up to 37 GHz by simulating brightness temperatures using the
MWMOD and a fast radiative transfer model [Wentz, 1997].

In this study, we aim to improve the ASI sea ice concentration retrieval by reducing at-
mospheric influences on the measured brightness temperatures up to 89 GHz. The core of
the atmospheric correction method is to simulate the top of atmosphere (TOA) brightness
temperatures through a radiative transfer model. The dominant weather influences on the
89 GHz brightness temperatures are determined and corrected: wind speed, total water
vapor, liquid water path and surface temperatures. These parameters can be acquired
either from numerical weather prediction (NWP) data or microwave observations. Numer-
ical weather prediction provides consistent geophysical data in the Arctic region. However,
it is of coarser spatial resolution compared to microwave geophysical parameter retrievals,
and often has a large time differences to the satellite swath used for ice concentration re-
trieval. The coarser resolution could lead to smearing in the marginal ice zone. The time
difference is critical for correcting liquid water path which has high temporal and spatial
variability. On the other hand, most microwave techniques only retrieve water vapor and
liquid water path over open ocean, while these two parameters also pose significant impact
over closed ice packs. Therefore, a more adequate geophysical data source could strongly
improve the weather correction.

Taking these aspects into account, we test both NWP data and microwave observa-
tions as the input to the correction, and develop two improved ice concentration algorithms
named ASI2 and ASI3 respectively. Both algorithms are based on the corrected 89 GHz
brightness temperatures and newly identified signatures of sea ice and water. In addition,
relaxed weather filters and climatological ice masks are applied to screen out remaining
spurious ice in lower latitudes. During the algorithm development stage, the impact of
each parameter on the brightness temperatures and the retrieved ice concentrations are
quantitatively evaluated through a radiative transfer model. All single parameter correc-
tions and all possible parameter combinations are tested to determine the most efficient
parameter combination for the correction. To quantify the correction effects, we test the
methods on pure surfaces where the exact surface type is known, i.e., validated sites with
0% and 100% ice concentrations. The corrected ice concentrations are compared to these
reference ice concentration values. The average corrected ice concentration shows how well
the new algorithms can retrieve true ice concentration values, whereas the standard devi-
ation shows how exact the retrievals are. With the new algorithms developed, the results
of ASI2 and ASI3 are then verified with other passive microwave retrievals and optical
images.

The dissertation is structured as following. Principles related to microwave remote
sensing of sea ice and fundamentals of radiative transfer theory are introduced in Chapter 2.
Chapter 3 describes the satellite measurements used for the ice concentration retrieval and
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the geophysical data used for the weather correction scheme. In the result part, we start
with constructing reference data sets consisting of pure surfaces under different weather
conditions in Chapter 5.

The development and evaluation of ASI2 algorithm follows in Chapter 6.
Chapter 7 showcases the second approach of atmospheric correction using geophysical

parameters retrieved by an optimal estimation method. The ASI3 algorithm is developed
and evaluated with reference ice concentration data and Landsat imagery.

Finally, conclusions and summaries of all the studies are drawn in Chapter 8.
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2 | Physical background

The focus of this study is remote sensing of sea ice in the Arctic region using passive
microwave observations. In the theory section, we will introduce the basis of sea ice physics,
microwave remote sensing principals relevant to sea ice retrieval, and the radiative transfer
theory.

2.1 Sea ice in the Arctic

Sea ice forms from freezing sea water. The growth of Arctic sea ice is primarily thermody-
namically driven, and the dissipation is also dynamically driven. The salinity and density
of surface sea water are the most influencing factors for sea ice formation, composition and
growth [Ulaby et al., 2014].

The formation of sea ice involves three major stages [Shokr and Sinha, 2015]. In the
first stage, rapid cooling occurs. Minute ice crystals are nucleated in sea water then grow
sufficiently to needles and disks known as frazil ice. The frazil crystals are suspended in
water, forming a slushy water consistency. The ice crystals then grow laterally. Depending
on the ocean surface conditions, the lateral ice growth undergoes two different processes.
Under calm condition, frazil crystals join together to form an oily, opaque layer on the
surface called grease ice. Nilas are formed upon further freezing, appearing as an elastic
crust. Under windy and turbulent conditions, frazil crystals are compressed following the
wave action and form disc-shaped features called pancake ice with typically raised edges
caused by collision. Wind and currents may push the thin ice sheets formed under calm
condition to slide over each other, a process called rafting. Ridging occurs when sea ice
bends or fractures and piles up on itself forming a ridge line [Ulaby et al., 2014]. The third
stage is marked by vertical columnar growth known as congelation ice, which is composed
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Chapter 2. Physical background

of vertical ice crystals that gradually increase in size with depth.
Salts originally dissolved in the sea water are rejected during the formation and growth

of sea ice, raising the sea water salinity and density, causing it to sink. In the cold polar
regions, changes in salinity have stronger impact on the ocean density than changes in
temperature. The salt rejection processes during ice formation thus contributes to the
deep-ocean currents and the global ocean conveyor belt. When initial solidification occurs,
salts accumulate into brine droplets and are slowly expelled from ice crystals. Some of the
brine is trapped, forming brine pockets within the ice. Aided by gravity, brine migrates
downward through holes and channels in the ice over time, and eventually drains to the
underlying sea water. During Arctic summer, melted fresh water on top of sea ice further
flushes the remaining brine through the channels. This desalination processes continue
throughout the lifetime of the ice floe.

Sea ice can be categorized according to its age. The semi-enclosed Arctic basin allows
ice to circulate within the high latitude region and some remains frozen during the melting
season. Ice of no more than one year’s growth is known as first-year ice (FYI). If first-year
ice survives one melting season, it becomes multiyear ice (MYI). Although more complex
ice types can be distinguished according to their growth stage and thickness, these two
major types are adequate enough for many purposes. First-year ice and multiyear ice
entail distinct physical properties as a result of growth processes and ice decay. The
continuous brine drainage leaves air inclusions in the ice, making the salinity and density
of multiyear ice much lower than that of first-year ice. Multiyear ice is in general much
thicker than first-year ice. The surface of multiyear ice features hummocks (weathered
ridges) and depressions (melt pond ice). For remote sensing, first-year and multiyear ice
present different electromagnetic properties that radiometers can detect and distinguish.
The signatures of the two ice types at AMSR-E frequencies are discussed in Chapter 5.2.

2.2 Sea ice remote sensing principles

Emission in the microwave spectrum is expressed as brightness temperature (TB), which
is defined as the physical temperature of a black body that emits the same amount of
radiation. A black body is a hypothetical material that is a perfect absorbent and perfect
emitter of energy. The radiation flux from a black body at a given frequency ν and physical
temperature T is defined by the Planck’s equation:

RB(ν) =
2hν3

c2
(

1

ehν/kT − 1
) (2.1)

where h is Planck’s constant, k is Boltzmann’s constant, and c is the speed of light in
vacuum.

In the microwave spectrum (1–300 GHz), the ehν/kT term can be approximated by the
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2.2. Sea ice remote sensing principles

first order term of its Taylor expansion. The Planck’s equation can thus be reduced to
Rayleigh-Jean’s equation:

RB(ν) =
2kTν2

c2
. (2.2)

The black body radiation is therefore a linear function of its physical temperature.
Emissivity ϵ is a physical property defined as the ratio of the emitted radiation from a

given body (gray body) to the radiation from a black body at the same physical tempera-
ture:

ϵ =
RG

RB
. (2.3)

Combining with Equation 2.2, the emissivity in the microwave regime can be expressed as
the ratio of the brightness temperature to the physical temperature:

ϵ =
TB

T
. (2.4)

Surface radiation in the microwave spectrum is dominantly influenced by the emissiv-
ity determined by physical composition and properties of the medium. Parameters such
as temperature, salinity, surface roughness and moisture contents feed into the dielectric
constant and determine how the surface interacts with radiation. The thickness of the
radiating layer, so called penetration depth, is where the intensity of the radiation inside
the material falls to 1/e of the radiation at the surface. Sea ice is a heterogeneous media
consisting of ice crystals, brine inclusions and air bubbles, and often has stratified snow
deposit on the top. The high variation of these components results in highly variable pen-
etration depth. The penetration depth of sea ice decreases with increasing frequency and
is related to ice type [Ulaby et al., 2014]. Multiyear ice has larger penetration depth than
first-year ice due to its lower salinity and density [Mathew et al., 2009]. Field measure-
ments by the Norsex Group [1983] shows that the penetration depth at 90 GHz is about
1 cm over nilas and a few centimeters over old ice. Because of the limited penetration, snow
contributes to the radiation at 90 GHz as soon as it accumulates on top of sea ice. Volume
scattering within the snow layer thus casts stronger influence at 89 GHz than the lower
frequencies, introducing more uncertainties to the ice emissivity. Dry snow on top of sea
ice decreases the emissivity [Perovich et al., 1998], whereas wet snow increases it [Onstott
et al., 1987]. The penetration depth over ocean is within 1 millimeter at frequencies above
10 GHz (Figure 18.4b from Ulaby et al. [2014]).

With the a priori knowledge of ice and water signatures, sea ice concentration can be
determined using single frequency brightness temperatures or combinations of frequencies
and polarizations. Figure 2.1 summarizes the vertical and horizontal emissivities of sea
ice and ocean in the frequency range 0–100 GHz measured at an incident angle of 50◦ by
the Norsex Group [1983] in winter and by the Onstott et al. [1987] in late summer. The
vertical dashed lines annotate the AMSR-E frequencies at 18, 37 and 89 GHz. The contrast
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Chapter 2. Physical background

Figure 2.1: Emissivities of first-year ice (green), late summer ice (cyan) multiyear ice
(red) and open water (blue) at the AMSR-E frequencies at vertical (V) and horizontal (H)
polarizations. From Spreen et al. [2008]

between first-year ice and open water emissivities is evident over the whole frequency range.
Late summer ice (mixed first-year ice and multiyear ice) shows even higher emissivities
than first-year ice in winter. Multiyear ice emissivity is similar to the first-year ice at
the lowest frequency (4.7 GHz), and decreases with frequency. At 89 GHz, the emissivity
polarization differences of all ice types (A, B, C) are similar and much smaller than that of
water (D), providing the basis for deriving sea ice concentration from the 89 GHz brightness
temperatures.

2.3 Radiative transfer theory

The brightness temperature measured by a down-looking satellite radiometer is composed
of different contributions from the surface and the atmosphere: the thermal emission from
the surface, the up-welling atmospheric emission, the down-welling atmospheric emission
scattered and reflected back to the antenna by the surface. As the emission from surface
and atmosphere propagates through the atmosphere, part of it is scattered and absorbed
by the atmospheric components.

A radiative transfer equation describes how each component contributes to the mea-
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2.3. Radiative transfer theory

sured brightness temperature TB. It can be expressed as

TB = TBU (ν, θ) + ϵ(ν, θ)Tsτ(ν, θ) + [1− ϵ(ν, θ)]TBD(ν, θ)τ(ν, θ), (2.5)

where TBU and TBD are the up-welling and down-welling radiation of the atmosphere
respectively, ϵ is the surface emissivity, Ts is the physical temperature of the emitting
layer, τ is the total atmospheric transmittance, ν and θ denote the observing frequency
and angle respectively.

Interaction between thermal radiation and the atmosphere depends on the absorp-
tion/emission spectra of each component, their abundance in the atmospheric column
and, for liquid or solid particles, their size relative to the radiation wavelength. Three
components, oxygen, water vapor and liquid water in the form of clouds and rain (liquid
water path), contribute to the atmospheric absorption in the microwave spectrum below
100 GHz. The sum of the absorption coefficients of these three components determines
the total atmospheric transmittance [Wentz and Meissner, 2000]. Figure 2.2 shows the
absorption spectrum of the main atmospheric components in the frequency range below
100 GHz. To map the surface condition with fewer atmospheric influences, frequencies
with strong atmospheric absorption should be avoided, i.e., the water vapor absorption
line at 22.235 GHz, the oxygen absorption in the range 50–70 GHz. This is why most
sea ice retrieval algorithms utilize the 10, 18 and 37 GHz frequencies. The 89 GHz on the
other hand exhibits almost as strong water vapor absorption as at the absorption line. The
cloud absorption at 89 GHz is one magnitude higher than at 37 GHz. Weather correction
is therefore essential for the 89 GHz sea ice algorithm.

The emission of the ocean at a given frequency is characterized by the physical tem-
perature, salinity and surface roughness. Salts dissolved in sea water increase the ionic
conductivity and increase the loss factor of the dielectric constant below 3 GHz, whereas
having little impact above 10 GHz [Ulaby et al., 2014]. Influence of salinity on the ocean
emissivity is thus negligible at the AMSR-E frequency range. Surface temperature on the
other hand increases the dielectric constant of sea water at 89 GHz, and in turns decreases
the emissivity. According to the sea water dielectric model described in Wentz and Meiss-
ner [2000], 1 K increase in sea surface temperature leads to −0.3 and −0.8 K change in
the 89 GHz brightness temperatures at vertical and horizontal polarizations respectively.

The microwave emission of a calm ocean is highly polarized. As its roughness increases
with surface wind, the ocean emission increases and becomes less polarized. Waves of
different scales contribute to the ocean emissivity depending on their wavelength scales
compared to the radiation wavelength. Sea foam increases the ocean emissivity for both
polarizations.

The sea surface roughness also alters the scattered atmospheric emission at the at-
mosphere/ocean interface. For a flat sea surface, the scattering is reduced to specular
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Figure 2.2: The atmospheric absorption spectrum for oxygen, water vapor, and cloud
water. The cloud liquid water is 0.2 mm representing a moderately heavy non-precipitating
cloud layer. From Wentz and Meissner [2000].
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2.3. Radiative transfer theory

reflection. Only the sky radiation from one direction is reflected to the antenna zenith
angle and the scattered radiation is simply the production of the specular reflectivity R
and the down-welling sky radiation TBD. For a rough sea surface, the tilted surface reflects
sky radiation from other directions as well into the antenna direction which increases the
total radiation scattered by the sea surface.

In conclusion, the abundance of water vapor and liquid water path, surface temperature,
and the intensity of wind over ocean all contribute the top of the atmosphere brightness
temperature. The atmospheric attenuation is particularly strong at 89 GHz within the
AMSR-E frequency range, confirming the necessity of weather correction.
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3 | Data sets

In this chapter we introduce the satellite data used for the sea ice retrieval and ice charac-
teristics study, and the geophysical data used in the weather correction schemes of ASI2
and ASI3.

3.1 AMSR-E Level 2A and AMSR2 Level 1R

The passive microwave satellite data used in this study is the AMSR-E Level 2A Version
3 brightness temperature data [Ashcroft and Wentz., 2013]. AMSR-E is a radiometer on
board NASA’s spacecraft Aqua. It was in operation from May 2002 to October 2011.
The instrument measured brightness temperatures at a constant incidence angle of 55◦ at
six different frequencies ranging from 6.9 to 89 GHz at horizontal (H) and vertical (V)
polarizations. Consequently, the spatial resolution of the individual measurement varies
from 5.4 km at 89 GHz to 56 km at 6.9 GHz. The sampling interval along the track direction
is 10 km for the lower frequencies, and 5 km for the 89 GHz realized by employing two feed-
horns A and B. The A-scan feed-horn was broken after 4 November, 2004. The technical
characteristics of AMSR-E are shown in Table 3.1.

The AMSR-E Level 2A product provides brightness temperatures of each frequency
channel spatially resampled to a variety of common resolutions. The resampling is re-
alized by averaging multiple samples of the higher resolution antenna temperatures into
the coarser resolution Instantaneous Field of view (IFOV) of the lower resolution chan-
nels. The actual measurements are weighted and fit into the target antenna pattern with
weighted coefficients calculated by the Backus-Gilbert method. Coefficients are unique for
every position along the scan line yet constant for all scans. The antenna temperatures
within 80 km of the target pattern are considered for the fitting procedure. A smoothing
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Table 3.1: Technical characteristics of the AMSR-E instrument, from [Imaoka et al.,
2002].

Polarization Horizontal and vertical
Incidence angle 55◦

Swath 1445 km
Dynamic Range (K) 2.7 to 340
Precision 1 K (1σ)
Center Frequency
(GHz)

6.925 10.65 18.7 23.8 36.5 89.0

Bandwidth (MHz) 350 100 200 400 1000 3000
Sensitivity (K) 0.3 0.6 1.1
IFOV (km) 74 x

43
51 x
30

27 x
16

31 x
18

14 x
8

6 x 4

Sampling Interval
(km)

10 x 10 5 x 5

Integration Time
(msec)

2.6 1.3

Beamwidth (degrees) 2.2 1.4 0.8 0.9 0.4 0.18

factor is applied to each point across the scan line to keep the noise at the edges where
observations are denser to the same level as at the center [Ashcroft and Wentz, 2000]. Error
occurs from two sources in the resampling procedure: mismatch between the fit and the
target antenna pattern, and random measurement error. In other words, the variance of
the resampled brightness temperature is determined by the weighting coefficients and the
observation error. As multiple high resolution observations are fit into the target antenna
pattern of lower resolution, the measurement error of single observation is reduced.

For the weather correction study, brightness temperatures from 18.7, 36.5 and 89 GHz
are required. The 89 GHz brightness temperatures at both polarizations are used for
retrieving ice concentration. The lower frequencies are used for screening out the remaining
spurious ice over open ocean. All used brightness temperatures are at the resolution of the
18.7 GHz , i.e., 21 km, to guarantee an identical field of view. For the sea ice concentration
retrieval, the original resolution of the 89 GHz will be used.

The successor of AMSR-E, AMSR2 on board the GCOM-W1 satellite measures at
the same dual polarizations frequencies plus the 7 GHz channels. It provides a similar
spatially resampled brightness temperature product called the AMSR2 Level 1R [Maeda
et al., 2016]. A subset of the AMSR2 Level 1R is used for training and validating the ASI2
algorithm and for the ice type identification study.
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3.2 Inputs to the weather correction scheme

3.2.1 ERA-Interim

For the ASI2 correction scheme the needed geophysical parameters are acquired from ERA-
Interim reanalysis data [Dee et al., 2011] provided by the European Centre for Medium-
Range Weather Forecasts (ECMWF). All geophysical parameters are collocated in space
and time (within 1.5 hours difference) with the AMSR-E/2 observations.

ERA-Interim is a global atmospheric reanalysis data set describing the recent history
of the atmosphere, land surface and oceans. The data assimilation system used to pro-
duce ERA-Interim includes a 4-dimensional variational analysis with a 12-hour analysis
window. The spatial resolution of the data set is approximately 80 km (T255 spectral) on
60 levels in the vertical from the surface up to 0.1 hPa. ERA-Interim provides vertically
integrated parameters such as liquid water path and total water vapor, as well as surface
level parameters like 10 meter wind speed, skin temperature and 2 meter air temperature.

The ERA-Interim reanalysis data provides surface level forecast and analysis data.
The analysis data is available with a six hours interval for the needed parameters 2 m
temperature, 10 m wind speed and vertical integral of water vapor. The forecast data
is available up to every three hours for all the needed parameters including atmospheric
liquid water path. To cover all the considered parameters for the atmospheric correction,
we choose the 3 hourly forecast data at 0.75◦ resolution [Dee et al., 2011]. The forecast
is initialized by the analysis data at 0 or 12 o’clock every day with 3, 6, 9 or 12 hours
steps. The following ERA-Interim parameters are evaluated as input to the ASI2 correction
scheme: total water vapor (TWV), liquid water path (LWP), wind speed (WS), 2 m air
temperature (T2m) and skin temperature (Tsk).

Tsk is the temperature of the interface of atmosphere and surface. For consolidated ice,
Tsk might be a few Kelvin different from the temperature of the emitting layer (Temit).
The penetration depth of the microwave radiation varies with ice type and frequency. At
89 GHz, the penetration depth is less than 1 cm for first-year ice and about 4 cm for
multiyear ice [Tonboe et al., 2006]. The snow cover, however, can further modulate the
measured brightness temperatures. Mathew et al. [2009] found that Temit is linearly related
to the lowest level air temperature (T2m) at AMSR-E frequencies.

At 89 GHz during Arctic winter (December to March), the emitting layer temperature
is estimated as:

Temit = 0.37× T2m − 4.2. (3.1)

In spring (April to May) and autumn (August to November):

Temit = 0.37× T2m − 2.8. (3.2)
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How much does the difference between emitting layer temperature and skin temperature
affect the weather corrected brightness temperatures and ice concentration? To answer
that, we test in Chapter 6.3.2 both parameters as surface temperature in the atmospheric
correction scheme of ASI2.

3.2.2 OEM data

The geophysical parameters needed for the ASI3 weather correction scheme, total water
vapor, 10 m wind speed, liquid water path and surface temperature are acquired from the
optimal estimation method (OEM) [Scarlat et al., 2017]. It retrieves ensembles of surface
and atmospheric parameters in the Arctic using AMSR-E data at the frequencies 6.9 to
36.5 GHz. The method inverts the Wentz radiative transfer forward model [Wentz and
Meissner, 2000] to find a set of geophysical parameters that best fit the measured satellite
TOA TBs measurements. Seven geophysical parameters, total water vapor, liquid water
path, wind speed, sea surface temperature, ice surface temperature, total ice concentration
and multiyear ice fraction are retrieved simultaneously by the OEM. The retrieval results
are of the same spatial resolution as the lowest frequency channel involved, i.e. 56 km at
6.9 GHz.

The OEM data show good agreement with the Arctic Systems Reanalysis model data
[Bromwich et al., 2016] and two independent total water vapor remote sensing data sets,
over pure surface with 100% and 0% sea ice cover [Scarlat et al., 2017]. The OEM sea
ice concentration and ice type retrievals also perform well for pure surface cases, for which
ground truth data of high reliability are available.

The major advantage of the OEM compared to other microwave retrieval techniques
is that it retrieves liquid water path and water vapor over consolidated ice as well as over
open ocean. This is vital for reducing weather influences over ice packs (Chapter 7.4.2).
Unlike the ERA-Interim reanalysis data, the OEM retrievals are at exactly the same over-
flight times and places as the inputs of the ice concentration retrieval. This minimizes
the mismatch between the atmospheric input to the correction and the real atmospheric
condition and greatly improves the correction results (Chapter 7.4.1).

3.2.3 Surface emissivity

Surface emissivity is needed as well to initialize the forward model for brightness temper-
ature simulation 4.2.

For open ocean, the surface emissivity is simulated by the forward model using physical
temperature, salinity and surface roughness.

