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Abstract

Sea ice concentration is of great interest to ship navigators and scientists who require
regional ice cover understanding. Passive microwave data and image analysis charts are
typically used to estimate ice concentration, but these have limitations. Estimates obtained
from passive microwave data have coarse spatial resolution, may be biased due to weather
filters that reduce atmospheric contamination, and often perform poorly in marginal ice
zones. Image analysis charts are not as precise and subjective to analyst interpretation.

Synthetic aperture radar (SAR) images are finer resolution satellite images that can be
used to observe oceans. However, the complex interactions between the SAR signal and
water and ice make it a difficult process to estimate sea ice concentration. Previous studies
have found that deep learning is a viable avenue to estimate ice concentration from SAR
images. In these studies, convolutional neural networks (CNNs) have been successful due
to their ability to learn spatial features in their convolutional layers.

To overcome the shortcomings of ice concentration estimation, we have uniquely im-
plemented a U-net with SAR images as inputs and use estimates obtained from passive
microwave data as training labels. The U-net, due to not being sensitive to patch size, is
shown to be an improvement over the CNN models used in previous studies. Data augmen-
tation and a mean absolute error (L1) loss function were applied as well as a curriculum
learning method that introduces more open water and consolidated ice regions before in-
corporating marginal ice regions. The key objectives of this study are (a) to overcome
shortcomings of using passive microwave data for model training and (b) to improve ice
concentration predictions in marginal ice zones.

Evaluating with image analysis charts, a mean absolute error of 7.18% is achieved,
which is lower than errors associated with estimation algorithms using passive microwave
data alone. Through qualitative analysis, we also show instances where our proposed
model has more precise estimates in the marginal ice zones than traditionally used passive
microwave data based ice concentration retrieval algorithms.

In this thesis, we also evaluate our proposed model to scenes from a higher latitude,
which contain different ice types, to evaluate the ability of the model to extend to different
scenes. It was found that model performance is worse in when extending to the new region.
This suggests that the model was unable to learn features required to make accurate
predictions on this dataset. Model performance may be improved if similar regions are
included for training.

Lastly, we evaluate the effects of using training labels from different passive microwave
data based retrieval algorithms. We show that model performance is affected by the train-
ing labels used and using different training labels have unique benefits and shortcomings.
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To capitalize on benefits exclusive to specific training labels, we also attempt a method
of staged training where the model is trained with one set of training labels before being
trained with another set of training labels. We found that predictions made from models
using staged training has qualities of the individual training labels used to train it. We also
found that the final set of training labels used in staged training has the strongest impact
on model predictions. From this experiment, we show that through staged training, we
can teach deep learning models important information exclusive to different sets.
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Chapter 1

Introduction

1.1 Motivation

Sea ice concentration is calculated as a numeric value between zero and one, de�ned as the
total area of ice in a speci�ed region divided by the total area of that region. Navigators
are interested in sea ice concentration because routes with icy conditions can be dangerous
and time consuming. Vessels often get stuck in ice, which delays delivery time and expends
fuel, with negative economic and environmental consequences. Captains of ice-class vessels
have indicated that better knowledge of openings in the ice cover (leads) is important
for safety [9]. For climate scientists, more accurate ice concentration information enables
better models and ability to predict climate change occurrences [16].

Synthetic aperture radar (SAR) sensors and passive microwave sensors are more often
used to monitor sea ice in arctic regions than optical sensors because they are less a�ected
by cloud cover and do not depend on solar illumination. Data provided from these sensors
can also be used to obtain ice concentration estimates. Images acquired from passive mi-
crowave sensors have a lower spatial resolution than images acquired from a SAR sensor
and can be a�ected by atmosphere, but it depends on the band [2]. There are numerous
algorithms using passive microwave data for ice concentration retrieval [23]. Algorithms
using lower frequencies have a lower spatial resolution while higher frequency algorithms
have higher spatial resolution, but they are more a�ected by atmospheric moisture. De-
veloping a model to automate ice concentration estimates from SAR imagery is desirable
because spatially precise estimates can be made.