For sea ice, the surface emissivity is the sum of first-year ice and multiyear ice emissiv-
ities weighted by their respective fractions. The channel specific ice emissivities and the
fractions of each ice type are thus required. We adopt the monthly ice emissivities from
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Mathew et al. [2009] with some modifications. The first-year sites used in Mathew et al.
[2009] melts during summer which leads to underestimation of emissivities from June to
September. To overcome this, new first-year ice emissivities are derived for these months
by linearly interpolating the values of May and October. The resulting modified monthly
emissivities are described in Tables 3.2 and 3.3. In addition, to avoid abrupt change in the
emissivities from one month to the other, the emissivity of each day in a month is derived
by linear interpolation.

Table 3.2: Monthly emissivities of first-year ice at the AMSR-E frequencies.

Month 6.9 10.7 18.7 23.8 36.5 89
January V 0.960 0.959 0.970 0.967 0.951 0.900

H 0.872 0.880 0.899 0.897 0.882 0.852
Febuary V 0.951 0.952 0.965 0.963 0.944 0.882

H 0.852 0.857 0.851 0.867 0.845 0.814
March V 0.963 0.959 0.966 0.961 0.925 0.814

H 0.882 0.882 0.894 0.889 0.853 0.766
April V 0.957 0.955 0.965 0.960 0.921 0.814

H 0.869 0.876 0.895 0.890 0.849 0.766
May V 0.947 0.947 0.959 0.955 0.923 0.838

H 0.829 0.833 0.848 0.843 0.815 0.773
June V 0.894 0.898 0.917 0.919 0.899 0.850

H 0.747 0.755 0.779 0.781 0.766 0.767
July V 0.841 0.849 0.876 0.883 0.875 0.862

H 0.664 0.676 0.710 0.718 0.716 0.761
August V 0.789 0.800 0.834 0.847 0.851 0.875

H 0.582 0.598 0.642 0.656 0.667 0.755
September V 0.736 0.751 0.793 0.811 0.827 0.887

H 0.499 0.519 0.573 0.593 0.617 0.749
October V 0.683 0.702 0.751 0.775 0.803 0.899

H 0.417 0.441 0.504 0.531 0.568 0.743
November V 0.951 0.950 0.962 0.961 0.945 0.912

H 0.840 0.852 0.879 0.883 0.875 0.864
December V 0.958 0.957 0.969 0.958 0.954 0.917

H 0.856 0.866 0.888 0.889 0.877 0.862

3.2.4 Input ice concentration

For the ASI2 correction scheme, the input ice concentration for simulating surface emission
is acquired by the NASA Team algorithm [Cavalieri et al., 1984]. The fractions of first-year
ice and multiyear ice are derived from the combinations of brightness temperatures at 19V,
37V and 37H channels. Although the derived multiyear ice fraction may not be accurate
in all cases, the average polarization difference in emissivity of both ice types at 89 GHz
are similar (0.043 and 0.067 averaged from the monthly emissivities from Mathew et al.
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Table 3.3: Monthly emissivities of multiyear ice at the AMSR-E frequencies.

Month 6.9 10.7 18.7 23.8 36.5 89
January V 0.968 0.944 0.894 0.854 0.762 0.791

H 0.873 0.854 0.822 0.787 0.703 0.749
Febuary V 0.962 0.939 0.896 0.860 0.774 0.801

H 0.862 0.845 0.817 0.785 0.707 0.754
March V 0.961 0.937 0.892 0.855 0.763 0.791

H 0.873 0.855 0.823 0.789 0.704 0.747
April V 0.938 0.915 0.873 0.837 0.757 0.789

H 0.852 0.835 0.805 0.771 0.698 0.744
May V 0.947 0.929 0.899 0.870 0.817 0.841

H 0.862 0.848 0.828 0.799 0.752 0.789
June V 0.958 0.951 0.947 0.932 0.874 0.771

H 0.902 0.895 0.887 0.866 0.806 0.728
July V 0.924 0.921 0.930 0.919 0.878 0.819

H 0.826 0.825 0.841 0.831 0.794 0.765
August V 0.917 0.905 0.881 0.845 0.763 0.748

H 0.826 0.825 0.841 0.831 0.794 0.765
September V 0.946 0.916 0.855 0.815 0.726 0.726

H 0.849 0.814 0.753 0.716 0.655 0.694
October V 0.951 0.919 0.860 0.822 0.724 0.692

H 0.853 0.818 0.767 0.734 0.657 0.655
November V 0.948 0.919 0.866 0.828 0.726 0.713

H 0.849 0.822 0.784 0.753 0.666 0.676
December V 0.968 0.941 0.893 0.858 0.763 0.776

H 0.866 0.844 0.814 0.784 0.702 0.735
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[2009]), much lower than that of open water (0.26). Therefore, uncertainties in multiyear
retrieval will only have marginal influence on the weather corrected ice concentration based
on 89 GHz measurements.

The input ice concentration of the final ASI3 algorithm is derived from the original ASI
algorithm combined with a relaxed open water mask. During the algorithm development,
we also test the NASA Team ice concentration [Cavalieri et al., 1984] as input. The results
are discussed in Chapter 7.3.1.
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4 | Methodology

In this chapter we will introduce how the weather correction works, how brightness tem-
perature simulation is realized, and how sea ice is retrieved from the measured 89 GHz
brightness temperatures.

4.1 Weather correction scheme

The atmospheric correction is carried out by simulating changes in brightness temperatures
caused by the atmospheric water absorption/emission and wind roughened ocean surface
scattering. We use this procedure as a model converting top of atmosphere brightness
temperatures to near surface brightness temperatures.

Figure 4.1 describes the schematic of brightness temperature simulation. To initialize
the forward model, the needed parameters are total water vapor, liquid water path, sea
surface temperature, wind speed, ice surface temperature, first- and multiyear ice concen-
trations.

Total water vapor and liquid water path are input to the radiative transfer model to
simulate the total opacity of the atmosphere. Sea surface temperature and wind speed
are ingested to the ocean surface emissivity model to compute the emission from ocean
surface. Ice surface temperature, concentrations of the two major ice types together with
the empirical ice emissivities described in Chapter 3.2.3 are used for simulating the emission
from sea ice.

The brightness temperatures under two conditions are simulated:

• clear and dry atmosphere (TBM0). The surface temperature is assumed to be 271.15 K
for ocean [Klein and Swift, 1977] and 250K for sea ice. Total water vapor, liquid
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Figure 4.1: Schematic of brightness temperature simulation.

water path and wind speed are all set to zero.

• the actual atmospheric condition (TBMA). The needed geophysical parameters are
taken from the ERA-Interim data (ASI2) described in Chapter 3.2.1 or by the OEM
data (ASI3) described in Chapter 3.2.2.

The difference between these two simulated TBs is interpreted to be caused by weather
influences. Directly using the TBMA may cause a potential systematic bias due to the
uncertainty of the forward model. To prevent that, the corrected TBs are calculated by
subtracting this difference from the measured TBs:

TBC = TB sat − (TBMA − TBM0 ). (4.1)

This correction scheme is applied to all frequency channels of the AMSR-E observations.
Different treatments are applied to different frequency channels depending on their role in
the ice concentration retrieval.

The core frequency of the ice retrieval is 89 GHz. The corrected 89 GHz brightness
temperatures are ingested to the ice retrieval algorithm to compute total ice concentration.
To maintain the fine spatial resolution of this channel in the final ice concentration results,
we apply the correction scheme to the 89 GHz observations at its native resolution. The
geophysical data of coarser resolution is resampled to the swath grid of the 89 GHz scan B
data. This way the simulated brightness temperatures are of the native 89 GHz resolution
as well.

Observations from 18.7 to 36.5 GHz are used in the empirical open water mask to
screen out remaining spurious ice in the final ice concentration product. The correction is
applied to the spatially resampled brightness temperatures at these frequencies described
in Chapter 3.1. The empirical open water mask based on these corrected brightness tem-
peratures are then interpolated to the swath grid of the 89 GHz channel using nearest
Gaussian weighting.
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The frequency channels below 18.7 GHz are not used in this study. We apply the
correction to these channels nevertheless for potential interested users in the future.

4.2 Radiative transfer model

To account for the atmospheric influence on the measured brightness temperatures, a
radiative transfer model is used in the correction. We apply the Wentz forward model
[Wentz and Meissner, 2000], which is a linearized radiative transfer model specifically
developed for AMSR-E frequencies and incidence angle. The forward model consists of
three main components: a radiative transfer equation, a model for the atmosphere, and an
ocean emission/scattering model.

The atmospheric model accounts for the major emitter/absorber at the AMSR-E fre-
quency range: oxygen, water vapor and liquid water path [Wentz and Meissner, 2000].
The absorption coefficients of these three parameters are vertically integrated to calculate
the total atmospheric opacity. The ocean model calculates the dielectric constant of sea
water using the sea surface temperature and salinity, and accounts for the wind-induced
surface roughness with a geometric model. A radiative transfer equation (equation 2.5) de-
termines how much of the thermal emission from the surface, the up-welling sky radiation
and the surface scattered down-welling sky radiation is transferred to the satellite antenna.
Scattering from large rain drops and ice particles are excluded from the radiative transfer
equation. This assumption is valid for clear/cloudy and light precipitation conditions for
AMSR-E frequencies up to 36.5 GHz, yet invalid for 89 GHz where scattering by clouds is
not negligible. Scattering needs to be taken into account under heavy precipitation condi-
tions which account for approximately 5 – 10% cases on average over a long term global
analysis [Boukabara et al., 2011]. Only in this lower percentage of cases would the lack of
scattering in the forward model undermine the weather correction effects.

The original implementation of the Wentz forward model is designed for ocean surface
only. To apply it to the sea ice region, we now consider the surface thermal emission from
each pixel being the sum of ocean and sea ice emissions weighted by their areal fractions:

ϵ = ϵOW COW + ϵFYI CFYI + ϵMYI CMYI, (4.2)

where C denotes areal fraction and the subscripts denote the surface types: OW for open
water, FYI first-year ice, MYI multiyear ice.

The sea ice emission is parameterized as emissions from two ice types, first-year and
multiyear ice, calculated as the product of surface temperature and the corresponding emis-
sivity. The emissivities of first- and multiyear ice present seasonal variabilities throughout
a year. To account for them, instead of using constant emissivities of the two ice types, we
adopt the monthly ice emissivities from Mathew et al. [2009] described in Chapter 3.2.3.
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4.3 ARTIST Sea Ice algorithm

The ARTIST Sea Ice algorithm (ASI) [Spreen et al., 2008] is the basic algorithm we aim
to improve by applying the weather correction scheme.

ASI is an enhancement of the Svendsen sea ice algorithm for near 90 GHz frequencies
[Svendsen et al., 1987], and has been developed to benefit from the high spatial resolution
of the near 90 GHz channels of the SSM/I sensors [Kaleschke et al., 2001]. The contrast in
polarization difference of the brightness temperatures at 89 GHz (PD = TBV−TBH) is the
key feature that distinguishes the signals from sea ice and from open ocean, where the index
V denotes vertical, and H horizontal polarization. Figure 4.2 shows the TOA brightness
temperatures observed by AMSR-E and AMSR2 of first-year ice, multiyear ice and open
ocean at each AMSR-E frequency channel based on the RRDP data set [Pedersen et al.,
2019]. The error bars denote standard deviations. At 89 GHz, the polarization difference of
brightness temperatures of open ocean is approximately 50 K, noticeably larger than that
of both sea ice types (about 10 K). First-year ice shows similar brightness temperatures as
open ocean despite having lower surface temperatures because of its much higher emissivity.
In consequence, surface emission is dominant in the TOA brightness temperatures for sea
ice, whereas weather contamination is dominant for open ocean. This explains the higher
variability of open ocean brightness temperatures.

The total ice concentration is calculated from the polarization difference (PD) of the
brightness temperatures at 89 GHz. The retrieval function is a third-order polynomial of
PD, whose coefficients are determined by the typical values of PD over water (P0) and
consolidated ice (P1), so called tie points. The standard ASI AMSR-E/2 tie points used
for the dataset available at www.seaice.uni-bremen.de are P1 = 11.7 K, P0 = 47 K
[Spreen et al., 2008], which also include the average atmospheric influence. Constant tie
points are used here to achieve a large continuous global ice concentration time series. From
the tie points and boundary conditions on the derivatives, the third order polynomial is
determined as [Spreen et al., 2008]:

C(ASI) = 1.64 · 10−5PD3 − 0.0016 PD2 + 0.0192 PD + 0.9710 . (4.3)

For all PD greater than P0 or less than P1, the corresponding ice concentration is 0%
or 100%, respectively. Figure 4.3.a illustrates the relationship between C(ASI) and PD.
At ice concentration lower than 30%, the relationship between C(ASI) and PD is close
to linear. Near 100% ice concentration, the non-linearity of ASI retrieval curve is more
pronounced. The non-linearity of the retrieval is introduced to account for the atmospheric
influence. When the atmospheric influence is completely discarded, the retrieval functions
become linear (red lines in Figure 4.3).

Two weather filters are adopted to screen out observations contaminated by high at-
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4.3. ARTIST Sea Ice algorithm

Figure 4.2: Typical brightness temperatures of first-year ice (magenta), multiyear ice
(red) and open water (blue) at the AMSR-E/2 frequencies at vertical (solid) and horizontal
(dashed) polarizations based on the RRDP data set [Pedersen et al., 2019]. Error bars
denote the standard deviation.

Figure 4.3: Ice concentration as a function of polarization difference. The blue lines
depict the third-order polynomial retrieval curves: (a) ASI with tie points P1 = 11.7 K,
P0 = 47 K; (b) ASI2 with tie points P1 = 12.3 K, P0 = 72 K; (c) ASI3 with tie points
P1 = 14 K, P0 = 80 K. Red dashed lines show the ice concentration as a linear function of
the polarization difference.
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mospheric water content over the open ocean. The gradient ratio (GR) of the 36.5 and
18.7 GHz channels

GR(36, 18) =
TB36,V − TB18,V

TB36,V + TB18,V
, (4.4)

is used for identifying high liquid water path cases with threshold 0.045. Similarly high
water vapor cases are screened out by gradient ratio GR(23,18) with threshold 0.04. Ice
concentration is set to 0% if any of these two filters exceed its threshold [Spreen et al.,
2008].

For the case the two weather filters do not screen out all anomalies, the Bootstrap
algorithm [Comiso et al., 2003, Comiso, 1995] is used in addition to assure 0% SIC:

C(Bootstrap) = 0 ⇒ C(ASI) = 0. (4.5)

All three weather filters are supposed to only filter out spurious ice in the open ocean. For
low ice concentration, however, they already might get triggered under strong atmospheric
influence situations [Ivanova et al., 2015]. For such cases, low ice concentrations would be
falsely removed and the retrieved ice margins would change.
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of pure surfaces

Reference ice concentration data sets consisting of pure surfaces are constructed. Open
water surface throughout all seasons and 100% sea ice during winter months are introduced
in Chapter 5.1. Pure multiyear ice and first-year ice in winter are identified in Chapter 5.2,
followed by 100% sea ice during melting season with melt pond information in Chapter 5.3.

Such reference data sets enhance our understanding of the ice/water radiometric sig-
natures, and help to evaluate the effect of weather corrections and the retrieval results of
the new ice concentration algorithms.

5.1 Reference data with 0% and 100% ice concentration

The Round Robin Data Package (RRDP) has been produced in the context of the European
Space Agency (ESA) Sea Ice - Climate Change Initiative (SICCI)2 project, providing a
large set of reference sea ice concentration data of 0% and 100% ice concentration in the
Arctic. It includes satellite data related to sea ice concentration from ASMR-E, AMSR2,
-Advanced SCATterometer (ASCAT), together with the collocated geophysical data from
ERA-Interim.

Open water areas (SIC0) are identified near the ice edge from ice charts, climatology
and satellite images. Regions of 100% SICs (SIC1) are determined by the ice drift data set
from Environmental Satellite (ENVISAT) Advanced Synthetic Aperture Radar (ASAR) in
areas of high ice concentration. It is assumed that in near 100% ice area, the small water
fraction is either frozen up or closed by one day of convergent ice drift. This assumption
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is however less reliable in summer due to surface melting.
The Round Robin Data Package provides valuable test data for the construction, eval-

uation and inter-comparison of passive microwave ice concentration retrieval algorithms
[Pedersen et al., 2019]. When constructing a sea ice concentration retrieval algorithm, it is
essential if not most important to determine the typical brightness temperatures of open
ocean and 100% sea ice. The performance of a linear algorithm at any intermediate ice
concentration is the linear interpretation of its performance at the two boundary condi-
tions [Ivanova et al., 2015]. Even for non-linear algorithms such as ASI, uncertainties at
the boundary conditions can still be interpreted as reference for the upper and lower limits
of the algorithm uncertainty. Evaluating an algorithm using the RRDP data set therefore
helps to estimate its uncertainty in the full ice concentration range. The RRDP data set
has been used for numerous studies for training and developing sea ice concentration related
algorithms such as SICCI [Lavergne et al., 2019] and OEM [Scarlat et al., 2017]. When
it comes to algorithm inter-comparison, the tie points adopted by each algorithm may in-
troduce potential bias in the retrieved ice concentration. A successful comparison requires
reference ice concentration as close as possible to the ground truth, and tie points derived
in a consistent manner. The RRDP data set is thus ideal for algorithm inter-comparison
studies, and is used in Ivanova et al. [2015], Kern et al. [2019], etc.

For our research, the RRDP data set is used for evaluating the weather correction effects
and the retrieved ice concentrations of the ASI2 and ASI3 algorithms. The evaluation is
implemented in winter months only (October to May) due to the limitation of SIC1 data
in summer when melt ponds may occur. Figure 5.1 and 5.2 show the location of all
used validation scenes with 0% and 100% sea ice. Although the influence of the weather
correction is the strongest in regions of low ice concentrations, ground truth of intermediate
ice concentration is difficult to obtain. A thorough investigation in low yet not 0% ice
concentration areas would require high resolution ice concentration observations with little
time difference and exact geo-referencing to AMSR-E observation. These two requirements
are already difficult to fulfill, and we would need a large set of such validation scenes to not
introduce biases due to the peculiarity of single scenes. As a compromise, we constrain the
main training and validation of the correction to regions of 0% and 100% sea ice, where
large number of validation scenes that meet the aforementioned requirements are available.
In addition, we evaluate the ASI2 and ASI3 algorithms in low ice concentration areas with
case studies using optical imagery.

5.2 First-year ice and multiyear ice

Although the RRDP data set is valuable for evaluating total ice concentration, an impor-
tant feature of sea ice, ice type information is missing from the data set. According to its
age, sea ice can be categorized as first-year ice and multiyear ice. The aging process of
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Figure 5.1: Geolocation of the Round Robin Validation Dataset, SIC=0%. The validation
areas are identified as 100 km away from the ice edge of winter or summer determined by
ice charts.

Figure 5.2: Geolocation of the Round Robin Validation Dataset, SIC=100%.
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sea ice continuously desalinate the ice, changes its composition, and modifies its structure.
Multiyear ice is thicker, fresher and rougher than first-year ice, which result in distinct
radiometric signatures and surface reflectances, allowing identification of these two surface
types. Study of the satellite data during the winters of 1979 to 2011 shows that the extent
of multiyear ice in the Arctic has declined at a rapid rate of -15.1% per decade [Comiso,
2012b]. The most drastic decline took place in 2007 when its area was reduced to about
37% of the climatological average value [Comiso, 2012a]. Such a strong decline of the thick
component of the Arctic ice cover leads to reduction of the average ice thickness and total
ice volume, and results in a more vulnerable multiyear ice cover.

Monitoring and classifying these two ice types are essential for studying the mass
balance of the ice pack and its effect on energy and heat budgets [Comiso, 1990]. The
changing state of multiyear ice coverage is an indicator of changing climate. An accurate
classification of first- and multiyear ice is crucial for various sea ice parameters retrievals:
snow depth retrieval and thickness retrieval from altimeters. The brightness temperatures
from 19 and 37 GHz are often used by the passive microwave remote sensing community to
identify first- and multiyear ice in the Arctic region and retrieve multiyear ice concentration
on a daily basis. A successful retrieval is highly dependent on the typical radiometric signals
of the two ice types, the so called brightness temperature tie points, used in the algorithm.
Errors in the estimated multiyear ice concentration may arise when deviations from the
tie points occur.

The Sea Ice Age project (https://www.nersc.no/project/sia) operated in par-
allel to the ESA CCI Sea Ice project (phase II) was initialized to improve sea ice age algo-
rithm, ice type classification and sea ice drift tracking. As our contribution to the study,
we produce a testing data set consisting of pure first- and multiyear ice based on the 100%
SIC data of the existing RRDP (Chapter 5.1). Sea ice types are identified using data from
radiometer, scatterometer and sea ice drift trajectory. Tie points of the two ice types are
derived for the AMSR-E/2 frequencies.

5.2.1 Methodology

First-year ice is sea ice that hasn’t survived the melting season. In other words, during
the annual sea ice minimum (usually occurs in the middle of September), all first-year
ice should have already melted, and the remaining sea ice is called residual ice until the
end of the year according to World Meteorological Organization (WMO), then grow into
second year ice. According to this definition, first year ice candidates are selected by
the sea ice coverage in the previous melting season. Potential first-year ice zone is first
located as areas of ASI ice concentration lower than 15% during the previous ice minimum
(20 August to 20 September). The standard daily gridded ASI data archived at www.
seaice.uni-bremen.de is used. For all RRDP data points in the potential first-year
ice zone, we select the ones with NASA Team first-year ice concentration above 85% as
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candidates for pure first-year ice. These two criteria identify first-year ice by its age and
radiometric signature, but does not take into account the ice dynamics. Ice floes could
drift over 50 km from one day to the next depending on its location and the season [Berg
and Eriksson, 2014]. The sea ice detected in the potential first-year ice zone could either
be actual young ice formed after the melting season, or older ice drifted from other regions.
To exclude the latter, we check the back trajectory of all pure first-year ice candidates.
The ice drift data is acquired from the Polar Pathfinder Daily 25 km EASE-Grid Sea Ice
Motion Vectors, Version 3 [Tschudi et al., 2016b].

Similar principals are used to identify pure multiyear ice pixels. The NASA Team
algorithm identifies all RRDP pixels with multiyear ice concentration above 85%. Sea ice
age is acquired from the EASE-Grid Sea Ice Age, version 3 data [Tschudi et al., 2016a].
Data points older or equal to two years are selected as multiyear ice candidates. The ice
age is derived by back tracking ice floes using the Polar Pathfinder Sea Ice Motion Vectors.
Ice is tracked in yearly increments from one year’s Arctic ice extent minimum to the next
as a Lagragian tracer. If one grid cell contains ice parcels of different ages, the oldest age
is assigned to the grid cell. Ice age is over-estimated in this case.

To guarantee the quality of the multiyear ice classification, an extra criterion is ac-
quired in addition to the radiometric signature and age: the back-scatter measured by the
ASCAT. ASCAT is an active microwave instrument mounted on three polar-orbiting Eu-
ropean Organisation for the Exploitation of Meteorological Satellites (EUMETSAT)/ESA.
It emits pulses in the C-band at 5.26 GHz equivalent to a 5.7 cm wavelength in vertical
co-polarization (VV) and measures the returned backscatter signal (σ40). Multiyear ice
has rougher surface, lower salinity and larger penetration depth than first-year ice, which
result in higher backscatter [Mortin et al., 2014]. Combining data from both active and
passive sensors can improve the performance of first- and multiyear ice classification.

5.2.2 First-year ice identification

Here we present the first-year ice identification results step by step. Starting from the pos-
sible first-year ice zone. Figure 5.3 shows all RRDP data points from 2008 located outside
of the previous ice minimum. If the data is from October to December, the history ASI
ice concentration data from 20.Aug to 20.Sep 2008 is checked. If the data is from January
to May, the history ice condition from 2007 ice minimum is checked. The corresponding
NASA Team first-year ice concentration is illustrated by color. The first-year ice candi-
dates are mostly located in the Chukchi, East Siberian Sea and Laptev Sea. About one
fourth of the RRDP data from 2008 winter satisfy the criterion.

Once the NASA Team 85% first-year ice concentration threshold is applied, almost half
of the candidates are eliminated. The remaining data points are depicted in Figure 5.4
color coded by its age taken from the EASE-Grid Sea Ice Age data set. The majority of
the first-year ice candidates are less than one year old, meaning they haven’t experienced
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Figure 5.3: RRDP 100% SIC data points in first-year ice zone from 2008.
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any melting season as expected. However some data points from the Chukchi Sea reach
five years or even older. It can be explained by how the EASE-Grid Sea Ice Age data is
derived. The EASE-Grid Sea Ice Age data always assigns the age of the oldest ice parcel
to a grid cell regardless of its fraction. With our 85% NASA Team FYI threshold, the
remaining 15% multiyear ice fraction is enough to alter the age of the whole pixel. The ice
age data alone is therefore inadequate to determine pure first-year ice.

Figure 5.4: First-year ice candidates from RRDP 2008 color coded by its age.

Instead, we back track all first-year ice candidates till the beginning of the previous
melting season. A candidate enters the final FYI data set if it satisfy the following criteria:

• The back track ends with more than five days of ice free condition.

• The end of the back trajectory, i.e. the starting point of the ice floe, is not located
in the known multiyear ice zone: north of the Greenland and north of the Canadian
Archipelago.

Taking the RRDP 2008 winter data as an example, the back trajectories of all first-
year candidates are depicted in Figure 5.5. The ice motion data is acquired from the Polar
Pathfinder Sea Ice Motion Vectors Version 3 [Tschudi et al., 2016b]. The tracking starts
from the day of AMSR-E/2 observation and goes back in time to locate where the ice floe
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originates from. The colors represent the number of days prior to the observation date.
The back tracking ends on 1 June of the previous year if the data is from January to May,
of current year if from October to December. If the ice motion vector reaches an ice free
region, the tracking stops and the number of ice free days are counted. The tracking also
ends if it hits the coastline.

Four scenarios are depicted here: a) five consecutive days of ice free condition, b)
less than five days of ice free, c) tracking stops at coast line, d) tracking reaches the
previous melting season undisturbed. The longer the back trajectory, the more uncertain
it becomes. In scenario a), the ice is formed somewhere between the observation date and
previous melting onset, and is most likely first-year ice. Most of the back tracking ends
within 100 days prior to the observation date. Some reach 180 days, and a few approach
over 240 days. The longest back trajectories ends at the tip of the Canadian Archipelago
where the ice type could be ambiguous. In scenario b) where back tracking meets less than
five days of open water, ice could either be freshly formed or drifted from nearby. These
trajectories are considerably longer than in scenario a). The possibility of mixed ice type
cannot be ruled out in this case. In scenario c) where back tracking stops at coastline, ice
may have been formed before the end of tracking. Scenario d) means ice already exists at
the previous melt onset. All such data points are eliminated from the pure first-year ice
data.

This identification procedure is applied to the RRDP winter data from all years. The
resulting pure first-year ice pixels are shown in Figure 5.8. First-year ice is identified from
similar areas as 2008 in all years, indicating the consistency of the results. Approximately
1% of the RRDP winter data is identified as pure first-year ice.

5.2.3 Multiyear ice identification

Multiyear ice is identified using the ice age data, NASA Team multiyear ice concen-
tration threshold together with the ASCAT measurements. The Equal-Area Scalable
Earth (EASE)-Grid Ice Age data set categorizes a data point with mixed ice types as
older ice. We select data points older or equal two years with NASA Team multiyear ice
concentration above 85% as the pure multiyear ice candidates. The ASCAT back-scattering
data helps to find data points with rougher surface.

How to select the threshold of ASCAT back-scattering? We first compare the geo-
distribution of the ASCAT back-scattering data to our knowledge of ice age distribution
in the Arctic, then check its correlation to the NASA Team multiyear ice concentration.

Figure 5.6 depicts the EASE-Grid Ice Age data and ASCAT back-scattering data of
the RRDP 2008 data set. The overall distribution fits the ice type distribution in the
Arctic. Older and thicker sea ice is located north of the Canadian Archipelago. Pixels
with back-scattering higher than -13 dB coincide with ice older than three years.

The ASCAT back-scattering is then compared to the NASA Team multiyear ice concen-
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Figure 5.5: Back trajectories of all first-year ice candidates from RRDP 2008. The back
tracking begins at the day of the observation until the start of the previous melting season.
Tracking stops when no ice motion data is available due to lack of sea ice, or when the
trajectory reaches the coastline.
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tration in Figure 5.7. The data points are color coded by the ice age. The back-scattering
increase monotonically with NASA Team multiyear ice concentration, fitting our a priori
knowledge that multiyear ice surface is often rougher and has higher back-scattering. The
NSIDC ice age on the other hand shows poor correlation to both multiyear ice concentra-
tion and back-scattering values. Many of the data points with ice age older than 5 years
show lower than 15% multiyear ice concentration and lower than −17 dB back-scattering.
Older ice age is thus less reliable, since longer trajectory introduces significantly higher
uncertainty. Nevertheless, the ice age data provides insights of the ice floe’s life span.
In the regime of NASA Team multiyear ice concentration above 85% and back-scattering
above −13 dB, most data points show ice age higher than two years, and only these data
points are identified as pure multiyear ice.

The aim here is to identify data points that are certainly multiyear ice. Combining
NASA Team, ice age and back-scattering criteria might exclude some valid data points,
but the strict selection procedure guarantees that all mixed ice type are eliminated. The
resulting RRDP multiyear ice are depicted in Figure 5.8. The majority of the identified
pure multiyear ice are located north of the Canadian Archipelago, a few are north of
Svalbard. The number of pure multiyear ice pixels are of the same magnitude as first-year
ice.

Figure 5.6: Sea ice age (left) and ASCAT back-scattering (right) of the RRDP winter
data from 2008.

5.2.4 FYI and MYI tie points

The typical brightness temperatures of first-year ice and multiyear ice at the AMSR-E/2
frequencies are computed as the average value over the RRDP pure ice type data set
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Figure 5.7: Scatter plot of the ASCAT back-scattering v.s. NASA Team multiyear ice
concentration of the RRDP winter data from 2008, color coded by the ice age.
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Figure 5.8: Locations of pure multiyear (left) and first-year ice (right) of the RRDP
winter data. Top panel: AMSR-E. Bottom panel: AMSR2.
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(Figure 5.9). The AMSR-E subset of RRDP has almost equal number of each ice type
(approximately 1000). The AMSR2 subset on the other hand has many more multiyear
ice (2147 data points) than first-year ice (58 data points). Moreover, an inter-calibration
study by Okuyama and Imaoka [2015] shows that the AMSR2 single channel brightness
temperatures may have up to 4.2 K difference compared with the AMSR-E measurements
over ocean. To prevent potential uncertainties introduced by the sample size and sensor
instrumental differences, the tie points are calculated separately for the two satellites. The
discussion is focused on the AMSR-E subset of RRDP since it provides more pure FYI and
MYI data points.

The typical FYI brightness temperatures are higher than MYI at all frequencies. FYI
tie points show little spectral variations at frequencies 6.9 to 36.5 GHz, especially at ver-
tical polarization (approximately 253 K). The standard deviation at the frequencies below
89 GHz are approximately 5.5 K for vertical and 6.5 K for horizontal polarization. At
89 GHz, the FYI tie points are about 20 K lower than that of the lower frequencies at
both polarizations. The corresponding standard deviations are twice as high as the lower
frequencies due to atmospheric influences.

The tie points of MYI decrease with frequencies in the complete AMSR-E range. The
sharp drop in brightness temperatures from 18.7 to 36.5 GHz is used by the NASA Team
algorithm to distinguish MYI from FYI. The standard deviations increase slightly with the
frequencies. The standard deviations of MYI tie points are lower than that of FYI below
18.7 GHz, then raise to similar values at higher frequencies.

The tie points derived from AMSR2 measurements show similar spectral dependencies
but with higher values compared to AMSR-E. The AMSR2 FYI data points are located in
similar regions as AMSR-E, whereas the MYI sites are all located in north of the Greenland,
as opposed to AMSR-E MYI mainly in north of the Canadian Archipelago. Sea ice north
of the Greenland is the oldest and thickest ice pack. Differences in the derived tie points
could be caused by the instrumental difference and by the internal ice variation.

5.3 100% sea ice in summer

As discussed in Chapter 5.1 ,the assumption made for identifying 100% sea ice in the RRDP
data set may not be valid during the melting season. Up to 80% of sea ice may be contam-
inated by melt ponds during the Arctic summer [Grenfell and Lohanick, 1985] as a result
of the higher air temperature. The radiometric signature of melt ponds cannot be distin-
guished from ice openings such as leads and cracks due to the limit in penetration depths
in water surface at AMSR-E frequencies. As a result, melt ponds are often mistakenly
retrieved as open water. This may greatly undermine the summer sea ice concentration
estimation. Moreover, the ice emissivity is more variable during summer especially at near
90 GHz determined by several factors: wet snow that increases the ice emissivity, snow
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Figure 5.9: Typical brightness temperatures of first-year ice (FYI) and multiyear ice
(MYI) at AMSR-E/2 frequencies. The solid lines denote vertical polarization, dashed
horizontal. Error bars denote the standard deviation.

grain size that induces more volume scattering and thus decreases ice emissivity, surface
melting which decreases the emissivity, etc. In addition, the characteristics of multiyear ice
and first-year ice become less distinguishable during summer which complicates ice type
analysis. A successful sea ice retrieval during the melting season therefore requires special
tie points and training/evaluation data set.

The existing RRDP data set can serve this purpose if the melt ponds information is
added, and pure sea ice pixels with no or negligible melt ponds contamination are identified.
We adopt the Melt Pond Detection (MPD) retrieval scheme described in Istomina et al.
[2015], and compute the melt pond fraction (MPF) for all RRDP SIC1 data points from
June to September in 2010 and 2011.

The MPD algorithm is based on the observation of optical properties of the ice surface.
It utilizes an optimal model of sea ice and melt ponds with no a priori assumptions on the
surface albedo. Clouds in the satellite scene must be screened out as preparation for the
melt ponds retrieval to avoid cloud contamination in the satellite data and the final melt
pond results. The cloud screening scheme used in this study is designed explicitly for the
Medium Resolution Imaging Spectrometer (MERIS) for which data for the years 2010 and
2011 are available. The influence of other factor on the emissivity like snow wetness or
grain size is not modeled here, but is reflected in the standard deviation of the tie points.

5.3.1 Methodology

Since consolidated ice has higher emissivity than open water or melt ponds, we first select
the data points with the highest 20% brightness temperatures as candidates for 100% sea
ice.

The high brightness temperatures of each frequency channel occur roughly in the same
region, yet differ slightly in geolocation and time (Figure 5.10). The ideal approach would
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be to obtain the intersection of those data points at each frequency. But it yields too
few data points. Instead, we obtain the union of the data points with high brightness
temperatures at all frequencies. This results in 468 data points mainly located in the East
Siberian Sea and Canadian Basin.

Figure 5.10: Candidates of 100% sea ice in summer: RRDP SIC1 AMSR-E data points
of the highest 20% brightness temperatures at each frequency channel. V denotes vertical
polarization, H horizontal.

All MERIS observations within 24 km radius of these pixels are then collocated spatially
and temporally with the RRDP data for cloud screening. Finally, the MPD is applied on
the collocated MERIS footprints with cloud coverage below 0.05. Note that more than one
MERIS overflight might be collocated with one AMSR-E pixel, whereas each overflight has
thousands of footprints within the search radius due to the fine resolution of MERIS of
1 km over ocean. For each AMSR-E pixel, the average value and the standard deviation of
the melt pond fraction based on each collocated MERIS overflight is computed. The result
with the lowest standard deviation is selected as the melt pond fraction for that AMSR-E
pixel.

5.3.2 Brightness temperatures evolution in summer

Due to the extensive melting and ponding events in summer, the radiometric properties
of first-year and multi-year ice become more difficult to distinguish. However, the his-
tograms of the brightness temperatures at AMSR-E frequencies clearly display two peaks
(Figure 5.11), especially at frequencies lower than 36 GHz.

Could the two peaks represent two ice types? Or are they merely caused by temporal
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variation of brightness temperatures throughout the melting season? To answer that, the
geolocation and air temperature records of the high and low peak are investigated. The
18.7 GHz horizontal polarization channel demonstrates the most pronounced bi-modular
distribution. The lower peak includes data points with brightness temperatures in the
range 205 to 225 K, and the higher peak 230 to 255 K. Figures 5.12 and 5.13 illustrate how
air temperatures varies with time over the data points in each peak. The air temperatures
throughout the melting season are mostly above the freezing point. High peak brightness
temperatures correspond to lower air temperatures compared to low peak. This indicates
that melting is less likely to occur over the high peak data points. Most pixels of higher
brightness temperatures are located in June, when the melt events begin. As the air
temperature rises, more melt ponds are formed, and the number of data points with lower
brightness temperatures increase from June to September as a result. Meanwhile the
number of high brightness temperatures pixels decreases with time. Although the 2 m air
temperature falls below freezing point in September, most data points are still covered by
melt ponds and have relatively low brightness temperatures, since refreezing does not take
place immediately.

In conclusion, the two peaks of brightness temperatures do not represent different ice
types. They are caused by the variation of surface brightness temperatures under different
stages of melt events.

Figure 5.11: Histograms of the RRDP SIC1 brightness temperatures from June to
September in 2010 and 2011.
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Figure 5.12: The ERA-Interim 2m Temperatures correspond to the high peak of 18H
channel in Figure 5.11.

5.3.3 Brightness temperature dependence on melt pond fraction

The variation of brightness temperatures correspond to increasing melt pond fraction and
display a strong frequency dependency. Figure 5.14 shows the average and standard devia-
tion of surface emissivity at all AMSR-E frequencies with varying melt pond fractions: the
blue lines represent cases with low melt pond fraction (MPF<0.15), the green lines melt
pond fraction above 0.2, and the red lines melt pond fraction above 0.3. These thresh-
olds are selected for different melt pond fraction scenarios, because the melt pond fraction
distribution shows peaks around 0.1 and 0.3, whereas the occurrence around 0.2 is very
low. The surface emissivity is approximated by dividing the brightness temperatures by
the skin temperature taken from ECMWF ERA-Interim data.

With melt pond fraction below 0.15, the frequency dependence of surface emissivity is
quite similar to that of late summer ice or first year ice measured by the Norsex Group
[1983] and Onstott et al. [1987] campaigns (Figure 2.1), except for at 89 GHz which shows
lower emissivity (0.871 at vertical, 0.842 at horizontal polarization) and is closer to the first-
year ice emissivity from May measured by Mathew et al. [2009]. As the melt pond fraction
increases, the surface emissivity at lower frequencies decreases accordingly, displaying a
mixed signature of open water and consolidated ice as expected. However, at 89 GHz,
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Figure 5.13: The ERA-Interim 2m Temperatures correspond to the low peak of 18H
channel in Figure 5.11.
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the surface emissivity rises with the melt pond fraction. Refrozen ponds covered by thin
sea ice (a few centimeters thick) could cause this abnormal emissivity dependence: the
emitting layer of lower frequencies might be below the thin ice layer due to their larger
penetration depth, whereas radiation at 89 GHz comes from the ice layer due to its shallow
penetration depth (below 1 cm) [Mathew et al., 2009]. This hypothesis is only valid if the
air temperature is below the freezing point. The collocated ERA-Interim 2 meter air
temperatures of the high melt pond fraction data points are however all around 275 K,
above the freezing point of saline water. To verify the probability of refreezing events at
these data pixels, the air temperature records from the previous week are necessary as well,
possibly together with other auxiliary data. Another possible cause is wet snow on top
of sea ice. Increased liquid water content in the snow pack creates a slushy layer, limits
the penetration depth further, and increase the emissivity at near 90 GHz [Onstott et al.,
1987]. This effect might counteract the decreased emissivity caused by larger melt pond
fraction. Verifying this hypothesis requires information of the snow pack.

The abnormal frequency dependence of surface emissivity at 89 GHz illustrates the
challenges of summer sea ice retrieval and weather correction. Other than adopting special
tie points for summer, the weather correction scheme that is valid for winter months also
requires additional data such as temperature history and snow pack information to function
properly in summer. For this reason, the weather correction study is limited to the winter
months for now. These results of summer sea ice tie points will be applied in the future to
expand the ASI2 and ASI3 algorithms to summer months.

5.3.4 Summer ice tie points

Choosing 0.15 as the threshold for melt pond fraction, a total number of 97 data points
are selected as consolidated ice data points with close to zero melt ponds contamination.
The resulting summer tie points are displayed in Table 5.1. The horizontally polarized
brightness temperatures have much higher standard deviation compared to the vertical
polarization. This might be introduced by the higher sensitivity of horizontally polarized
brightness temperatures to the variation in snow grain size, wetness of snow, etc.
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Figure 5.14: Surface emissivity at AMSR-E frequencies with varying melt pond fraction
derived from the RRDP data set. LMF (low melt pond fraction) denotes melt pond
fraction below 0.15. MMF represents melt pond fraction above 0.2. HMF means melt
pond fraction above 0.3. The solid lines show emissivity at vertical polarization, whereas
the dashed lines are for horizontal polarization. The error bars stand for the standard
deviation of emissivity.

Table 5.1: Typical brightness temperatures of 100% sea ice in the Arctic summer (June
– September).

NH Summer (June–September)
TB (K) Mean Std

6V 266.18 2.51
6H 245.91 15.30
10V 266.54 2.37
10H 247.68 12.93
18V 265.60 3.22
18H 244.84 9.25
23V 265.09 4.07
23H 246.79 7.65
36V 257.95 8.65
36H 241.23 9.60
89V 239.04 17.07
89H 230.95 16.92
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6.1 Introduction

We follow the approach of correcting AMSR-E and AMSR2 TBs using numerical weather
prediction (NWP) model data, and develop an improved sea ice concentration retrieval
algorithm named ASI2 that uses weather corrected polarization difference of brightness
temperatures at 89 GHz. A detailed atmospheric correction including the specific geo-
physical states of the individual grid cell to the AMSR-E measured TBs up to 89 GHz is
applied (Chapter 4.1).

The most significant geophysical parameters considered for the correction [Andersen
et al., 2006] are: total water vapor (TWV), liquid water path (LWP), wind speed (WS) and
surface temperature. The geophysical states are acquired from the ERA-Interim data [Dee
et al., 2011] (Chapter 3.2.1). ERA-Interim was chosen for its consistency with independent
observations [Lindsay et al., 2014] and its wide data coverage.

To determine the best combination of geophysical parameters input to the correction,
we first evaluate the sensitivity of TBs at 89 GHz to single geophysical parameter through
a radiative transfer model as described in Chapter 6.3.1, then test the correction using
all possible parameter combinations on 0% and 100% ice concentration sites as described
in Chapter 6.3.2. The best parameter combination is selected for the weather correction
scheme of the ASI2 algorithm. Tie points and weather filters are adjusted for the cor-
rected TBs in Chapter 6.3.3. Chapter 6.4.1 validates the ASI2 ice concentration in regions
of 0% and 100% ice concentration. ASI2 retrievals near the ice edge are qualitatively
evaluated with optical satellite images (Chapter 6.4.2), and quantitatively compared to
Landsat satellite optical ice concentration data in Chapter 6.4.3. In addition, ASI2 re-
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trievals are compared to several passive microwave algorithms in various ice concentration
ranges (Chapter 6.4.4).

6.2 Methodology

The correction scheme and satellite data used in ASI2 are described in Chapters 3, 4.
The RRDP data from 2008 is used in the development stage of the ASI2 algorithm and

is henceforth referred to as RRDP training data set. The rest of RRDP data set (2007-
2011 AMSR-E except 2008 and 2013-2014 AMSR2) is used for validating the weather
corrected SIC, and is referred to as RRDP validation data set. Here we introduce the
criteria of selecting the best parameter combination as correction input, and how the ASI2
ice concentration results are evaluated under broader weather and ice coverage conditions.

To determine which geophysical parameters should be included in the correction scheme,
all single parameters and possible parameter combinations are tested, and the corrected
TBs at 89 GHz are evaluated on the RRDP training data set. For ideally constant at-
mosphere and ice conditions, the top of atmosphere TBs of ice and water should remain
constant under clear atmosphere. In reality, the TBs have fluctuations due to variability of
the atmospheric opacity and surface emissivity. In our training data set, the variability of
the top of atmosphere TBs over pure surface type is indicated by their standard deviation.
The most effective correction scheme is the one that yields the lowest standard deviation.

This scheme is then applied to the RRDP training data set. New tie points free of
weather contamination are identified as the modal values of corrected PD at 89 GHz over
open water and consolidated ice sites of the training data set. The retrieval equation of
ASI2 is thus derived based on the weather corrected tie points (Chapter 6.3.3).

The ASI2 ice concentrations over pure surfaces of 0% and 100& SIC are quantitatively
evaluated with the RRDP validation data set.

The performance of ASI2 in marginal ice zone is qualitatively compared to a Moderate-
resolution Imaging Spectroradiometer (MODIS) image, and quantitatively evaluated us-
ing Landsat imagery of 30 m resolution. The MODIS satellite image covers an area of
140 km×140 km in the Fram Strait from 22 April, 2008. The nine Landsat scenes are
provided by Stefan Kern from the University of Hamburg, acquired from mid-April to late
May during the AMSR-E operation time, and their geolocation are depicted in Figure 6.1.
Three surface types are identified based on broadband albedo thresholds given on a 30 m
grid: (i) open water: albedo≤0.07, (ii) thin sea ice: 0.07<albedo<0.4, (iii) thick sea ice:
albedo≥0.4. For comparison with ASI2 ice concentration, the Landsat images are down-
sampled to the same projection and resolution as ASI2 (6.25 km), and the fraction of
each surface type is counted for each grid cell. The sum of thin sea ice and thick sea ice
concentration is considered as the total ice concentration.