For example, the smallest instantaneous �eld of view (IFOV) available from present
passive microwave sensors is 3-5 km at 89 GHz, for which the atmospheric contamination

1



in the marginal ice zone is signi�cant. Figure 1.1 shows a region where the shortcomings
of sea ice concentration estimates obtained from passive microwave data is visible. The
�rst estimation algorithm (retrieved from the ARTIST Sea Ice algorithm [61]) estimates
consolidated ice regions in the marginal ice zone as lower ice concentration and the second
estimation algorithm (retrieved from the NASA Team 2 algorithm [41]) lacks spatial details.
The present study explores the possibility of improved ice concentration retrievals in the
marginal ice zones through the use of SAR data. Although there are bene�ts to using SAR
data to retrieve ice concentration estimates, it is a di�cult task because of the complexity
of the interaction of the SAR signal with water and ice. The backscatter of a SAR signal
is dependent on the imaging geometry and surface conditions. Open water that is calm
generally has a lower intensity than ice. Rough water conditions from wind and ocean
currents can increase the backscatter. Previous studies have shown that deep learning
models are a suitable choice for estimating ice concentration from SAR images because
they can learn backscatter patterns of ice and water [64, 14].

Image analysis charts, which are manual analyses of SAR images carried out by trained
ice experts, provide ice concentration estimates, but also have some shortcomings. First,
with the increasing volumes of SAR images available, automated methods for ice concen-
tration estimation from SAR images would be ideal. Moreover, the precision of the image
analysis charts is no more than 10% because ice concentration estimates are given in incre-
ments of 0.1. Furthermore, image analysis charts provide a single label for a large spatial
region with homogeneous ice characteristics. The ice concentration at a speci�c point may
be di�erent than the label given to the region. Furthermore, the image analysis charts
have also been known to have bias due subjectivity of the ice experts [42].

1.2 Thesis Objectives

The goal of this project is to utilize SAR imagery, which contains details of the marginal
ice zones, in tandem with sea ice concentration from passive microwave sensors, to obtain
an improved estimate of sea ice concentration. To estimate ice concentration, we propose
a deep learning model with a U-net architecture, which is in essence a neural network
with convolutional layers and skip connections that lacks fully connected layers. This
architecture has signi�cant bene�ts over a traditional convolutional neural network (CNN),
which is more widely used for remote sensing problems. The U-net is better designed for
per pixel predictions because it aggregates information over large regions [40].

The key objective is to determine if the models we have developed can overcome prob-
lems of passive microwave data when predicting sea ice concentration in the marginal ice
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(a) (b)

Figure 1.1: Passive microwave data based estimates of ice concentration overlaid on a
marginal ice zone region of HH SAR image dated 02/27/2018. (a) The estimate, acquired
from the ARTIST Sea Ice algorithm, predicts consolidated ice regions as lower ice concen-
tration. Although some of this di�erence could be due to di�erence between the acquisition
times of the passive microwave and SAR data, a bias of this nature is observed in studies
of images along the Labrador Coast [64]. (b) The estimate, acquired from the NASA Team
2 algorithm, lacks details in the marginal ice zones.

zone while still maintaining good sea ice concentration predictions in regions of consoli-
dated ice and open water. In this study, we train our model with passive microwave data
where there is good visual agreement with SAR imagery. Therefore, our investigation is
centered around the ability of our models to generalize information from this dataset to
unseen images, which have visually incorrect labels in the marginal ice zones. Further-
more, we explore parameters that help us achieve this objective and show their e�ects. We
also show the improvements a U-net provides over the traditionally used CNNs for this
problem.
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Chapter 2

Background

This chapter provides background information on concepts relating to this thesis. The
�rst two sections of this chapter cover basic knowledge in sea ice and sea ice concentration
required for this thesis. The following two sections provides information on the datasets
used in this thesis. Here, the study area and study period are introduced as well as the
di�erent types of data used in this study. The next section is an overview on the deep
learning concepts that are applied in this thesis. Finally, this chapter closes with previous
work in this domain.