Daily ASI2 ice concentration retrievals are compared with the daily gridded data prod-
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Figure 6.1: Geolocation and date of the nine Landsat scenes.
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ucts of these passive microwave algorithms: ASI [Spreen et al., 2008], NASA Team 2 [Cava-
lieri et al., 2014], AMSR Bootstrap [Cavalieri et al., 2014] and SICCI2 [Ivanova et al., 2015].
All SIC data products are based on AMSR-E L2A data, resampled to polar-stereographic
projection at 25 km grid spacing, and use a common land mask extending 25 km into open
sea to ensure a consistent comparison and prevent potential land contamination.

6.3 ASI2 algorithm development

6.3.1 Sensitivity of simulated brightness temperatures to atmospheric
parameters

The atmospheric influence on the observed TBs at 89 GHz and the ASI SIC is evaluated
over three surface types: open water, first-year ice, and multiyear ice.

Figure 6.2 shows forward model simulation results for the influences of the chosen
atmospheric parameters on the top of atmosphere TBs over pure surface types. The cor-
responding PDs are shown in Figure 6.3. In general, over all three surface types, the
variability of the TBs with most parameters is nearly linear in the considered range, ex-
cept for liquid water path. PD decreases with all increasing parameters except for the
surface temperature. TBs of open water are more sensitive to all considered parameters
than consolidated ice due to its lower surface emissivity and shows stronger sensitivity for
horizontal than for vertical polarization. First-year and multiyear ice show similar PD
sensitivity to atmospheric influence.

Wind speed

Over open water, wind roughens the sea surface and results in higher emissivity and higher
TBs. However, the vertically polarized TBs decrease slightly with stronger wind. This is
caused by the mixing of polarizations: the wind roughened surface is less polarized in the
vertical direction despite the overall higher surface emissivity[Wentz and Meissner, 2000].

Total water vapor

The Arctic troposphere often has low humidity, especially over consolidated ice. Over 80%
of the training data set have total water vapor below 15 kg/m2. Over all three surface types,
the simulated TBs increase with TWV as expected at 89-H and 89-V. The increase in TBs
at 89-H is larger than that at 89-V, especially for open water due to its lower emissivity.
This leads to a strong drop in PD from approximately 80 K (at TWV = 0 kg/m2) to 50 K
(at TWV = 20 kg/m2) over open water (Figure 6.3.a).
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Liquid water path

A range of LWP (up to 0.8 kg/m2) wider than typical in the Arctic (up to 0.3 kg/m2) is
chosen in the sensitivity study to present the non-linear influence of clouds on the simulated
TBs and PDs. Over open ocean, high liquid water path is one of the major causes of
spurious ice in SIC retrieval. The PD drops strongly from around 80 K at LWP= 0 kg/m2,
to 30 K at LWP= 0.3 kg/m2, which is similar to the PD of the consolidated ice and cause
the spurious ice retrieval. Over consolidated ice, despite the lower TB sensitivity shown by
first-year ice than multiyear ice, both ice types yield similar PD sensitivity. This feature,
together with the similar PD variability of the two ice types (Chapter 4.2), confirms that
the ice type fraction input to the correction scheme has little influence on the correction
effect.

Surface temperature

Over consolidated ice, the simulated TBs increase with the surface temperature at both
polarizations. Yet over open water, the TBs decrease with surface temperature. Since TB
is the product of emissivity and physical temperature, the drop of TB must be caused by
decreasing emissivity. [Meissner and Wentz, 2004] showed that ocean emissivity at 89 GHz
decreases with sea surface temperature, confirming our hypothesis. The simulated PDs
on the other hand increase with surface temperature over both ocean and sea ice. As a
result, when ice surface temperature gets higher yet still stays below the melting point of
sea ice, the ASIWF will underestimate SIC. However, the error is below 2% SIC if the ice
temperature increases from 250 to 270 K, and thus lower than the overall uncertainty of
the retrieval.

Here we only consider the impact of each atmospheric parameter separately. In reality,
parameters are correlated and often vary simultaneously. For instance, a rise in surface
temperature often means higher TWV and LWP. Therefore, the atmospheric influence on
retrieved SIC is indeed mixed. To examine such mixed effect under realistic atmospheric
condition, we use the RRDP dataset that consists of satellite measurements and collocated
atmospheric profiles. The results are discussed in Chapter 6.4.1.

6.3.2 Selecting atmospheric parameters for brightness temperature cor-
rection

Figure 6.4 shows the standard deviation of TBs at 89 GHz over all open water and consoli-
dated ice scenes of the RRDP training dataset. Here the standard deviation is interpreted
as a metric for atmospheric correction performance. Lower TB standard deviation indi-
cates better correction. Generally, with the weather correction, the standard deviation
reduces more over ocean than over sea ice for most parameter combinations.
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Figure 6.2: Simulated 89 GHz brightness temperatures at 55◦ incidence angle with vary-
ing atmospheric parameters over (a) open water, (b) first-year ice, and (c) multiyear ice.
Each color represents one varying parameter. The solid curves: vertically polarized TBs,
the dashed curves: horizontally polarized TBs.

Over open water, among all single parameter corrections, water vapor correction de-
creases the standard deviation of TBs the most, from 19.4 K to 13.8 K at horizontal
polarization and from 7.4 K to 4.6 K at vertical polarization, agreeing with the TB sen-
sitivity study in Chapter 6.3.1. The wind speed correction alone has little impact on the
TBs standard deviation of ocean surface possibly due to the mixing of polarizations (Chap-
ter 6.3.1). Despite the high sensitivity (Figure 6.2), the liquid water path correction casts
less influence than water vapor correction, possibly due to the high variability of clouds
in space and time. The NWP data is only available every 3 hours, i.e., up to 1.5 hours
separated from the satellite acquisition time, and clouds are typically much smaller than
both the NWP grid cell and the satellite sensor footprint. Therefore it cannot be expected
that modeled cloud liquid water path match up in the satellite measurements. Water vapor
on the other hand is much less variable, therefore the probability of a good match between
the ERA-Interim and AMSR-E measurement is higher [Ivanova et al., 2015]. Both tested
temperature parameters, Tsk and T2m, increase the standard deviation over open water by
about 2 K instead of reducing it. However, once combined with TWV which is strongly
correlated with the surface temperature, the correction reduces the standard deviation of
TBs more than TWV correction alone. Similar improvements occur with other correction
combined with total water vapor.

Over sea ice, correction in surface temperature reduces the standard deviation the most
among all single parameter corrections, because surface properties are dominant for the
ice emission observed from space. The similar performance of Tsk and Temit corrections
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Figure 6.3: Simulated 89 GHz polarization difference to atmospheric influences over (a)
open water, (b) first-year ice, and (c) multiyear ice. Each color represents one varying
parameter.

(Figure 6.4) shows that the Tsk product of ERA-Interim data is representative for the
emitting temperature at 89 GHz of ice. To simplify the correction procedure, we use Tsk
as the sea ice temperature. Combined corrections with one of the surface temperature
parameters outperform the single temperature corrections.

Over open water, the most effective correction is the combination of TWV, WS and
Tsk, which reduces the standard deviation by 6.2 K at horizontal polarization, and by
3.0 K at vertical polarization. Over consolidated ice, the most effective correction is the
combination of TWV, LWP, and Tsk for TBV, and the same combination without liquid
water path for TBH. The difference in TBV standard deviation with and without liquid
water path correction is only about 0.1 K, much lower than the error margin of AMSR-E
TBs (1.2 K at 89 GHz) and is thus negligible. Since the wind speed has no effect over sea
ice, to allow a consistent correction routine over both open water and ice, we select the
combination of TWV, WS and Tsk for the brightness temperature correction.

6.3.3 Tie points and new weather filter

As the parameter combination is determined, the weather correction is applied to the
RRDP training data set. New tie points free of most weather contamination are identified
as the modal value: P0 = 72 K, P1 = 12.3 K. Following the Svendsen et al. [1987] sea ice
model, the ASI2 retrieval equation is determined based on the new tie points as:

C(ASI2) = 1.76 · 10−6PD3 − 2.60 · 10−4 PD2 − 0.0058 PD + 1.1072 . (6.1)
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Figure 6.4: Standard deviation of TBs at 89 GHz before (horizontal lines) and after
correction (vertical bars) using different parameters and their combinations. Blue denotes
vertical polarization, and red denotes horizontal. Based on the pure 0% (top, SIC0) and
100% (bottom SIC1) SIC Round Robin Data Package training datasets. TWV: total water
vapor. WS: wind speed. LWP: liquid water path. T2m: 2 m air temperature. Tsk: skin
temperature. Temit: emitting layer temperature.

Figure 4.3.b illustrates the ice concentration retrieval curve of ASI2, with the tie points
marked by the vertical dashed lines. The retrieval curve of ASI2 is closer to linear compared
to the original ASI algorithm. As discussed in Chapter 4.3, the non-linearity of the retrieval
equation is introduced to compensate the average Arctic atmospheric variability. The PD
measured near the surface should be a linear function of the ice concentration. Therefore,
the more linear relationship between PD and ice concentration here is interpreted as one
improvement brought by the atmospheric correction.

Although the weather correction greatly reduces the standard deviation of the TBs at
89 GHz, some variability still persists, indicating remaining weather influences.

Figure 6.5 shows example maps of ice concentration, GR(23,18) and GR(36,18) derived
by ASI and ASI2 from 15 March 2008. The daily ASI and ASI2 ice concentration maps
are sampled to a 6.25 km grid spacing. The GR values are gridded to 25 km resolution.
Abundant spurious ice is observed in the Greenland Sea, Barents Sea and Bering Sea.
On the ASI2 SIC map, the concentration of the spurious ice is reduced by up to 30%,
yet still persists. The structure of the spurious ice can be associated with cloud patterns
and therefore high liquid water in the atmosphere, which is not accounted for in the
correction. To achieve a reasonable daily ice concentration retrieval, the external weather
filter GR(36c,18c) sensitive to LWP is still needed for ASI2.
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The uncorrected GR(23,18) map (Figure 6.5.b) shows values above the threshold (0.04)
near the ice edge east of Greenland, Davis Strait and Bering Sea. Retrieval of low ice
concentration in these regions is thus compromised by the GR(23,18) weather filter. After
the weather correction, the GR(23c,18c) (Figure 6.5.f) is in general below the default
threshold. Clusters of GR(23c,18c) higher than 0.03 are found in the same location as the
extreme high spurious ice in Bering Sea and Greenland, but are far away from the ice edge
and are already filtered out by the GR(36c,18c) filter. Alternatively a climatological ice
mask can be used.

From the uncorrected GR(36,18) map (Figure 6.5.c), clusters of GR(36,18) above 0.07

are observed in similar locations as the spurious ice in Figure 6.5.a. Along the sea ice
edge east of Greenland, a sharp gradient of GR(36,18) (from −0.02 to 0.06) is observed
between the ice pack and open water. Sea ice might be present within this feature of
high GR(36,18) within the marginal ice zone. This showcases the difficulty of selecting a
GR(36,18) threshold that would screen out weather contamination and at the same time
preserve the precise ice edge. After the correction, GR(36c,18c) values of open water
increase, showing better contrast to the ice covered area (Figure 6.5.g). High GR(36c,18c)
values (above 0.08) agree in location and shape with the spurious ice. It is thus possible to
select a GR(36c,18c) threshold that efficiently clears the weather effects and at the same
time preserves low SIC values.

To determine new thresholds for the weather corrected GR values, the scatter plots of
GR values to PR18 from January, March and April 2008 in the northern hemisphere are
examined together with the GR maps. Figure 6.6 shows an example scatter plot from 20
January, 2008. The open water cluster shows a smaller extent after correction, especially
along the GR(23,18) axis, corresponding to a less scattered distribution of the TBs over
open water. After the correction (ASI2), the number of data points possibly contaminated
by water vapor (red box in Figure 6.6) greatly decreases, and almost all data points have
GR(23c,18c) lower than the standard threshold. This confirms the good performance of
the water vapor correction. We conclude that no GR(23c,18c) weather filter is needed to
screen out high TWV pixels for the ASI2 algorithm. The GR(36,18) of the data points
over open water increases by about 0.01 after the correction. The open water cluster is
slightly smaller with denser distribution around GR(36c,18c)= 0.08. The new threshold
selected for the GR(36c,18c) filter is 0.07 compared to 0.045 used for ASI. Example maps
based on the resulting SIC values with external weather filter are shown in Figure 6.5.d
and h. ASI and ASI2 with weather filters turned on in general show similar results. ASI2
SIC retrievals are slightly lower than ASI over the ice pack. More differences are only
visible at regional maps, and will be discussed in Chaptesr 6.4.2 and 6.4.3.

57



Chapter 6. ASI2 algorithm

Figure 6.5: Ice concentration retrievals of ASI and ASI2 and weather filters from 15
March, 2008. The top row is based on the original AMSR-E TBs, the bottom row is based
on the atmospherically corrected TBs. From left to right column: SIC without any weather
filter, GR(23,18), GR(36,18), SIC with external weather filter. The SIC maps are gridded
to 6.25 km resolution, and the GR values to 25 km.
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GR23 threshold: 0.04

GR36 threshold: 0.045 New GR36 threshold: 0.07

ASI Weather Filter ASI2 Weather Filter

Data Density

Figure 6.6: Scatter plot of GR(23,18) to GR(36,18) to PR18 based on the original TBs
(left) and corrected TBs (right) in the Arctic from 20 Jan, 2008. ASI and ASI2 weather
filter thresholds are marked by the blue and red lines respectively. The red box highlights
the outliers of the open water cluster, possibly contaminated by high water vapor.
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6.4 ASI2 algorithm evaluation

6.4.1 Validation over 0% and 100% ice concentrations

The ASI2 ice concentration based on special tie points without external weather filter
is verified over pure surfaces of 0% and 100% SIC with the RRDP validation data set.
To allow a consistent comparison between ASI and ASI2 algorithms using the RRDP
validation dataset, a new set of tie points is derived as the modal value of PD (for ASI)
and corrected PD (for ASI2) over the RRDP data sets and summarized in Table 6.1.
The AMSR2 TBs are converted to equivalent AMSR-E TBs based on the inter-calibration
study by Okuyama and Imaoka [2015]. The tie points of AMSR2 are almost identical
to AMSR-E, proving the positive effect of the calibration, and providing a potential to
expand ASI2 to AMSR2 measurements. Comparing the tie points before (ASI) and after
the atmospheric correction (ASI2), P0 increases drastically by 27 K, whereas P1 only
increases by around 2 K, agreeing with the conclusion that open water is more sensitive to
atmospheric influences (Chapter 6.3.1).

Figure 6.7 shows the distribution of TBV and TBH of the RRDP validation dataset
before (a) and after (b) the atmospheric correction. Before the atmospheric correction,
TBV of 100% ice concentration spans from 160 K to 260 K, and TBH from about 150 K
to 250 K. After the correction, the range of TBs at vertical polarization and horizontal
polarization decreases by 20 K and 10 K respectively. Before the correction the open water
TBV and TBH showed a clear correlation along a primary axis, which can be attributed
to co-variability caused by the atmosphere. After the correction, this correlation is almost
removed. However, the ice cluster becomes wider along the PD axis after the correction,
indicating a more variable sea ice signal. Over open water, the reduction in distribution
is even more pronounced especially at horizontal polarization, due to its high sensitivity
to the atmosphere. More importantly, the water and ice clusters overlap at high TBs
before the correction. These open water pixels with high TBs are contaminated by high
atmospheric water content, and would cause retrieval of spurious ice. Before the correction
the open water cluster covers the complete 0% to 100% ice concentration range. After the
correction, the two clusters are farther apart, leaving fewer open water pixels close to the
ice cluster. The ice concentration range for the open water cluster is reduced to 80% and
the point density has a much clearer maximum at 0% ice concentration compared to before
the correction. With the tie points based on the atmosphere corrected TBs the adjacent
SIC isolines are further apart, showing a wider dynamic PD range of the ice concentration
signal at 89 GHz. The variability of the SIC0 and SIC1 TB after the correction can partly
be explained by the influence of clouds and the mismatch between the ERA-Interim data
field and the satellite footprint. Other geophysical properties, however, like wind speed,
temperature, or ice composition also play a role.
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The bias and standard deviation of ASI and ASI2 SIC over the RRDP validation
dataset are shown in Table 6.2. These statistics are based on ASI and ASI2 using the tie
points given in Table 6.1, all weather filters turned off and no capping of the retrieved ice
concentration at 0% and 100%. As additional information, the statistical results of ASI and
ASI2 using the standard tie points and corresponding weather filters are included in the
lower part of Table 6.2, showing the performance of the standard ASI/-2 algorithms at 0%
and 100% SIC. Over open water, the standard deviation of SIC decreases by approximately
12% after the atmospheric correction. The bias drops too, from 21.6% to 15.2%, showing
a clear improvement yet still far from the ideal value 0%, caused by the residual weather
contamination. Over consolidated ice, changes in bias of SIC induced by weather correction
are in the order of 0.1%, and are thus negligible. Also the improvement in standard
deviation is small (within 0.4%) but at least indicates the ASI2 can provide slightly more
stable ice concentrations also at 100% ice cover. The RRDP dataset does not allow to
evaluate intermediate ice concentration but the improvement will lay within the range set
by the open water and 100% ice improvements.

As an additional analysis, the histograms of ASI and ASI2 SIC over the RRDP val-
idation dataset are shown in Figure 6.8. Over open water, the majority of the ASI SIC
falls in the range between −20% and −10%, followed by a long tail of positive SIC up
to 100%. The wide range of positive SIC is caused by weather contamination: PD of
open water decreases to the level of ice covered surface (Figure 6.7). With the weather
correction, ASI2 SIC has a narrower distribution that peaks around the 0% and retrieves
less extreme high SIC. Over consolidated ice, the distributions of ASI and ASI2 SIC are
similar. In conclusion, the atmospheric correction mainly improves SIC retrievals of low
ice concentration, and causes little change at high sea ice concentrations.

The remaining bias and standard deviation of ASI2 SIC over open water indicates that
the atmospheric contamination is not completely corrected. Ideally the bias would be zero
after correction, while the standard deviation will always reflect the radiometer noise and
geophysical variability of TB for open water. As discussed in Chapter 6.3.1, the domi-
nant atmospheric influence over ocean are TWV and LWP. Cavalieri et al. [1995] found
that GR(23,18) is sensitive to TWV, and GR(36,18) to LWP. The GR(23,18) based on
the corrected TBs should no longer be correlated to TWV if the correction is successful.
In that case, the remaining bias of ASI2 is caused by LWP. To examine this hypothesis,
GR(23,18) and GR(36,18) are computed using the uncorrected and corrected TBs of the
RRDP validation dataset of open water scenes (Figure 6.9). Before the weather correc-
tion, GR(23,18) increases nearly monotonically with TWV up to 30 kg/m2. The weather
filters used by ASI screen out pixels with TWV above 12 kg/m2. After applying weather
correction on TBs at 18 V and 23 V, the new GR(23,18) values are not sensitive to TWV
anymore, and its range is narrower. Only 60 out of 4896 data points have GR(23,18) above
the threshold 0.04 used for the ASI weather filter. On the other hand, GR(36,18) keeps its
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Table 6.1: Special tie points used in the validation over 0% and 100% ice concentration,
and standard tie points of ASI and ASI2 used in the application to AMSR-E swath data.
P0 is the typical PD for open water at 89 GHz, and P1 is for consolidated ice. ASI tie
points are from [Spreen et al., 2008], and uncertainties are not given there.

Tie Points (K) AMSR-E AMSR2
Special ASI ASI2 ASI ASI2
P0 45 ± 13.6 72 ± 13.5 45 ± 13.1 72 ± 12.2
P1 9.7 ± 2.5 11.6 ± 3.18 9.3 ± 2.3 11.2 ± 2.7

Standard ASI ASI2 ASI ASI2
P0 47 72± 13.5 47 72± 13.5
P1 11.7 12.3± 3.18 11.7 12.3 ± 3.18

distribution after the correction, only with increased values, confirming our hypothesis.

Figure 6.7: Scatter plot of TB89 V and TB89 H of (a)ASI and (b)ASI2, over open water
(red to yellow cluster denoted by OW) and consolidated ice (cyan to magenta cluster
denoted by Ice). Dashed lines show the ASI and ASI2 SIC isolines ranging from 0% to
100% with 20% interval. Arrow indicates increasing PD.

6.4.2 Comparison to MODIS image

Figure 6.10 shows a MODIS image from 22 April, 2008 overlaid with ASI and ASI2 SIC
isolines. Here ASI and ASI2 use the standard tie points and weather filters. We choose
15%, the common threshold to distinguish ice covered or ice free area as the lowest isoline,
to illustrate a qualitative visual comparison between the ASI2 SIC retrieval and MODIS
image near the ice edge. Many ice floes are found outside the range of the ASI 15% SIC
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Table 6.2: Bias and standard deviation of ASI and ASI2 SIC of the validation RRDP
dataset over 0% and 100% ice concentration. SIC0 data is from all months, and SIC1 data
is from October to May. ASI and ASI2 SIC: all weather filters turn off, no capping at 0%
and 100%. ASIWF and ASI2WF : standard tie points, weather filters turned on, capping
at 0% and 100%.

AMSR-E AMSR2
SIC (%) ASI ASI2 ASI ASI2
SIC0 Bias 21.6 15.2 21.3 14.2

Std 35.4 22.9 34.3 20.7
SIC1 Bias −0.6 −0.2 −0.4 0.2

Std 3.9 4.0 3.6 3.4

ASIWF ASI2WF ASIWF ASI2WF

SIC0 Bias 4.7 0.04 3.5 0.5
Std 14.3 1.5 11.5 3.6

SIC1 Bias −0.5 −1.1 −0.3 −0.6
Std 1.7 2.4 1.3 1.7

Figure 6.8: Histogram of ASI and ASI2 of the AMSR-E RRDP validation dataset over
0% and 100% ice concentration.
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Figure 6.9: Scatter plot of GR(23,18) and GR(36,18) of ASI and ASI2 for the RRDP
validation dataset over open water, color coded by the ERA-Interim total water vapor.
Vertical and horizontal dashed lines show the default thresholds of GR(36,18) and gr2318
used for ASI weather filter: 0.045 and 0.04 respectively.

isoline (red arrow in Figure 6.10). In these cases the weather filters remove real ice. Note
that most of these floes are covered by partially transparent clouds. Without atmospheric
correction, a more conservative weather filter helps to screen out as much spurious ice as
possible at the cost of compromising low ice concentration retrieval. With the weather
corrected TBs at 89 GHz and GR(36c,18c), ASI2 is able to retrieve low SIC as well while
excluding spurious ice. The ASI2 15% concentration line is much closer to the actual ice
edge, despite the influence from clouds. Comparing the two images, the 30% isoline of
ASI2 overlaps with the 15% isoline of ASI in many regions. On the other hand, the area
enclosed by the ASI2 90% isolines is notably smaller than that by ASI. This means that
over regions with low or intermediate sea ice, ASI2 retrieves higher SIC than ASI, whereas
at close to 100% ice concentration regions, ASI2 retrieves lower SIC.

6.4.3 Comparison to Landsat-5 TM and Landsat-7 ETM+

ASI2 SIC retrieval is compared to SIC derived from Landsat images. Here we only present
one scene from 24 May 2005 located near the Davis Strait in Figure 6.11. The other eight
scenes evaluated show similar behavior. In areas of Landsat ice concentration above 90%,
both ASI and ASI2 show similar SIC distributions as Landsat, with bias ranging from
−9.7% to 5.6% (Figure 6.11.e–f). In regions of thin and broken ice floes (albedo between
0.04 and 0.7), both ASI and ASI2 underestimates the total ice concentration compared to
Landsat, with bias up to −80% and −65% respectively. Recent studies [Heygster et al.,
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Figure 6.10: Ice concentration retrieved by ASI and ASI2 overlaid on MODIS image of
Fram Strait from 22. April, 2008. Sea ice areas appear yellow or brown, clouds are white
or gray, and open water appear dark blue/black. SIC of 15%, 30% and 90% are marked
by green, yellow and red isolines, respectively. The actual ice edge is denoted by the red
arrows.

2014, Ivanova et al., 2015] show that passive microwave algorithms underestimates ice
concentration in thin ice areas (<0.5 m). For the ASI algorithm, Ivanova et al. [2015]
found that the retrieval is only affected by ice thickness below 0.2–0.25 m. This can
explain the negative bias in the thin ice regions. For this particular scene, ASI2 shows
lower bias (−12.8% v.s. −18.0%) and RMS error (22.6% v.s. 28.5%) than ASI.

Over all nine validation scenes, when both thin and thick ice are considered, the average
bias between ASI2 and Landsat of each scene ranges from −1.6% to −17.9%, with RMS
error 18.0% to 27.3%. Figure 6.12 shows the scatter plot of ASI/ASI2 and Landsat total
ice concentration of all investigated scenes. ASI2 displays better agreement with Landsat
SIC, especially in low ice concentration regions. ASI retrieves 0% where Landsat shows up
to 100% SIC. Most of such misclassification cases do not occur in ASI2 retrievals. Table 6.3
summarizes the average bias and RMS errors of ASI and ASI2 compared to Landsat total
SIC and thick SIC values of all nine investigated scenes. For ASI, the average bias of each
scene ranges from −7.4% to −24.8%, with RMS error 17.5% to 28.5%. These bias values
are considerably more variable and shifted towards the negative direction compared to
the results of [Wiebe et al., 2009](−8.4% to 4.5%). This is probably due to their different
albedo threshold (0.1) used for ice/water identification, and the much higher open water tie
point (80 K) of ASI which was adjusted for that study. When only thick ice (albedo>0.7)
is considered, ASI retrievals are closer to Landsat thick ice concentration, showing lower
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bias from −2.5% to 18.0% with RMS 12.0% to 25.8%. ASI2 bias is higher in half of the
investigated scenes, ranging from −1.1% to 25.6% with RMS 12.4% to 36.2%. The negative
bias for high SIC for ASI2 compared to ASI can be explained by the removed atmospheric
influence. More details are discussed in Chapter 6.5. For the total SIC, the overall average
bias of ASI2 (−10.6%) is lower than that of ASI (−13.3%). ASI2 also gives lower RMS
error (21.0%) than ASI(23.7%). For thick sea ice, the result is reversed: ASI returns lower
bias and RMS. We therefore conclude that the reduced ASI2-Landsat total SIC bias mainly
comes from the improved retrieval in thin ice and low ice concentration areas.

Table 6.3: Bias and RMS errors of ASI-Landsat and ASI2-Landsat ice concentration,
averaged over all nine investigated scenes.

SIC (%) ASI-Landsat ASI2-Landsat
Total Bias −13.3 −10.6

RMS 23.7 21.3
Thick Ice Bias 3.6 6.4

RMS 18.1 20.2

6.4.4 Comparison to other passive microwave algorithms

To evaluate the consistency of ASI2 throughout a year, ASI2 is applied to the AMSR-E
data from 2008, and compared to the results of the SICCI2, NASA Team 2, and AMSR
Bootstrap ice concentration algorithms.

Figure 6.13 shows the daily ice extent (left panel) and ice area (right panel) of the
whole Arctic retrieved by the aforementioned algorithms. Ice extent is defined as the total
area of all data cells with SIC above 15%, whereas ice area the total area covered by ice.
The seasonal variation of ice extent and area of ASI2 agrees with the other algorithms.
ASI ice extent is the lowest among all algorithms throughout the year with bias oscillating
around −0.4 million km2 than all other algorithms. Due to the improved weather filter
and its ability to retrieve low SIC, the ice extent of ASI2 is increased by 0.3 million km2

and is closer to that of NASA Team 2, AMSR Bootstrap and SICCI2 in winter. Difference
between ASI2 and ASI ice extent rises from mid July, and reaches about 0.5 million km2

in the middle of September when the ice minimum occurs.
Despite the bias in ice extent, the ice area of ASI and ASI2 share similar values during

winter (October to May). This indicates that ASI2 SIC over ice packs must be lower than
ASI, similar to the findings when comparing with Landsat scenes (Chapter 6.4.3). Monthly
average SIC maps show that ASI2 SIC is within 5% lower than ASI over the ice pack, and
up to 35% higher near the ice edge (not shown here). During melting season, ASI2 ice
area is up to 0.5 million km2 lower than ASI, indicating an underestimation of SIC over
ice pack. Monthly average SIC maps show that in summer, from June to September, ASI2
SIC is systematically 10–20% lower than ASI, NASA Team 2 and AMSR Bootstrap in
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the Arctic Basin, especially off the Siberian coast where mainly first-year ice exists. A
similar feature is shown by the SICCI2 algorithm from its monthly average SIC maps,
which uses a similar atmospheric correction approach for TBs at lower frequencies. This
could be explained by the removal of atmospheric contamination. In summer, melt ponds
and sea ice emissivity reduction caused by melting decrease the retrieved ice concentration.
Meantime, the higher atmospheric water content increase the measured TBs and thereby
masks/smooths the apparent ice surface emission. This decreases the observed polarization
difference at 89 GHz, causing a higher than actual ASI SIC retrieval. Regions of SIC above
90% would be shifted towards 100% especially under heavy weather conditions. From the
ASI swath ice maps during melting season, we observe clusters of near 100% SIC, the
geolocation and shape of which evolve in sync with high water vapor (> 8 kg/m2) and
liquid water path (> 0.07 kg/m2). As such weather contamination is reduced by the
correction, ASI2 returns SIC closer to the surrounding area of these clusters. For the
same reason, ASI2 ice extent and area reveal a higher day to day variability compared
to the other algorithms (Figure 6.13). In conclusion, during summer ASI2 retrieves the
SIC excluding the melt pond area. This is physically consistent with the measurement
principle, which cannot discriminate open water and melt ponds. Other algorithms like
ASI, however, might retrieve higher SIC closer to the total SIC including melt pond areas
but for the wrong reason, i.e., atmospheric influence.

To quantitatively examine the performance of ASI2 in the low ice concentration do-
main (<50%), we investigate the ice extent and ice area in the Barents Sea (between 75N
and 80N latitude, between 15E and 60E longitude), where sea ice of the complete con-
centration range present in all seasons. Figure 6.14 shows the regional ice extent (sum
of grid cell areas) of 2008 winter (January – April) of various concentration ranges: (i)
SIC≥15%, (ii) 0%<SIC<15%, (iii) 15%≤SIC<50%. Figure 6.15 is the same for ice area
(areal sum of ice fraction). In range (i), most algorithms return similar ice extent within
the ensemble standard deviation (±1.5× 104 km2), while ASI shows an apparent underes-
timation (−3× 104 km2). About 60% of this underestimation occurs in range (iii) 15%≤
SIC<50% (Figure 6.13). Opposed to that, ASI2 regional extent and area follow closely
with the ensemble mean in ranges (i) and (iii), and retrieves the highest extent and area
among all algorithms in the low ice concentration range (ii), depicting a more gradual SIC
distribution across the ice edge. This confirms our findings in Chapter 6.4.2 (Figure 6.10)
in a larger region and time span. The AMSR Bootstrap and SICCI2 algorithms barely
retrieve any sea ice below 15%, while ASI and NASA Team 2 retrieve half as much as
ASI2 with ASI2 showing the highest values and the highest variability. We explain this by
the substitution of the GR(23,18) weather filter with atmospheric correction in the ASI2
algorithm, so that less grid cells are set to 0% SIC. Moreover, the difference between the
ASI2 regional ice extent/area and the algorithm ensemble mean is consistent in all inves-
tigated SIC ranges, indicating a stable atmospheric correction effect even at intermediate
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SIC values.

6.5 Discussion

The influence of major geophysical parameters: wind speed (WS), total water vapor
(TWV), liquid water path (LWP) and surface temperature, on the observed TBs at 89 GHz
is evaluated through an radiative transfer model [Wentz, 1997] over open water and con-
solidated ice (Figures 6.2, 6.3). Ice reveals much lower sensitivity to any atmospheric
influence than open water. The polarization difference at 89 GHz (PD) decreases with
most parameters and results in higher ASI SIC. For open water the reduction in PD is
most pronounced with TWV and LWP, the two major parameters that cause spurious ice
over ocean in the retrieval. The TBs of consolidated ice on the other hand is less influ-
enced by the atmosphere, but more by the variations in sea ice emissivity which may be
caused by sea ice and snow conditions such as ice age, temperature, snow cover, leads,
etc. At frequencies higher than 10 GHz, the volume scattering in snow grain on top of
sea ice decreases the emissivity [Perovich et al., 1998]. Onstott et al. [1987] found that sea
ice emissivity at 90 GHz increases with wet snow. During the melting season, the sea ice
emissivity variability can reach up to five times higher than in winter at 85 GHz based on a
model study [Willmes et al., 2014], causing uncertainties in the ice concentration retrieval.
Using monthly Arctic wide sea ice emissivities in the correction as suggested in Chapter 4.2
can account for part of this variability, but not entirely.

ERA-Interim has been chosen as NWP dataset in this study for its complete data
coverage in the Arctic, moderate temporal resolution and good consistency with individual
geophysical states observations [Lindsay et al., 2014]. The effect of the correction mainly
depends on three factors: (i) the quality of the geophysical data, (ii) the agreement of the
chosen geophysical data in time and geo-location to the exact AMSR-E observation, and
(iii) the geophysical parameters included in the correction. ERA-Interim data does not
fully ideally qualify factor (ii) because it has coarser spatial resolution (0.75◦) compared to
89 GHz TBs and has a maximum 1.5 hours difference in time to the AMSR-E observation.
This is particularly problematic for LWP connected to clouds, which typically varies at a
much smaller scale than the NWP grid and the satellite footprint. Also, the exact location
and track of clouds are more uncertain in NWPs, which causes a mismatch between the
atmospheric correction based on NWP and the actual satellite measurements. Factor
(iii) was investigated by testing the most significant atmospheric parameters and their
combinations in the correction at 0% and 100% ice concentration with the RRDP training
data. Despite the possible discrepancy with the AMSR-E footprint, TWV best reduces the
TBs variability among all single parameter correction schemes over open water, and Tsk
over consolidated ice. In addition, all corrections combined with TWV/ Tsk outperformed
the respective single parameter correction. We therefore conclude that for parameters with
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low spatial and temporal variability like water vapor and surface temperature, factor (ii) is
less critical. Correction for TWV, WS, and Tsk best reduces the total variability of TBs.

New tie points free of weather contamination are identified for ASI2, which yield a wider
dynamic range in PD and provide a better distinctness between the water and ice signal
(Table 6.1 and Figure 6.7). Ideally the relationship between the PD at 89 GHz and ASI2
ice concentration should be linear, because the non-linearity was originally introduced
to statistically account for the atmospheric influence. The ASI2 retrieval polynomial is
closer to a linear function than ASI over the whole SIC range (Figure 4.3), confirming the
correction effect.

ASI2 SIC is validated over 0% and 100% ice concentration with the RRDP validation
dataset. The RRDP dataset contains a large number of observations for the two extreme
cases 0% and 100% SIC, which makes it suitable for an evaluation during all seasons and
the complete Arctic Basin. No such data set is available for intermediate ice concentration
values. Moreover, a principal difficulty when comparing ice concentration retrievals from
different sensors, frequencies and algorithms is that they have different interaction mecha-
nisms of radiation and matter, and therefore their thresholds for detecting sea ice varying
with thickness, wetness or other parameters will be different. These differences are espe-
cially prevailing for intermediate ice concentrations. Comparing scenes of 0% and 100%
SIC reduces the ambiguity between different methods. We, however, evaluate retrievals
of intermediate SIC values are evaluated by case studies using a MODIS image and nine
Landsat scenes. Moreover, the ASI2 daily ice extent and area of 2008 (whole year) are
compared with those of ASI, NASA Team 2, and SICCI2 algorithm, to confirm that ASI2
provides consistent SIC retrieval throughout the year.

ASI2 retrievals over the open water and 100% sea ice validation sites show narrower
and more Gaussian-shaped SIC distributions (Figure 6.8), and result in lower bias and
uncertainty (Table 6.2) than the original ASI algorithm. The correction is more efficient
over water than ice, consistent with the different sensitivities to weather contamination
(Figure 6.3).

The atmospheric correction significantly reduces the retrieval uncertainty induced by
weather contamination, but does not eliminate it completely. We attribute this to the
influence of liquid water path, which the atmospheric correction based on NWP data
cannot successfully correct (Chapter 6.4.1). We still need to maintain the GR(36,18)
weather filter, which is sensitive to the atmospheric liquid water path. The GR(23,18) and
Bootstrap filters are not needed any more as weather filter in ASI2. The GR(36c,18c) based
on corrected 18 GHz and 36 GHz TBs at vertical polarization presents better distinctness
between sea ice and open water. A new higher threshold for the GR(36c,18c) filter is
thus determined to filter out the remaining spurious ice. The resulting SIC values better
outline the ice edge, and cast less influence near the ice edge compared to the standard
GR(36,18) filter (with the threshold 0.045) used in ASI. With this improved GR(36c,18c)
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filter (Figure 6.6), spurious ice is efficiently removed with compromising much less low ice
concentration values as with ASI.

Comparisons of ASI and ASI2 SIC to a MODIS image and nine Landsat scenes in the
marginal ice zone show that ASI2 brings the retrieved boundary of ice/water closer to the
actual ice edge, and shows a higher, more realistic horizontal gradient in SIC across the
ice edge. Compared to the Landsat SIC values, ASI2 shows lower bias (−10.6%) and RMS
error (21.3%) than ASI (bias 13.3%, RMS 23.7%).

Finally, ASI2 is applied to the full year 2008 of AMSR-E L2A data, and the resulting
daily ice extent and ice area are compared with those of ASI, NASA Team 2, and SICCI2
algorithms. The daily ice extent retrieved by ASI2 is higher than that of ASI (Figure 6.13).
The daily ice area of ASI2 on the other hand is similar to that of ASI, lower than NASA
Team 2 , and higher than SICCI2 algorithm. This indicates that ASI2 retrieves more sea
ice in the low SIC domain, yet lower SIC over the ice pack compared to ASI due to the re-
moval of atmospheric influences. Regional ice extent and area of various ice concentration
ranges in the Barents Sea are investigated to assess the ASI2 retrieval of ice concentration
below 50% (Figures 6.14, 6.15). As SIC values retrieved by different algorithms and sensors
cannot be directly compared (see above), this inter-algorithm comparison is more a consis-
tency test than a validation. We present the ensemble mean and standard deviation of ice
extent and area retrieved by all the aforementioned algorithms to provide a reference range
of that parameter. Result shows that ASI2 retrievals are consistent in all ice concentration
ranges, and retrieves the highest ice extent/area of SIC below 15%, reflecting the reduced
hiding of low SIC values by including the atmospheric correction in ASI2.
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Figure 6.11: ASI and ASI2 SIC compared to Landsat image from 24 May 2005 near
Davis Strait. a) the false color Landsat image, b) the Landsat ice concentration at 6.25 km
resolution, c) and d) ice concentrations of ASI and ASI2 based on the standard tie points
given in Table 6.1 with all weather filters turned on, e) and f) difference between ASI, ASI2
and Landsat total ice concentration.
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Figure 6.12: Scatter plot of ASI and ASI2 SIC compared to Landsat total SIC of all nine
investigated scenes.

Figure 6.13: Ice extent (a) and ice area (b) retrieved by ASI, ASI2, SICCI2, NASA
Team 2, and AMSR Bootstrap. All algorithms are resampled to polar-stereographic pro-
jection on 25 km grid.
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Figure 6.14: Ice extent of various ice concentration ranges in Barents Sea (latitude
between 75N and 80N, longitude between 15E and 60E) retrieved by the same algorithms
in Figure 6.13 from January to April, 2008. Extent SIC≥15%: total area of pixels with
ice concentration above 15%. Extent 0%<SIC<15%: 0–15%. Extent 15%≤SIC<50%: 15–
50%. Note that the y-axes show different ranges. Black curve shows the ensemble mean of
all algorithms, shaded area the ensemble standard deviation.

73



Chapter 6. ASI2 algorithm

Figure 6.15: Same as Figure 6.14 but for ice area.
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7.1 Introduction

The scope of this chapter is to include the influence of LWP into the atmospheric correction,
in addition to WS, TWV and Tsk. The resulting SIC algorithm is called ASI3, which
especially also improves ice concentration at higher concentrations away from the marginal
ice zone.

ASI3 uses the geophysical data calculated by an optimal estimation algorithm [Scarlat
et al., 2017] (OEM) as input to the correction scheme. The OEM data set is retrieved from
AMSR-E observations at the frequency range 6.9 to 36.5 GHz, therefore the geophysical
inputs for the weather correction are guaranteed to be at exactly the same overflight times
and places as the ice concentration retrieval inputs. Moreover, the microwave measure-
ments used for estimating the atmosphere (6.9 to 36.5 GHz) are independent from the
measurements used for ice concentration retrieval (89 GHz). This makes the OEM data
suitable for weather correction.

The influence of the input data on the retrieved ASI3 ice concentration are discussed
in Chapter 7.3.1. Chapter 7.3.2 emphasizes the benefits of including liquid water path in
the correction scheme. New tie points are then derived for ASI3 with focus on the open
ocean tie point in Chapter 7.3.3. An empirical open ocean mask is developed to screen
out the remaining erroneous SIC retrievals in Chapter 7.3.4. With the complete ASI3
algorithm developed, the weather corrected TBs and retrieved SIC are evaluated over sites
of validated 0% and 100% SIC in Chapter 7.4.1. The reduction of weather patterns over
the ice pack is investigated in Chapter 7.4.2, followed by a comparison study with Landsat
imagery in Chapter 7.4.3.
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7.2 Methodology

The observed TBs at 89 GHz are corrected for weather contaminations caused by WS,
TWV, LWP and Tsk. The satellite data used for the study is described in detail in
Chapter 3.1. The correction scheme is similar to ASI2 and is described in Chapter 4.1.

The complete RRDP data set (Chapter 5.1) is used for training and validating the
ASI3 algorithm over pure surfaces. The RRDP data set provides large quantity of AMSR-
E/2 observations over verified areas of 0% and 100% ice concentration. The typical value
of brightness temperatures over these two surface types are critical for developing ice
concentration retrieval algorithm. However, the RRDP data set of 0% ice concentration
are located in limited areas within 100 km distance to the ice edge (Figure 5.1). This may
limit their representativeness of the weather conditions over open ocean.

To evaluate ASI3 weather corrected brightness temperatures and ice concentration
under broader Arctic weather and ice conditions, ASI3 is tested on every tenth day of the
AMSR-E data of the 2006 winter months (from January to April and October to December)
above latitude 50 degrees north. This will henceforth be referred to as the 2006 winter
data set.

The resulting corrected brightness temperatures over the RRDP and 2006 winter data
sets are used for determining the tie points of ASI3 and new open water masks (Chap-
ters 7.3.3, 7.3.4).

The weather correction effect is most pronounced over intermediate ice concentration,
while the RRDP validation dataset can only examine the ASI3 performance over pure
surfaces. To fill in the gap, ASI3 ice concentration is also quantitatively evaluated with
nine Landsat scenes (Level 1 data). The nine Landsat scenes are acquired from mid April to
late May during the AMSR-E operation period. Their locations are depicted in Figure 7.1.

Four of the investigated scenes are provided by Stefan Kern from the University of
Hamburg. Sea ice is identified based on broadband albedo threshold: (i) open water:
albedo≤0.07, (ii) sea ice: albedo>0.07. The remaining scenes are identified in house using
the Band 3 reflectance threshold determined for each individual scene by examining its
histogram. The thresholds are given in Table 7.1.

For each Landsat scene, we first derive a binary ice/water map using the respective
albedo or reflectence threshold at the original Landsat projection at 30 m resolution. The
binary map is then downsampled to the NSIDC grid at 3.125 km resolution. The number
of sea ice pixels within each grid cell is counted and the Landsat ice concentration is thus
calculated.

Due to the Scan Line Corrector failure of Landsat 7, some Landsat images have data
gaps with width that increases toward the edge of the scene, accounting for 22% data loss
on the imaged area. Despite that, the remaining spectral information maintains the same
radiometric and geometric quality as images collected prior to the failure [USGS et al.,
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2003]. The gap problem affects two of our researched scenes (KS1 and ES1 in Figure 7.1).
Sea ice information is identified only from the valid pixels.

Figure 7.1: Locations and dates of all Landsat imagery used for ASI3 evaluation.

7.3 ASI3 algorithm development

7.3.1 ASI3 SIC sensitivity to atmospheric parameters

The ASI3 SIC retrievals are derived from weather corrected PDs. Therefore they depend
on the quality of the weather correction inputs, namely the geophysical data. Chapter 6.3.1
shows that the TOA PDs vary at different rates with varying geophysical parameters. How
much change does that mean for the retrieved ice concentration? Here we aim to quantify
how much ASI3 SIC would vary due to one standard deviation of change in the input
parameters over pure surfaces. We define this value as the sensitivity of ASI3 SIC to
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Table 7.1: Band 3 reflectance thresholds used for Landsat sea ice identification. Scene ID
denotes the location of Landsat scene. ES: East Siberian Sea. BB: Baffin Bay. BS: Bering
Strait. KS: Kara Sea. HB: Hudson Bay. The rest four scenes are identified and provided
by Stefan Kern from the University of Hamburg.

Scene ID & date R
ES1 20060530 0.21
KS1 20060503 0.16
BS1 20060421 0.19
BS2 20060421 0.31
BS3 20060421 0.21

geophysical parameters:

S =
∂C(ASI3)

∂par
· σpar, (7.1)

where ∂C(ASI3)
∂par denotes the average partial derivative of ASI3 SIC to the input geo-

physical parameter par, σpar denotes the typical variability of the input parameter. The
partial derivative shows how much ASI3 SIC responses to a fixed perturbation to the input
parameter. It is first calculated for each RRDP data point, and then averaged over the
RRDP dataset of 0% and 100% SIC accordingly to get the sensitivity S. This way we get
the average response under pure surface conditions.

Table 7.2 shows the typical variabilities of all considered geophysical parameters used
by sensitivity computation. Variabilities of wind speed, total water vapor and skin tem-
perature are derived from the ERA5 decadal climatology in the Arctic.

Variability of liquid water path is derived from the OEM data covering the RRDP
validation sites instead of from the ERA5, because the OEM liquid water path retrieval
better represents the variant nature of clouds than the re-analysis data [Scarlat et al.,
2017].

Variability of ice concentration depends on the chosen retrieval algorithm and the
concentration regime. Low sea ice retrievals are generally more variable than high ones.
Ivanova et al. [Ivanova et al., 2015] examined 13 algorithms and found that the variability
of retrieved SIC varies from 2.8% to 28.8% over low ice concentrations, and from 3.1% to
8.1% over high concentrations. We choose 20% as the SIC variability. The NASA Team
algorithm derived multiyear ice concentration (CMY) has a precision of 13-25% [Cavalieri
et al., 1984]. We take the median value 20% as its variability.

Figure 7.2 shows the ASI3 SIC sensitivity to each atmospheric correction input over
0% and 100% RRDP SIC validation sites. The height of the bars represent change in ASI3
SIC caused by one standard deviation of the corresponding input parameter. Blue bars
denote sensitivity over open water, and yellow bars closed sea ice.

ASI3 SIC over open ocean is in general more sensitive to the input parameter than
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Table 7.2: ERA5 decadal mean and variability of geophysical parameters, and typical
variability of sea ice concentration and multiyear ice concentration in the Arctic region.

WSP (m/s) TWV (mm) LWP(mm) Tskin CMY(%) SIC(%)

Mean 6.3 6.5 0.04 263.8 - -
Std 1.5 4.3 0.1 11.6 20 20

over sea ice. Wind, water vapor and liquid water clouds are known to be the major
cause of erroneous sea ice retrievals over open ocean [Andersen et al., 2006]. The negative
sensitivities to these parameters indicate that the retrieved ice concentration decreases if
the corresponding geophysical parameter increases. Higher weather contaminations mean
that more erroneous sea ice is corrected, i.e. reduced, by the ASI3 algorithm over open
water and sea ice alike. This can be easily seen over open water where weather influences
cause spurious ice detection by the original ASI algorithm which is then eliminated by the
ASI3 correction.

Figure 7.2: ASI3 SIC sensitivity to atmospheric correction parameters, normalized by
the typical variability (standard deviation) of each parameter. Height of the bars are
interpreted as the potential ASI3 SIC error induced by one standard deviation of change
in the input parameter. The parameters’ standard deviations are described in Table 7.2.
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Wind alters the ocean emissivity by roughening the surface and doesn’t affect the ice
surface, hence the ASI3 SIC sensitivity to wind speed is zero over sea ice.

Small variations in the input liquid water path cause the largest change in ASI3 SIC:
0.1 mm increase in LWP lead to a 19.7% reduction in ice concentration over open ocean and
a 3.1% reduction over closed ice. The quality of the input LWP is thus vital for the ASI3
SIC retrievals. Benefits of including the LWP correction in ASI3 algorithm are discussed
in detail in Chapter 7.3.2.

Total water vapor causes the second highest sensitivity. ASI3 SIC reduces by approxi-
mately −7.5 percentage points in response to a 4.3 mm increase in input water vapor over
open water. Over 100% sea ice, the same variation in TWV reduces the ASI3 SIC by −1.1
percentage points.

Tsk is the only parameter causing positive sensitivity. The study of ASI2[Lu et al.,
2018] found that TOA PDs increase with higher surface temperatures. This often leads
to underestimating SIC over the ice pack. The weather correction of the ASI3 algorithm
helps to compensate this bias, hence positive sensitivity.

A 20% increase in the input SIC results in 7% percentage points reduction in the ASI3
SIC over open ocean, and 2.2 percentage reduction over consolidated ice. The same increase
in multiyear ice concentration on the other hand causes less than 0.5% decrease of the ASI3
SIC. Two conclusions are drawn here. First, the influence from ice type is negligible to
the ASI3 SIC retrieval compared to input SIC used in the correction scheme. Second, the
correctness of input SIC is essential for the open ocean areas. If the input SIC is too high
in the correction scheme, the simulated surface emission would be too far off the reality
and thus compromise the simulated TOA TBs. The resulting ice concentration based on
the corrected TBs would be 7 percentage points closer to the true value (0%), but cannot
completely eliminate the input error. The question surfaces, which ice concentration data
should be used as input to the correction scheme?

During the development of ASI2, we follow the parameterization of the Wentz forward
model and simulate the emissions from first-year and multiyear ice separately. The NASA
Team algorithm is therefore chosen as the input ice concentration to the ASI2 correction
scheme due to its ability to retrieve ice types. However, from the sensitivity study, we learn
that ice type has marginal influence on the final retrieved ice concentration. This expands
the candidates for input ice concentration. The most straight forward solution would be to
use the ice concentration retrieved by the OEM algorithm, so as to use a consistent data
source for all input parameters. The disadvantage of this approach could be the coarse
spatial resolution of OEM data. Second possibility is to continue the approach of the ASI2
algorithm and use NASA Team as input ice concentration. Another option is the original
ASI algorithm for its high spatial resolution.

All three options are tested as the input SIC and the resulting ASI3 SIC are illustrated
in Figures 7.3, 7.4. For the ASI and NASA Team SIC data, two versions are tested: one
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Figure 7.3: ASI3 results using OEM (left), NASA Team (middle) and ASI (right) as
the input ice concentration. Top: the ice concentration input to the correction scheme.
Bottom: the corresponding ASI3 ice concentration. Data is located in the Barents Sea
from Jan 11, 2006.
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Figure 7.4: ASI3 results using filtered NASA Team (left) and ASI (right) as the input
ice concentration. Top: the ice concentration input to the correction scheme. Bottom: the
corresponding ASI3 ice concentration. Data is located in the Barents Sea from Jan 11,
2006.
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solely based on their retrieval equations without any open water filter (Figure 7.3), while
the other adopts a relaxed open water filter based on the OEM ice concentration (Fig. 7.4).
The OEM ice concentration shows little spurious ice over open water (Figure 7.3). Its
coarse resolution (56 km) combined with the relatively short satellite sampling distance
(10 km) causes strong smearing along the ice edge. The ice edge (SIC<10%) defined by
the OEM SIC data is thus more towards the open ocean than the actual ice edge. This
makes the OEM SIC data suited as a relaxed open water mask. When doing so, all ASI
and NASA Team SIC data points showing higher than 10% OEM SIC are set to 0%. This
way intense spurious ice detected by ASI and NASA Team can be filtered, while retrievals
in the proximity of the ice edge are preserved.

The ASI3 SIC result based on OEM SIC input shows the least spurious ice in Fig-
ure 7.3 thanks to the correct input ice concentration over open ocean. For the ASI3 results
based on NASA Team and ASI algorithms, the weather corrected ice concentration does
not simply repeat the input ice concentration. Over where is supposed to be ice free, both
versions show smaller areas of spurious ice than the input ice concentration. In areas of
consolidated ice, the underestimation in the input ice concentration is corrected to some
extent. For example, over the ice pack north of Svalbard, the input NASA Team ice con-
centration is lower than 80% whereas the corresponding ASI3 ice concentration is 100%.
We conclude that to achieve an effective weather correction, the input ice concentration
should provide an approximate estimation of the ice covered region. The correctness of
input ice concentration over high ice concentration area is much less critical for the ASI3
results. Moreover, along the ice edge, the smearing from the input ice concentration is re-
duced in the resulting ASI3 ice concentration, yet still exists. It is particularly pronounced
in the result based on OEM SIC where the smearing is the strongest. We conclude that the
input ice concentration to the correction scheme should be of similar spatial resolution as
the 89 GHz channel used by the ASI3 SIC retrieval scheme. The OEM SIC is eliminated as
the input ice concentration data candidate, and our test continues with the NASA Team
and ASI SIC.

Figure 7.4 shows the NASA Team and ASI SIC with relaxed open water filter and the
corresponding ASI3 results. We discuss the results in three sub regions marked by the red
boxes. In the area south of the Franz Josef Land (area A), the NASA Team ice concentra-
tion drops abruptly from 80% to 60% within six pixels (each pixel is 6.25 km×6.25 km)
towards open ocean, then show a wide range of gradient ice concentrations between 20%
and 40%. This feature is more likely to be caused by the smearing effect rather than
real sea ice distribution. In the resulting ASI3 ice concentration, the smeared ice edge
is much narrower yet still persists. According to the operational ASI daily SIC (which
includes two weather filters and a Bootstrap low SIC filter) and the OSI SAF SIC data
[OSI SAF, 2017], the region north of the Franz Josef Land (area B) is a polynya scattered
with small fractions of low SIC (below 30%). The input NASA Team ice concentration
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however shows approximately 20%–40% SIC in where is supposed be a polynya, possibly
caused by smearing and the uncorrected weather influences at the 37 GHz channel. The
ASI3 result corrects part of such artifact and shows larger fraction of low SIC (<15%) area.
The input ASI ice concentration (filtered by OEM SIC threshold) shows a more realistic
ice distribution: clusters of low concentration sea ice over an open ocean area surround
by consolidated ice and land. The ASI3 result based on the filtered ASI data shows less
smearing along the ice edge than based on the filtered NASA Team data. The input ASI
ice concentration east of the Novaya Zemlya (area C) shows two clusters of SIC below
80%, both of which increase to near 90% in the resulting ASI3 ice concentration. How the
weather correction reduces weather patterns over consolidated ice is discussed in detail in
Chapter 7.4.2.

In conclusion, to preserve the spatial resolution of the 89 GHz channels in the ASI3
SIC, it is best to use input SIC of similar resolution. Since the sensitivity to input SIC
over open water is thrice as high as over 100% sea ice, the input SIC indeed serves more
as a first guess ice edge, whereas the exact SIC values do not need to be perfect. Based
on this, ASI SIC with a relaxed open water filter based on the OEM SICs is chosen as the
input SIC to the atmospheric correction.

7.3.2 Correction for liquid water path

One major improvement of ASI3 compared to ASI2 is including liquid water path in the
atmospheric correction. Figure 7.5 shows the example from one day of the effect of liquid
water path correction on the polarization difference measurements and SIC retrievals. The
polarization difference represent the radiometric signal of the surface. Higher polarization
differences indicate lower sea ice coverage. Weather influences and wind decrease the
polarization differences, making open water appear like sea ice. Weather patterns can
therefore be identified from the polarization differences maps.

The water vapor and liquid water path patterns shown in Figure 7.6.b,c coincide with
the low polarization difference signals and the ASI spurious ice patterns in Figure 7.5.a,d.
The influence of liquid water path on the measured polarization difference signal is larger
than that of the other geophysical parameters (Figure 7.2). The measured polarization
difference values over open water mostly range from 40 K to 80 K (Figure 7.5.a). In areas
with liquid water path greater than 0.12 mm (Figure 7.6.c), polarization difference values
are down to 20 K. As liquid water path reach extremely high values, i.e.>0.2 mm, polar-
ization differences decrease to around 10 K, similar to the typical polarization difference
signature of sea ice. As a result, erroneous sea ice up to 100% is detected over cloud
contaminated open ocean by the ASI algorithm without weather filters.

After correcting the geophysical influences except for liquid water path (Figure 7.5.b,e),
polarization difference values increase by approximately 20 K over open ocean, and by less
than 5 K over ice pack. Ocean and sea ice thus show higher contrast in their polariza-
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Figure 7.5: Maps of polarization difference (top row) and ice concentration (bottom
row) of 2006 Jan 11. The ice concentrations are derived from the polarization difference
values mapped above by the original ASI algorithm (left), ASI3 algorithm without LWP
correction (middle), and ASI3 algorithm with LWP correction (right). No external weather
filter is applied to the SIC maps.

85



Chapter 7. ASI3 agorithm

Figure 7.6: OEM retrieval results from 2006 Jan 11: wind speed (WSP), total water
vapor (TWV), liquid water path (LWP), surface temperature (Tsk), ice concentration
(SIC), multiyear ice concentration (CMY).
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tion difference signatures. Falsely detected SIC is reduced in general. Over highly cloud
contaminated ocean, polarization differences are still 20 K lower than the surrounding low
liquid water path areas, causing the remaining spurious sea ice (Figure 7.5.e).

After including liquid water path in the atmospheric correction (Figure 7.5.c,f), polar-
ization differences over the cloud contaminated areas increase to same or even higher values
than the surrounding low liquid water path areas (Figure 7.5.c). polarization differences
over open ocean increase to above 80 K and the corresponding SIC retrievals are 0% overall
with only a few spurious ice pixels (Figure 7.5.f).

The polarization difference histograms resulting from atmospheric corrections with and
without liquid water path on the 2006 winter data set (data from 15 days in total) in
Figure 7.7 show a bimodal distribution in all three scenarios. The left peak represents sea
ice signal and the right open water. The distribution of measured open ocean polarization
differences is much wider than that of sea ice (Figure 7.7.a). Its peak is around 55 K,
with a long tail towards low polarization differences (20 K) showing mixed ice/water signal
caused by weather contamination. After correction without liquid water path, the open
water peak moves to 80 K (Figure 7.7.b). The sea ice peak increases by approximately 1 K.
Ice and water polarization difference distributions are further apart, and the number of
data points between them is reduced as well. We attribute the remaining low polarization
differences over open ocean to the influence of liquid clouds.

With liquid water path added to the correction, both sea ice and open ocean polar-
ization differences much better approximate a Gaussian distribution. The wide dynamic
range between sea ice and ocean polarization difference signatures guarantee retrieving
intermediate SIC with much higher accuracy. The distribution of sea ice polarization dif-
ferences ranges from 3 K to 22 K with highest occurrence at 14 K. We choose this value
as the sea ice tie point of ASI3. The distribution of open water polarization differences
ranges from 70 K to 100 K reaching peak at approximately 85 K. However, numerous open
ocean areas close to the ice edge show polarization differences around 80 K in Figure 7.5.c.
Simply choosing the peak as open water tie point risks overestimating SIC in these areas.
An in depth investigation is done to choose the suitable open water tie point for ASI3, and
is discussed in the following Chapter 7.3.3.

7.3.3 New tie points

The daily polarization difference maps of 2006 winter test data set (described in Chap-
ter 7.2) show that 0% SIC areas with higher liquid water path often have higher polarization
values post correction than the surrounding area. To quantify how much polarization dif-
ference deviate after weather correction under different cloud conditions, the polarization
differences over open ocean are computed for ASI and ASI3 under two cloud scenarios:
lowest 20% and highest 20% OEM liquid water path. Thresholds for the low and high
liquid water path scenarios are 0.012 mm and 0.1 mm correspondingly. Open ocean is
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Figure 7.7: Polarization difference histograms of the 2006 winter data set: a) original
AMSR-E measurements, b) ASI3 without liquid water path correction, c) ASI3 with liquid
water path correction.

identified by the OEM SIC data set. We found that OEM SIC data shows high accuracy
in low SIC regime: if OEM SIC<5%, it is certainly open ocean.

Table 7.3 summarizes the mean and standard deviation of polarization differences over
open ocean. In the low liquid water path scenario, mean ASI PD is 55.7 K, higher than
the standard ASI open ocean tie point (47 K), with a relatively high standard deviation
of 6.9 K. After the atmospheric correction, the average ASI3 PDs increases to 80.0 K,
while the standard deviation drops to 2.4 K. For LWP>0.1 mm cases, ASI PDs average at
29.2 K, with even higher standard deviation of 9.4 K compared to the low liquid water path
case. The mean ASI3 PDs on the other hand increases to 85.7 K with standard deviation
3.5 K, similar to the ASI3 low liquid water path scenario.

We conclude that he liquid water path is a main source of variability in the measured
polarization differences. High liquid water path values increase the standard deviation of
polarization differences while decreasing their average values for open water. Due to the
atmospheric correction, the ASI3 PDs standard deviation under both low and high liquid
water path conditions drop to the same level. As for the average polarization differences,
the atmospheric correction increases it by 24.3 K for the low liquid water path scenario, and
by 56.5 K for high liquid water path. This confirms the findings from the daily polarization
difference maps (Figure 7.5 shows one example). To prevent the open water tie point from
biasing towards high liquid water path conditions, we derive the ASI3 tie point only under
low liquid water path condition. The ASI3 open water tie point is chosen to be 80 K.
Compared to over open water, liquid water path alone cast less influence over sea ice. This
can be deducted from Figure 7.7, where the weather corrected polarization differences
over sea ice present similar distributions with and without liquid water path correction.
The range and peak of these two histograms are approximately 1 K apart. Therefore the
difference in sea ice tie point under low and high liquid water path scenarios is negligible.

With the new open water tie point P0 = 80 K and sea ice tie point P1 = 14 K, the SIC
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Table 7.3: ASI/ASI3 polarization difference over open ocean of the 2006 winter test data
set under low and high LWP scenarios.

ASI ASI3
PD (K) Mean Std Mean Std

LWP≤0.012 mm 55.7 6.9 80.0 2.4
LWP>0.1 mm 29.2 9.4 85.7 3.5

retrieval equation of ASI3 is derived as:

C(ASI3) = 1.39 · 10−6PD3 − 2.28 · 10−4 PD2 + 0.0044 PD + 1.1029 . (7.2)

Figure 4.3.c shows the SIC retrieval curve of ASI3. The dynamic range of the PD
signals is twice as wide as that of ASI. The difference between the retrieval curves of ASI2
and ASI3 is mainly caused by including liquid water path in the correction.

7.3.4 Empirical water mask

Although weather correction effectively reduces spurious ice over open ocean, some still
persists in the marginal ice zone and at lower latitudes as shown in Figure 7.5.c. To filter
out the remaining spurious ice, a series of open water masks based on ice extent climatology
and on the original and corrected brightness temperatures from the lower frequencies are
developed for the daily application of ASI3 on the AMSR-E/2 swath data.

• The monthly maximum ice extent masks generated by NSIDC is applied with 50 km
extension in the Bering Strait (available at https://nsidc.org/data/pm/ocean-masks).
All ASI3 retrievals outside of the monthly maximum ice extent are set to 0%.

• The gradient ratio of weather corrected 36.5 V and 18.7V brightness temperatures
GR(36c,18c) is used with the threshold 0.07 for the AMSR-E L2A data, and 0.055
for the AMSR2 L1R data. Data pixels with GR(36c,18c) greater than the thresholds
are certainly open ocean (Figure 7.9).

• The gradient ratio of observed 36.5 V and 18.7 V brightness temperatures GR(36,18)
with the threshold 0.045 and a 50 km buffer distance towards open ocean is used.
This filter defines the proximity of sea ice edge, and only allows ice retrievals within
this extent.

For the the marginal ice zone, we aim to allow as much true sea ice retrieval as pos-
sible, and eliminate the apparent erroneous sea ice. Our first attempt is to relax the
GR(23,18) and GR(36,18) based weather filter thresholds. Figure 7.8 shows the scatter
plot of GR(23,18) to GR(36,18) of ASI (left, based on observed TBs) and ASI3 (right,
based on weather corrected TBs) of the 2006 winter test data set. The weather filter
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thresholds used by ASI are marked by the blue lines. There are two dense data clouds:
one is at high GR(23,18) and GR(36,18) regime representing the open water pixels, the
other at negative range for both parameters representing 100% SIC. The data points in
between are intermediate SIC.

After the weather correction, part of the 0% SIC distribution becomes much denser
and tighter. All corrected GR(23c,18c) values are below the ASI weather filter threshold
0.04. As GR(23,18) is most sensitive to water vapor, this indicates successful water vapor
correction. The GR(23,18) filter is no longer needed by ASI3. Most of the corrected
GR(36c,18c) values fall in the 0.06 to 0.09 range.

Figure 7.8: Scatter plot of GR(23,18) to GR(36,18) of ASI (left, observed) and ASI3
(right, corrected), based on the 2006 winter data set in regions above 60◦ north latitude.
The weather filter thresholds used by each algorithm are marked by the blue lines. ASI:
GR(23,18)=0.04, GR(36,18)=0.045. ASI3: GR(36c,18c)=0.07. SIC retrievals located in
the shadowed areas are set to 0%.

Is there one GR(36,18) threshold that perfectly separates open water from sea ice?
To answer this question, we focus on regions that are certainly ice free, and calculate the
corrected GR(36c,18c) values. Open water area is identified by the OEM SIC data set.
Figure 7.9 shows GR(36c,18c) values with the corresponding ASI3 SIC over open ocean,
calculated for the 2006 winter test data set above 60◦ north latitude. Histograms of the
two parameters are plotted along the respective axis of the scatter plot.

Although the scatter plot shows GR(36c,18c) and SIC values all over the displayed data

90



7.4. ASI3 algorithm evaluation

range, the majority of the data points (yellow to red cluster) have GR(36c,18c) between
0.07 and 0.08 with 0% SIC. The ASI3 SIC histogram shows that the 0% SIC bin is one
magnitude higher than the non-zero SIC. Few data points show SIC above 15% (Figure 7.9
top SIC histogram). The GR(36c,18c) histogram shows a unimodal distribution that ranges
from 0.06 to 0.09 and peaks at 0.075.

From the scatter plot, data distribution becomes denser at GR(36c,18c)=0.07 and
SIC=0%. From the GR(36c,18c) histogram, the slope starts increasing rapidly at 0.07 as
well. Taking these two aspects into consideration, we choose 0.07 as the threshold of the
GR(36,18) filter. SICs of all data points with ASI3 GR(36,18)>0.07 are set to 0%.

The none-zero SIC data points in Figure 7.9 are approximately separated into two clus-
ters by GR(36c,18c)=0.07. Data points with GR(36c,18c) higher than 0.07 show spurious
SIC up to 60%. These pixels are masked by the threshold approach. Data points with
GR(36c,18c) lower than 0.07 show SIC up to 100%. As the ASI3 SIC approach 100%,
the corresponding GR(36c,18c) values decrease to 0.02. Such low GR(36c,18c) values are
close to mixed ice/water signal, therefore the ASI3 GR(36c,18c) threshold is not suitable
to eliminate these spurious ice pixels. Instead, we apply a relaxed empirical water mask
based on the original ASI GR(36,18) filter. The ASI GR(36,18)>0.045 filter can mask out
open water area in most cases at the cost of removing some low SIC in the marginal ice
zone [Spreen et al., 2008]. To take advantage of this verified open water mask, we extend
it by 50 km towards open water. This way, sea ice retrievals are allowed in the vicinity
of marginal ice zone, while spurious ice further from the ice edge are screened out. This
relaxed open water mask together with the ASI3 GR(36c,18c)>0.07 filter effectively elim-
inate the possible spurious ice in the marginal ice zone, and maintain as much real sea ice
retrieval as possible.

7.4 ASI3 algorithm evaluation

7.4.1 ASI3 evaluation over 0% and 100% ice concentrations

ASI3 is tested and evaluated quantitatively over the RRDP data set, i.e. validated scenes
of 0% and 100% SIC. Figure 7.10 illustrates in the 89 GHz H v.s. V plane how the typical
signatures of open water and sea ice change from the original measurements (ASI) to post
correction values (ASI3). Isolines of the corresponding ASI SIC with 20% intervals are
overlaid on the TBs distributions.

Ideally, the TBs distributions of water and ice should extend parallel to the SIC isolines.
In reality, the 100% sea ice TBs cluster is almost parallel to the 100% SIC isoline, with
a narrow span along the polarization difference axis ranging from 80% to 120% SIC. The
open water cluster ranges over 0% to 100% ice concentration. In the high TBs regime, i.e.
TBH >225 K and TBV >250 K, open water show similar brightness temperatures as 100%
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Figure 7.9: Scatter plot of ASI3 SIC v.s. GR(36c,18c) over open ocean based on the
2006 winter data set in regions above 60◦ north latitude, with the corresponding his-
tograms plotted along each axis. The horizontal line denotes the chosen ASI3 GR(36c,18c)
threshold.
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sea ice. We attribute this to influences from clouds, water vapor and wind over ocean.
Such erroneous SIC retrievals are often set to 0% by weather filters and do not show up in
the final ASI results. However, it is challenging to distinguish low SIC in marginal ice zone
from weather induced spurious ice. The common weather filter approach risks deleting real
sea ice. Moreover, over high ice concentrations, weather filters are not applied and clouds
can lead to significant over and underestimation of sea ice.

After the ASI3 atmospheric correction, both open water and ice clusters are parallel to
the SIC isolines. The range of open ocean TBH decreases from 115 K to 60 , while that of
TBV remains unchanged at 50 K. Their distribution however becomes much denser: the
maximum density triples from ASI to ASI3. The open ocean cluster centers at the 0% SIC
isoline with a small scattering up to 20% SIC. Signatures of water and ice are completely
separated. Distances between neighboring ASI3 SIC isolines are approximately twice as
wide as ASI, indicating larger dynamic range.

Table 7.4 summarizes the statistics of polarization difference and SIC values, quanti-
fying the improvement from ASI to ASI3 over 0% and 100% SIC validation scenes. The
standard deviation of polarization difference reflects the combined variability of surface and
atmospheric influences. As the latter is corrected in ASI3, we expect lower polarization
difference standard deviations and interpret it as success of the atmospheric correction.

Over open ocean, the standard deviation of P0 decreases from 13.4 K to 2.7 K. This sig-
nificant improvement can be explained by two reasons. First, ocean emissivity is relatively
low compared to sea ice. The atmospheric emission is therefore the major contributor of
the TOA PD variability. Removing its influence thus greatly decreases the polarization
difference standard deviation. Second, the ocean surface variability is determined by salin-
ity, temperature and roughness, all of which simulated by the Wentz forward model and
thus corrected in ASI3.

Sea ice on the other hand reacts rather differently to the atmospheric correction. The
standard deviation of P1 increases slightly from 2.3 K to 3.1 K. Due to the high emissivity
of sea ice, atmospheric influences are much smaller in the measured TOA TBs compared to
open ocean. Moreover, ice emissivity is determined by many more factors, such as layering,
snow on top of sea ice, salinity and brine inclusions. All of these complex mechanisms are
simplified into two parameters, i.e. sea ice fraction and ice type in the Wentz forward model.
The correction only accounts for the minor influences from the atmospheric emission. The
variant nature of sea ice is thus revealed post correction, resulting in higher P1 standard
deviation. The challenge lies here with the RRDP, which only contains 100% SIC cases.
These cases are covered well by ASI. However, for intermediate SIC, where the atmosphere
can cause unnatural SIC variability for ASI we would expect an improvement for ASI3.

The mean values of polarization differences stand for the typical radiometric signature
of ocean and sea ice in the validation scenes. P0 and P1 of ASI also contain the average
atmospheric influences, and these of ASI3 only represent the surface. From ASI to ASI3,
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P0 increase from 40.1 K to 84.8 K , P1 from 9.6 K to 12.7 K. The dynamic range, i.e. the
difference between P0 and P1, increases drastically from 30.5 K to 72.1 K.

Note that the average polarization difference values over 0% (P0) and 100% (P1) SIC
scenes of both ASI and ASI3 are different from their standard tie points: ASI P0 = 47 K
and P1 = 11.7 K, ASI3 P0 = 80 K and P1 = 14 K. To avoid sampling bias and allow a
consistent comparison of the SIC retrievals based on the RRDP dataset, here the average
polarization difference values in Table 7.4 are used as special tie points for ASI and ASI3.
No external weather filter or ice mask is applied, and retrievals beyond the 0% to 100% SIC
range are allowed. This enables us to examine the full variability of ASI and ASI3 around
the reference SIC values. The reduction in standard deviation and bias of SIC compared
to the reference SIC would imply two facts:

• The weather corrected open water and sea ice signals yield narrower distributions.

• The non-linearity of the ASI retrieval curve around 0% and 100% is reduced in ASI3,
resulting in more Gaussian-shaped SIC distributions.

Over 0% SIC validation sites, bias and standard deviation drop significantly from 13.6%
to −1.1% and from 33.2% to 3.6%. Over 100% SIC sites, bias and standard deviation
improve slightly from −0.7% to −0.1% and from 3.5% to 3.4%, despite the increase in P1

variability. We attribute the improvement in 100% SIC to the wider ice/water dynamic
range.

Figure 7.10: Scatter plot of TB89,V and TB89,H over open ocean (dark red cluster) and
closed ice (cyan cluster) : a) original AMSR-E measurements (ASI), b) ASI3 with liquid
cloud correction.
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Table 7.4: Statistics of ASI/ASI3 PD and SIC of the RRDP validation dataset over 0%
and 100% ice concentration. P0 is the typical polarization difference for open water at
89 GHz, and P1 is for consolidated ice. ASI/ASI3 SIC are derived using P0 and P1 as tie
points.

ASI ASI3
PD (K) Mean Std Mean Std

P0 40.1 13.4 84.8 2.7
P1 9.6 2.3 12.7 3.1

SIC (%) Bias Std Bias Std
SIC0 13.6 33.2 −1.1 3.6
SIC1 −0.7 3.5 −0.1 3.4

7.4.2 Weather pattern over ice pack

While the ocean north of Greenland is known to have thicker and older sea ice at high
ice concentration, we observe apparent underestimation in the ASI SIC data. Figure 7.11
shows one example of ASI SIC anomaly occurring north of Greenland from April 11 to 13,
2006. ASI retrieves lower ice concentration, ranging from 70% to 90%. This cluster of low
ice concentration is surrounded by near 100% ice concentration, and its shape varies from
day to day. The sharp contrast between low and high ASI ice concentration is particularly
pronounced on April 13, where a stripe of 100% sea ice was across the cluster of below
90%. Such large area of lower ice concentration and high day to day variability are likely
related to weather contaminations in the observed TBs.

The lower panel of Figure 7.11 shows the corresponding atmospheric and surface con-
ditions. OEM data of the three major geophysical influences Tsk, LWP and TWV are
depicted. The warm surface (Tsk>273 K) indicates warm air intrusion coming from the
Fram Strait and reaching the pole. Higher surface temperatures increase the observed
polarization difference at 89 GHz, and in turn reduce the retrieved ASI ice concentration.
In regions with ASI SIC around 85%, the OEM Tsk reach 280 K or even higher. How-
ever, not all areas with Tsk above freezing temperature show ASI SIC underestimation.
For instance, northwest of Franz Josef Land shows OEM Tsk above 273 K, yet still has
high ASI SIC(above 95%). This coincides with the high OEM LWP data: generally above
0.1 mm, reaching 0.2 mm. High LWP values reduce the measured polarization differences,
and in turn increase the ASI SIC retrievals. This effect cancels out the warm surface
temperatures.

Taking the influences from surface temperature and cloud condition into consideration,
the ASI SIC anomaly can now be explained. Heavy clouds tend to mask the surface
emission and reduce the polarization difference of the measured TBs at 89 GHz. Areas
between the heavy clouds reveal the warm surface which polarizes the measured TBs.
Shape of such low LWP and high Tsk areas coincide with the low ASI SIC patterns. On
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Figure 7.11: Upper panel: ASI and ASI3 SIC north of Greenland from April 11 to 13,
2006. Lower panel: OEM retrievals of Tsk, LWP and TWV in the same region.
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April 13, a stripe of high LWP appeared in the middle of the high Tsk area. The ASI
SIC beneath this stripe of cloud is approximately 15 percentage point higher than the
surrounding area, and the sharp contrast of low/high ASI SIC values agrees in location
with the edge of the cloud seen as high LWP in Figure 7.11.

Once weather contaminations are corrected from the measured TBs, the ice concen-
tration retrievals by ASI3 are more homogeneous in the region of interest (Figure 7.11).
Clusters of low ASI SIC now show similar ice concentrations compared to surrounding
area. ASI3 SIC in most of the researched area is above 90%. The contrast between the
low/high ice concentration pattern is much reduced. Taking April 13 as an example, the
area covered by a stripe of heavy clouds still present near 100% SIC by ASI3, while ice
concentration of the surrounding area increase from 80% to above 90%.

7.4.3 Comparison to Landsat-5 TM and Landsat-7 ETM+

We compare ASI3 retrievals to Landsat ice concentration data described in Chapter 7.2.
Sea ice can be differentiated from open ocean because ice surface is much brighter. In
addition to the quantitative comparison, the Landsat Band 3 images are investigated visu-
ally to identify detailed surface features such as roughness, ice thickness and leads. Thick
sea ice appears bright and homogeneous on the Landsat image due to its high reflectance.
Open water is dark gray to black. Thin sea ice, refrozen leads and ice with partially melted
surface appear gray. The thinner the bare sea ice, the darker it appears. The performance
of ASI3 retrievals differs over these features, and is discussed in detail below.

Nine Landsat scenes taken from 2006 and 2010 in April and May are used for the
comparison. We only use the Landsat scenes from cloud free, low cloud liquid water
conditions. Instead of using the standard daily gridded output, we take the ASI and
ASI3 swath SIC based on the AMSR-E overflight closest in time to each Landsat scene
to guarantee less than 90 minutes time difference. The RMS and bias of ASI/ASI3 ice
concentration compared to Landsat of each scene are summarized in Table 7.5. In seven
out of the nine scenes, ASI3 returns lower bias or RMS than ASI. Yet in the other two
scenes, ASI3 returns higher bias and RMS. We will discuss the best and worst comparison
scenes in detail.

The scene with the best agreement between ASI3 and Landsat ice concentration is
located in the Bering Strait from April 21 2006. The upper panel of Figure 7.12 shows the
ice concentration data and bottom panel the comparison results.

The original Landsat Band 3 image (Figure 7.12.a) depicts land fast ice and compact
ice floes with narrow leads in between in the northern area of this scene. The southern
area shows more fragmented ice floes, with wider leads in between. The fraction of thin
sea ice (grey area) is noticeably higher in the south as well.

Figure 7.12.e and f show the difference maps of ASI/ASI3 v.s. Landsat ice concentra-
tion. The discrepancies between ASI/ASI3 and Landsat ice concentration are related to
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Table 7.5: Statistical results (RMS and bias) of ASI/ASI3 SIC compared to Landsat SIC
over the nine researched scenes. The last two columns show the difference in statistical
values between ASI3 and ASI. Negative differences mean that ASI3 SIC has better agree-
ment with Landsat SIC than ASI. The results are sorted by the difference in RMS values
in descending order. Scene ID denotes the location of Landsat scene. ES: East Siberian
Sea. BB: Baffin Bay. BS: Bering Strait. KS: Kara Sea. HB: Hudson Bay.

ASI−Landsat ASI3−Landsat Diff
Scene ID & date RMS Bias RMS Bias RMS Bias
ES1 20060530 29.2 -20.8 44.4 -34.6 15.1 13.8
BB2 20100524 26.2 -14.8 27.1 -16.3 0.8 1.5
BS2 20060421 1.9 0.2 1.8 -0.3 -0.1 0.1
BS1 20060421 5.2 -1.0 4.1 -1.0 -1.1 0.0
BB1 20100524 30.1 -19.8 28.9 -19.2 -1.2 -0.6
BS4 20060430 19.3 -7.1 17.1 -2.3 -2.2 -4.8
KS1 20060503 15.1 -6.3 11.4 -2.4 -3.7 -3.9
HB1 20100510 22.3 -9.0 18.3 -1.7 -4.0 -7.3
BS3 20060421 19.3 -7.8 13.4 -3.8 -6.0 -4.0

the atmospheric conditions and presence of thin sea ice. In the northern area where ice is
thicker and more compact, ASI and ASI3 ice concentration show less than ± 5% difference
to the Landsat ones. Higher discrepancies occur in the southern area. Over large and
thick ice floes (appears brighter in the Landsat image), the difference to Landsat ice con-
centration remains within ± 5%. Over thin sea ice (grey area in the Landsat image), ASI
underestimates sea ice with differences to Landsat ranging from −20% down to −100%.
Such underestimation is improved by ASI3, and the difference to Landsat ice concentration
is reduced to −10% to −75%. The largest discrepancies occur in areas with mixed open
water and thin sea ice: i) longitude 171W to 170.5W and latitude 65.5N, ii) longitude
167.5W to 168.5W and latitude 65.5N. In area i) ASI shows around −60% discrepancy to
Landsat ice concentration and ASI3 around −35%. In area ii), sea ice appears even thiner
and more fragmented in the Landsat image. ASI ice concentration shows around −80%
discrepancy, and ASI3 around −50%.

Figure 7.12.c and d illustrate the scatter plots of ASI/ASI3 ice concentration to Landsat
with color coded distribution density. ASI3 returns much tighter agreement to Landsat
ice concentration at the near 100% regime than ASI. ASI3 also improves the cases where
Landsat shows intermediate ice concentration yet ASI retrieves 0%. From ASI to ASI3, the
RMS to Landsat ice concentration of the complete scene decreases from 19.3% to 13.4%,
and the average bias from −7.8% to −3.8%.

In order to understand the potential weakness of the ASI and ASI3 retrievals, we
investigate the scene located in the East Siberian Sea from May 30 2006. It stands out
from all the other investigated scenes because ASI and ASI3 yield the least agreement with
Landsat. Moreover, ASI3 results are of lower quality than those from ASI. The cause of
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Figure 7.12: Comparison with the Landsat scene from 2006 April 21 located in Bering
Strait (scene ID: BS3). a): Landsat B3 image. b): Landsat SIC at 3.125 km resolution.
c) and d): ASI/ASI3 SIC at 3.125 km resolution. e) and f): difference between ASI/ASI3
and Landsat SIC. g) and h): density plot of ASI/ASI3 to Landsat SIC. The red ellipses
denote areas with large discrepancy between ASI3 and Landsat SIC.
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this discrepancy and under what condition it occurs are explained in the following.
Figure 7.13 shows the ice concentration data maps (upper panel) and comparison results

(bottom panel) of this scene. Melting could already occur at the end of May, bringing more
challenges to sea ice retrieval. Both OEM and ECMWF surface temperatures in this region
are above 273 K, providing melting condition which complicates sea ice concentration
retrieval at microwave frequencies. The surface conditions of this scene is also much more
complicated than the rest.

A wide lead is located in the northern area (area i in Figure 7.13.a). Surface deformation
appears in area ii, and linear features occur in areas iii, iv and v in Figure 7.13.a. The
exact causes and the characteristics of these features are inconclusive from visual inspection
(Figure 7.14). However, we can be certain that abundant surface deformation occur over
this scene. The Landsat image shows close to 100% ice concentration everywhere except
for the wide lead. ASI and ASI3 on the other hand retrieves much lower ice concentration.
Difference maps of ASI/ASI3 v.s. Landsat ice concentration are shown in Figure 7.13.e
and f. ASI and ASI3 ice concentration show less than ± 5% difference to Landsat just
north of the coast line, where sea ice appears brighter on the Landsat image(area ii in
Figure 7.13.a). Over dark ice especially east of the island, difference between ASI and
Landsat ice concentration reaches −80% (areas v and vi in Figure 7.13.a). ASI3 returns
even larger discrepancy in this area ranging from −50% to −100%. By examining the OEM
data input to the weather correction, we find that the ASI3 underestimation is caused by
an error in the liquid water path data.

The OEM liquid water path is above 0.2 mm, much too high for the cloudless Landsat
scene. The OEM ice concentration on the other hand ranges from 60% to 80%, similar
to the a priori ice concentration data, clearly lower than the actual ice coverage. OEM
thus retrieves high liquid water path to compensate the low surface emission and to match
the simulated TBs with the satellite measurements. This is a known error source of the
OEM retrieval: when the a priori surface information has larger discrepancy to the actual
condition than the allowed retrieval uncertainty (30% for a priori sea ice concentration),
OEM overestimates atmospheric parameters [Scarlat et al., 2017]. This error propagates
to the ASI3 algorithm and results in lower ice concentration than ASI.

Scatter plots of ASI/ASI3 to Landsat ice concentration (Figure 7.13.c, d) confirm that
ASI3 underestimates ice concentration at near 100% regime. Due to the erroneous atmo-
spheric correction inputs, ASI3 returns higher RMS and bias to Landsat ice concentration
compared to ASI. From ASI to ASI3, the RMS to Landsat ice concentration of the complete
scene increases from 29.2% to 44.4%, and the average bias from −20.8% to −34.6%.
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Figure 7.13: Comparison with the Landsat scene from 2006 May 30 located in the East
Siberian Sea (scene ID ES1). Annotations same as Figure 7.12

101



Chapter 7. ASI3 agorithm

Figure 7.14: Detailed features identified from the original Landsat Band image in Fig-
ure 7.13. Each plot corresponds to the marked area in Figure 7.13.a. The black stripes are
data gaps due to the Scan Line Corrector failure of Landsat 7.
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7.5 Discussion

We further improve the weather correction by including the major contamination contrib-
utor liquid water path (LWP) in the correction using a more suitable geophysical data set.
A new improved version of the ASI algorithm called ASI3 based on the weather corrected
TBs at 89 GHz is developed and evaluated.

The sensitivity study shown in Figure 7.2 (Chapter 7.3.1) illustrates how much the
corrected ice concentration vary in response to one standard deviation change of the input
geophysical parameters over pure surfaces, i.e., sea ice concentration 0% (SIC0) and 100%
(SIC1). A small variation in LWP causes the largest change in retrieved ice concentration
(−20% for SIC0), proving that the quality of LWP data is vital for correction. However,
this also indicates that LWP overestimation could lead to overcorrection which results in
underestimated sea ice retrievals. This is observed in a case study shown in Figure 7.13.

Including LWP in the weather correction eliminates most of spurious ice over open ocean
(Figure 7.5 in Chapter 7.3.2). Polarization difference signatures of ice and open water are
further apart, do not over lap and are closer to Gaussian distributions (Figure 7.7).

An in-depth investigation was done to adjust the open water tie point of the ASI3
algorithm (Chapter 7.3.3). Corrected PDs of the high LWP scenario are 5.7 K higher than
that of the low LWP scenario. An open water tie point based on all LWP conditions is
thus biased towards higher LWP condition, and would cause erroneous SIC retrievals in
areas with less cloud contamination. To prevent this, the open water tie point is derived
only from low LWP scenario.

Even with the weather contaminations eliminated, open water and ice still present
natural variability, and deviation from the defined tie points will always persist especially
for open water. As a result, ASI3 cannot retrieve perfectly 0% ice concentration in open
water regions. We aim to allow as much sea ice retrieval in the marginal ice zone as possible,
and at the same time identify areas with high certainty of open water. Monthly sea ice
extent climatology data is adopted together with an empirical open water mask to restrict
the retrieval only to areas where sea ice is likely to appear. An additional filter based on the
weather corrected GR(36c,18c) (Figure 7.9) is used to mask out pixels with high certainty
of 0% ice concentration. It is important to note, that this filtering approach still provides
many more low ice concentration retrievals compared to the original ASI algorithm. One
example is presented in the comparison to one Landsat scene in Figure 7.12, where ASI3
correctly retrieves intermediate SIC closer to the identity line, while ASI falsely returns
0%.

With the weather correction scheme, new tie points and empirical water masks in place,
the ASI3 algorithm is ready for application. The ASI3 open water tie point is 80 K, and
sea ice tie point 14 K for the weather corrected TBs. The dynamic range between these
two values (66 K) is twice as wider than that of the ASI algorithm (35.3 K).
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ASI3 is evaluated quantitatively over pure surfaces of 0% (SIC0) and 100% (SIC1) ice
concentration (Chapter 7.4.1). The standard deviation of observed PDs is used to measure
the correction effect, because weather contaminations increase PDs variability especially
over open ocean. Reduction in the PDs standard deviation indicates the successful removal
of weather influences (Table 7.4). ASI3 ice concentration bias is reduced by one magnitude
lower compared to ASI for both SIC0 and SIC1. SIC0 shows much better correction
performance, i.e. much larger reduction in the standard deviations of PDs and SIC post
correction than SIC1.

Over closed ice pack, the original ASI algorithm is known to underestimate ice concen-
tration under warm and dry weather conditions (Figure 7.11). The warm surface polarizes
the measured TBs, making full ice coverage appear like intermediate SIC. Under a more
common weather condition, when warm surface is coupled with humid atmosphere, clouds
are formed and depolarize the measured TBs. The atmosphere in this case cancels out
the polarizing effect from the warm surface, making the measured TBs similar to full ice
coverage, but for the wrong reason. The ASI3 algorithm improves this situation greatly by
removing influences from the atmosphere, especially from liquid clouds. According to the
ASI3 SIC sensitivity study (Figure 7.2), variations in ASI3 SIC induced by surface param-
eters are less than half of those induced by liquid clouds. Through the weather correction
scheme, the TOA TBs are converted to equivalent TBs near the surface. This way, the
TBs used for sea ice retrieval are closer to representing the signal from the surface. The
major error source in sea ice retrieval at 89 GHz is successfully reduced, and ASI3 SIC
presents much less weather patterns over ice pack (Figure 7.11). Comparison to Landsat
imagery confirms that ASI3 improves retrieval at near 100% SIC regime, returning more
data points closer to the identity line in the scatter plots v.s. Landsat SIC (Figure 7.12).

Nevertheless, overcorrection in ice concentration may occur over sea ice in the Arctic
late spring and summer due to erroneous LWP data used in the weather correction. One
incident taking place in early melting season is illustrated in Figure 7.13. The OEM algo-
rithm in general provides reliable geophysical data, except during melting/refreezing events
when the complex processes influencing the surface emissivity are not well represented in
the simplified forward model. Another weak point for the OEM is the sensitivity to prior
knowledge about the surface cover. The a priori surface knowledge from the NASA Team
algorithm used by OEM shows too low sea ice coverage. To compensate the discrepancy
between simulated and actual surface emission, OEM retrieves high LWP values. Such
unrealistic LWP values thus propagate through the weather correction scheme, causing
overcorrection on the TBs and resulting in too low ASI3 SIC.
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The 89 GHz channels of the radiometer AMSR-E image the earth surface at the quadruple
resolution (IFOV 4 km×6 km) compared to the 18.7 GHz channels (IFOV 27 km×16 km)
commonly used for sea ice monitoring. Observations at this frequency are able to reveal fine
features of sea ice in the microwave regime [Beitsch et al., 2014] and provide great potential
for sea ice concentration retrieval. The ARTIST Sea Ice (ASI) algorithm [Kaleschke et al.,
2001, Spreen et al., 2008] was developed to benefit from this improved spatial resolution.
It distinguishes sea ice from open ocean using the contrast in the polarization difference at
89 GHz: open ocean shows much higher polarization difference than sea ice. However, the
brightness temperatures at 89 GHz are more prone to the atmospheric influences such as
water vapor and liquid clouds, and as well as surface variations from temperature and wind
roughed ocean. The weather influences decrease the polarization difference at 89 GHz, and
make open ocean or low ice concentration areas appear like areas of high ice concentration.
To screen out these noise sources over open ocean, ASI uses weather filters based on the
vertically polarized brightness temperatures from 18.7 to 36.5 GHz. This approach clears
spurious ice in most cases, yet it does not correct the weather contamination for all sea
ice covered regions, and thus could sacrifice real sea ice in the marginal ice zone. This
motivates us to apply detailed weather correction directly on the 89 GHz measurements,
and build an improved near 90 GHz SIC algorithm based on the corrected brightness
temperatures.

The weather correction is realized by simulating top of atmosphere brightness temper-
atures through a radiative transfer model. The forward model Wentz and Meissner [2000]
developed specifically for the AMSR-E frequencies is adopted by our correction scheme.
For each footprint, we simulate two brightness temperatures at each frequency channel of
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AMSR-E: one with the actual atmospheric profile obtained from models or observations,
the other with clear and calm atmosphere. The difference between these two simulated
brightness temperatures is interpreted as the weather contamination, and is then sub-
tracted from the measured brightness temperatures. New versions of ASI algorithms are
then constructed based on the corrected brightness temperatures.

To summarize our study:

• We construct reference ice concentration data sets consisting of pure surfaces types
of open ocean, first-year ice and multiyear ice under different weather conditions and
seasons for testing and evaluating weather correction. (Chapter 5)

• We evaluate influences from wind, water vapor, liquid clouds and surface tempera-
tures on the 89 GHz brightness temperatures and the ASI ice concentration over the
pure surfaces respectively (Chapter 6.3.1).

• We test two approaches of correcting weather influences from the observed brightness
temperatures. One takes the atmospheric reanalysis data as the correction input and
corrects for wind, water vapor and surface temperatures (Chapter 6). The other
takes the retrievals of an optimal estimation method as input, and corrects for all
geophysical parameters mentioned above and also including liquid water path (Chap-
ter 7).

• Two improved versions of the ASI algorithm, so called ASI2 and ASI3, are developed
based on the weather corrected brightness temperatures from 18 to 89 GHz, and new
tie points summarized in Table 8.1.

• The improved 89 GHz algorithms ASI2 and ASI3 are validated over regions of 0% and
100% ice concentration, compared to NASA Team 2 and Bootstrap ice concentration
retrievals, and verified with Landsat imagery.

• Operational routines for ASI2 and ASI3 algorithms are developed in the Python
programming language.

Table 8.1: Standard tie points of ASI, ASI2 and ASI3. P0 is the typical polarization
difference for open water at 89 GHz, and P1 is for consolidated ice.

PD (K) ASI ASI2 ASI3
P0 47 72 80
P1 11.7 12.3 14

106



8.1. Reference ice concentration data set

8.1 Reference ice concentration data set

The reference data set consisting of 0% and 100% ice concentrations, so-called Round Robin
Data Package (RRDP) [Pedersen et al., 2019], is of great value for algorithm development,
evaluation and inter-comparison. It provides radiometer data from AMSR-E and AMSR2,
scatterometer data from ASCAT, and reanalysis data from ERA-Interim over validated
open ocean and consolidated ice areas. The 0% SIC reference data from all seasons, and
the 100% SIC reference data from the Arctic winter (October to May) are used for training
the weather correction scheme and validating the improved ASI algorithms.

On the basis of the existing RRDP data set, we supplement information on two aspects
of sea ice features: ice type and melt ponds (Chapters 5.2, 5.3). First-year ice (FYI) and
multiyear ice (MYI) are identified using sea ice age data, ice drift trajector, ASCAT data
and the NASA Team algorithm. Melt pond fraction is derived by the Melt Pond Detection
(MPD) algorithm described in Istomina et al. [2015]. Two reference data sets of 100%
FYI/MYI and 100% summer SIC are thus constructed with the supplemented informa-
tion, and the typical brightness temperatures at the AMSR frequencies are displayed in
Figures 5.9, 5.14.

The FYI/MYI brightness temperatures at 89 GHz present distinct features compared
to the lower frequencies (Figure 5.9):

• The standard deviations of both ice types’ brightness temperatures at 89 GHz are
similar, and are the highest among all frequencies.

• FYI and MYI show similar average polarization difference at 89 GHz despite their
differences in the average brightness temperatures.

The standard deviation reflects the combined variability of weather influences and the
surface emissivity. Since the identified FYI and MYI sites have comparable weather con-
ditions, the similar standard deviations indicate similar surface emissivity variability for
the two ice types despite their differences in salinity, snow depth, surface roughness and
porosity. The higher standard deviation at 89 GHz also implies more weather influences
than at lower frequencies. The similar polarization difference at 89 GHz implies that the
two ice types do not influence the ASI retrieval. This, combined with the similar surface
variability allows FYI and MYI to use the same weather correction scheme. We expect a
similar correction effect upon both ice types as well.

Comparing the FYI/MYI brightness temperatures measured by AMSR-E with the ones
from AMSR2, we find that the latter are higher at all frequencies (Figure 5.9). Such sys-
tematic bias implies that a brightness temperature conversion is required when extending
the weather correction from AMSR-E to AMSR2. In the weather correction study, we
adopt the coefficients from Okuyama and Imaoka [2015] to convert AMSR2 brightness
temperatures to the equivalent AMSR-E values.
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Sea ice in the melting season reveals much different and more variable radiometric
signatures than in winter. First of all, FYI and MYI are difficult to be distinguished
due to the high variability in their emissivities caused by snow wetness, melt ponds and
melting/refreezing events. Secondly, the warmer surface temperature and higher water
vapor content in summer increase the intensity and variability of weather influences upon
the brightness temperatures. Last but not least, melt ponds on top of sea ice show a similar
signature as open ocean in the microwave spectrum, introducing more uncertainties to the
sea ice surface emissivity. The sea ice emissivities at all AMSR-E frequencies show higher
variabilities with increasing melt pond fractions (Figure 5.14). We expect the emissivity
to decrease with melt pond coverage, however we find the opposite at 89 GHz. Such non-
intuitive melt pond fraction dependence of 89 GHz emissivities underlines the difficulties
in summer sea ice retrieval and weather correction. Not only the atmosphere, but also the
ice surface conditions are more variable and their influence on the brightness temperatures
at 89 GHz are more difficult to account for. Switching from winter ice emissivities to
summer values helps to mitigate the problem, but cannot solve it entirely. To extend the
weather correction scheme to summer, a more sophisticated parametrization of ice emission
is needed. Additional data such as surface temperature history is required as well. For
these reasons, the weather correction study is limited to the winter months.

8.2 Weather influences over brightness temperatures

We evaluate the weather influences from water vapor and liquid clouds, and surface impacts
from skin temperature and wind speed on the top of atmosphere brightness temperatures at
89 GHz through the Wentz forward model over three pure surface types: open water, 100%
FYI and 100% MYI respectively (Figures 6.2, 6.3). Open water brightness temperatures
reveal much higher sensitivity to varying geophysical parameters than over both ice types
because of the lower emissivity of the former. Brightness temperatures over both ice types
show similar sensitivity to the varying geophysical parameters. Over the three surface
types, the top of atmosphere brightness temperatures are most sensitive to liquid water
path, the largest challenge of weather correction due to its high variability in space and
time.

8.3 ASI2 algorithm

In our first approach of weather correction, the influences from total water vapor, wind
speed and surface temperature are corrected from all AMSR-E channels using the ERA-
Interim reanalysis data.

Liquid water path is excluded from the correction due to the inadequacy of the ERA-
Interim data. Clouds associated with liquid water path typically vary at a much smaller
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scale than the numerical weather prediction grid (0.75◦) and the AMSR-E footprint (6×4 km).
The subgrid variability of liquid water path cannot be modeled in the numerical weather
prediction, causing less reliable data especially over sea ice where less observation data is
availabe for assimilation. The mismatch between the ERA-Interim data grid and AMSR-E
footprint in time and space further complicates the issue. One ERA-Interim data grid
covers approximately ten AMSR-E footprints. Averaging localized clouds to a bigger grid
lowers the correction efficiency. Including liquid water path in the correction thus causes
more uncertainty in the corrected brightness temperatures.

Based on the weather corrected brightness temperatures, an improved ice concentration
retrieval algorithm named ASI2 is developed combining the Svendsen et al. [1987] model
and a weather filter. Ice concentration is retrieved for the Arctic winter by the corrected
polarization difference at 89 GHz through the new retrieval curve (Figure 4.3.b).

The ASI2 tie points are derived as the modal value of the corrected 89 GHz polarization
difference of the RRDP testing data set: P1 = 12.3 K, P0 = 72 K (Table 8.1). They yield
wider dynamic range than the standard ASI tie points P1 = 11.7 K, P0 = 47 K, which
provide a better distinctness between the water and ice signal (Figure 6.7).

The non-linearity of the Svendsen et al. [1987] model was introduced to account for
average atmospheric influence. Therefore the ice concentration should be a linear function
of the polarization difference when the weather influences are completely corrected. The
ASI2 retrieval polynomial is closer to a linear function than ASI over the whole SIC range
(Figure 4.3), thanks to the much wider dynamic range of tie points.

The remaining spurious ice is filtered by the gradient ratio of weather corrected 36.5 V
and 18.7 V brightness temperatures GR(36c,18c) (c denotes corrected) using a threshold
of 0.07. The GR(36c,18c) filter not only uses a more relaxed threshold than the GR(36,18)
filter of ASI (0.045), but also uses the weather corrected brightness temperatures which
better distinguishes open ocean and sea ice (Figure 6.6). The other two weather filters
of the ASI algorithm, one based on the gradient ratio of measured 23.8 V and 18.7 V
brightness temperatures that targets higher total water vapor over open ocean, the other
filters low Bootstrap ice concentration (below 5%), are no longer needed in the ASI2
algorithm thanks to the weather correction (Figure 6.9).

Comparison against the RRDP 0% and 100% SIC data set shows that ASI2 SIC has
much lower standard deviation and bias than ASI over open water, and maintains similar
precision and accuracy over consolidated ice (Table 6.2).

The wider dynamic range of the tie points and the relaxed GR(36c,18c) weather filter
allow ASI2 to retrieve more realistic ice/water boundary that is closer to the ice edge
imaged by MODIS (Figure 6.10). ASI2 shows lower bias (−10.6%) and rms error (21.3%)
than ASI (bias 13.3%, rms 23.7%) in the comparison to nine Landsat scenes (Figure 6.11).
The inter-algorithm comparison to ASI, NASA Team 2, and SICCI2 algorithms confirms
the consistency of ASI2 algorithm in the Arctic winter (Figure 6.13). ASI2 underestimates
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SIC during melting season as expected, since the correction scheme is only trained in
winter.

In conclusion, weather correction mainly improves SIC retrievals of the low ice concen-
tration values, and has less influence over the ice pack, because:

• Atmospheric emissions are more dominant over open water. Ocean emissivity at
89 GHz is approximately 40% lower than that of sea ice. More sky downwelling
radiation is thus reflected back to the satellite sensor.

• Water vapor, liquid water path and surface temperatures are in general higher over
ocean than over ice, resulting in higher up-welling sky radiation.

• Open water emissivity is characterized more accurately than the sea ice emissivity
by the Wentz forward model.

Under heavy weather contamination, the original ASI retrievals will show a positive
bias, for example, regions of 90% SIC may appear as 100%. The natural variability of
sea ice is thus masked by the atmosphere (Chapter 6.4.4). Because of that, high SIC
with patterns associated with cyclones are observed on the daily SIC maps based on ASI
(operationally available at www.seaice.uni-bremen.de and meereisportal.de).
With the weather correction, ASI2 SIC over ice pack decreases. Such patterns are less
pronounced on the daily ASI2 SIC maps, yet still persist because the influence of liquid
water path is not completely eliminated.

This improved performance of ASI2, together with the higher spatial resolution com-
pared to most other SIC algorithms based on low frequency channels, make it particularly
suitable for ship navigation and regional studies like polynya monitoring where information
about the marginal ice zone and regions of intermediate ice concentrations is required.

The remaining challenges in the ASI2 retrievals are the uncompensated influence of
liquid water path and variability of sea ice emissivity.

8.4 ASI3 algorithm

In our second approach to a weather correction scheme, ASI3, we aim to improve on the
liquid water path correction by utilizing the geophysical data retrieved by an optimal es-
timation method (OEM) [Scarlat et al., 2017]. The OEM retrieves surface parameters
(surface temperature, sea ice concentration, multiyear ice fraction) and atmospheric pa-
rameters (wind speed, liquid water path, total water vapor) using the AMSR-E frequency
channels up to 36.5 GHz in a consistent manner. Note that the OEM retrieval requires
the Level 2A AMSR-E data set with the resolution reduced to that of the lowest involved
frequency, i.e. 56 km. As a consequence, the OEM retrievals represent larger footprints
than the 89 GHz data used for the ASI3 retrieval. However, the OEM based atmospheric
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data much better represent the cloud liquid field that the ERA-Interim data used in ASI2,
because they are derived from observations taken at the same time as those used for the
SIC retrieval and have higher resolution than the ERA-Interim fields.

Influences from wind, total water vapor, surface temperature and liquid water path
are estimated and corrected from measured brightness temperatures using the OEM data
through the Wentz forward model. A new version of the ASI algorithm, ASI3 is developed,
based on the weather corrected brightness temperatures at 89 GHz. New tie points are
derived for ASI3 using the RRDP data set of 0% and 100% SIC together with the AMSR-E
2006 winter data set (Chapter 7.2): P1 = 14 K, P0 = 80 K (Table 8.1). They are similar
to the near-surface polarization differences measured by the ship campaigns NORSEX
and MIZEX [Svendsen et al., 1987]: 82 ± 4 K over open ocean, 10 ± 4 K over ice pack,
proving that the weather correction successfully converts the top of atmosphere brightness
temperatures to near-surface values. The even wider dynamic range and the higher tie
point values compared to ASI2 are mainly due to the liquid water path correction.

Comparing the ASI2 and ASI3 corrected brightness temperatures over the RRDP data
set displayed in Figure 6.7 and Figure 7.10, the ASI3 correction scheme further improves
the distinctness of 0% and 100% SIC signals, and results in completely separated clus-
ters of corrected 89 GHz brightness temperatures over open water and consolidated ice.
Comparison against the RRDP reference SIC (Table 7.4) shows that ASI3 yields one mag-
nitude lower error than ASI over open water: −1.1 ± 3.6% (ASI3), 13.6 ± 33.2% (ASI).
While the errors over 100% SIC are similar: −0.1± 3.4% (ASI3), −0.7± 3.5% (ASI). The
ASI2 results (Table 6.2) reduces the standard deviation over open water from ASI as well
(by 12.5 percentage points), but does not reduce it as much as ASI3 (by 29.6 percentage
points). Inclusion of liquid water path and the usage of OEM data significantly improve
the weather correction performance over 0% and 100% SIC.

Most spurious ice induced by weather influences is eliminated solely by the correction
scheme of ASI3. To screen out the remaining spurious ice, a series of open water masks
based on ice extent climatology and on the original and corrected brightness temperatures
from the lower frequencies are developed for the daily application of ASI3 on the AMSR-
E/2 swath data. The aim is to allow as much ice retrievals near the actual ice edge, and
at the meantime identify areas that are certainly open water.

• The monthly maximum ice extent masks generated by NSIDC is applied with 50 km
extension in the Bering Strait (available at https://nsidc.org/data/pm/ocean-masks).
All ASI3 retrievals outside of the maximum ice extent are set to 0%.

• The gradient ratio of weather corrected 36.5 V and 18.7 V brightness temperatures
GR(36c,18c) is used with the threshold 0.07 for the AMSR-E L2A data, and 0.055
for the AMSR2 L1R data. Data pixels with GR(36c,18c) greater than the thresholds
are certainly open ocean (Figure 7.9).
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Chapter 8. Summary and conclusions

• The gradient ratio of measured 36.5 V and 18.7 V brightness temperatures GR(36,18)
with the threshold 0.045 and 50 km buffer distance towards open ocean is used. This
filter defines the proximity of sea ice edge, and only allows ice retrievals within this
extent.

In addition to reducing spurious ice over open ocean, ASI3 also improves SIC retrievals
over pack ice. Figure 7.11 illustrates one example north of Greenland where ASI3 improves
the apparent underestimation observed on the ASI SIC. In the case of warm (yet still frozen)
surface and dry atmosphere, the measured ice signals at 89 GHz are depolarized, become
higher than the standard ASI ice tie point, and thus appear as intermediate SIC. The
weather correction of ASI3 helps to reduce such deviation from the tie point, and brings
the signals from sea ice under different weather contamination levels to similar values. The
SIC underestimation is therefore reduced. Comparisons in eight out of the nine Landsat
scenes confirm that ASI3 returns more data points closer to the identity line in the scatter
plots v.s. Landsat SIC especially at higher SIC regime (Figure 7.12). The average RMS
error over these scenes is reduced by 2.2 percent points from ASI to ASI3.

The inclusion of liquid water path correction in ASI3 has two folded effects. On the one
hand, it clearly expands the dynamic range of ice/water signatures and reduces erroneous
sea ice detection over open ocean. On the other hand, variation in the input liquid water
path causes the largest change in ASI3 SIC among all parameters (Figure 7.2), which means
a small error in the OEM liquid water path data would propagate to the output ASI3 SIC.
Figure 7.13 illustrates one case in late May where the unrealistically high OEM liquid water
path data causes over-correction in the ASI3 SIC. OEM tends to overestimate liquid water
path over pack ice to match the simulated brightness temperatures to the measured values
when the simple ice emission parameterization cannot account for complex processes like
ice deformation or snow metamorphosis [Scarlat et al., 2017]. Here the ice deformation
first increases the measured polarization difference causing underestimation in the ASI
SIC. Second, it causes error in the OEM retrieval leading to overestimation of liquid water
path. The two factors together result in over-correction in the ASI3 SIC.

As an outlook, we plan to address the ASI3 over-correction issue by adding a quality
flag to the OEM data, and switching off the weather correction when the OEM data is not
adequate. We plan to develop a weather correction scheme that’s suitable for the melting
season. This requires an sea ice emissivity model and knowledge about the meteorological
history including temperature, precipitation and wind for sea ice drift to account for the
complicated sea ice variability. The ASI2 and ASI3 algorithms will be applied to the Arctic
summer months as well, and a long data record covering the AMSR-E/2 period will be
constructed.

In summary, we have developed and evaluated two new versions of the ASI ice con-
centration algorithm. For both the influence of the atmosphere on the 89 GHz brightness
temperature is successfully reduced. ASI2 uses numerical weather prediction for the cor-

112



rection, ASI3 uses optimal estimation from the satellite data themselves. Main results are
a better representation of low ice concentration in the marginal ice zone, and a reduction
in RMS of 2.3% over high ice compared to Landsat data.
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List of acronyms

AMSR2 Advanced Microwave Scanning Radiometer 2

AMSR-E Advanced Microwave Scanning Radiometer - EOS

ASCAT Advanced SCATterometer

ASI ARTIST Sea Ice

ARTIST Arctic Radiation and Turbulence Interaction STudy

EASE Equal-Area Scalable Earth

ECMWF European Centre for Medium-Range Weather Forecasts

EOS Earth Observing System

ESMR Electrically Scanning Microwave Radiometer

ENVISAT Environmental Satellite

EUMETSAT Exploitation of Meteorological Satellites

ESA European Space Agency

ASAR Advanced Synthetic Aperture Radar

IFOV Instantaneous Field of view

FYI first-year ice

GCOM-W1 Global Change Observation Mission
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LWP liquid water path

MODIS Moderate-resolution Imaging Spectroradiometer

MERIS Medium Resolution Imaging Spectrometer

MPD Melt Pond Detection

MPF melt pond fraction

MWMOD MicroWave MODel

MYI multiyear ice

NWP numerical weather prediction

OEM optimal estimation method

RRDP Round Robin Data Package

SICCI Sea Ice - Climate Change Initiative

SIC sea ice concentration

SSM/I Special Sensor Microwave Imager

TB brightness temperature

T2m 2 m air temperature

Tsk skin temperature

TWV total water vapor

TOA top of atmosphere

WS wind speed
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