2.1 Sea Ice

Sea ice is frozen ocean water [19]. Ice that is 
oating in water can be categorized to �ve
groups depending on their age and stage in development. They are summarized as follows:

1. New ice: Ice that has recently formed and composed of ice crystals weakly held
together. This category of ice consists of frazil ice, grease ice, slush, and saga [19].

2. Nilas: Thin sheet of ice that is less than 10cm in thickness [51].

3. Young ice: Transition phase between nilas and �rst year ice that are 15-30cm in
thickness. Can be subdivided into grey ice and grey-white ice. Grey ice is 10-15cm
in thickness and can raft under pressure. Grey-white ice is of thickness 15-30cm and
form ridges under pressure [19].
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4. First year ice: Ice that is over 30cm in thickness and has not existed for more than
one year [19].

5. Old ice: Ice that has survived for over one year and can be subdivided into second-
year ice and multi-year ice [19].

Other than the category of sea ice, there are additional sea ice features that are impor-
tant. Some of them are listed below:

1. Ice 
oes: Sheet of ice 
oating in water [51].

2. Ice eddies: Circular current of water and ice [48].

3. Rafting: Process by which thin ice slides over one another due to wind and ocean
currents moving them around [51].

4. Pressure ridges: Ice blocks that form when ocean currents or wind exert force on ice

oes making them converge and pile up [51].

Further information on sea ice can be found in other sources, such as the Manual of Ice
(Government of Canada)[19] and a cryospheric glossary from the National Snow and Ice
Data Center [51].

Information on sea ice has many practical applications. For example, pressure ridges
are a hazard for ships and can immobilize them [44]. Sea ice thickness and extent are
also climate indicators. Therefore, it is desirable to have a good understanding of the
presence, movement, and mechanics of sea ice through time using a wealth of available
remote sensing datasets.

2.2 Sea Ice Concentration

Sea ice concentration is a numeric value between 0 and 1. It is calculated for a unit area as
the area of ice cover divided by the total area. An ice concentration value of 0 represents
no ice cover in an area. An ice concentration value between 0 and 0.1 is referred to as open
water [19]. An ice concentration value of 1 represents 100% ice cover in a region. This
is referred to as consolidated ice [19]. Calculating ice concentration can help ships avoid
consolidated ice regions and help scientists understand climate trends.
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2.3 Study Area and Study Period

The study area, Hudson Strait, which connects the North Atlantic to Hudson Bay, was
chosen for its current usage and anticipated usage by shipping vessels as well as its ice
conditions [8]. The Hudson Strait is a route shipping companies use to access communities
and mines along the coast of the Hudson Strait and Hudson Bay. Expected reduction
in sea ice cover may make this route viable and more widely used in the future [57].
Vessels travelling through icy waters, as seen in Hudson Strait, would bene�t from this
study because improved ice concentration estimates at higher spatial resolution would
help vessels navigate safely in this region [44, 5].

The study period is January - March 2018. This time period was chosen because it is a
typical time period over which the majority of ship besetting incidents occur [44]. In this
time period, a variety of ice types can be seen, such as new ice, ice 
oes, ice eddies and
�laments, in addition to grey, grey-white, and thicker �rst year ice. Additional images from
the Gulf of St. Lawrence (February 2011), Beaufort Sea (April 2015/2016), and Labrador
Sea (February 2011) were also included in the training as a form of data augmentation to
increase the number and variety of consolidated ice and open water conditions. Additional
scenes from the High Arctic (July - September 2013) were used for evaluation. These
regions are shown in Figure 2.1.

2.4 Standard Sea Ice Concentration Retrieval Meth-
ods

Satellite sensors are the preferred method to monitor sea ice for its ability to capture large
spatial regions. Among satellite data, optical data is not preferred due to interference
from cloud cover. Water droplets in clouds cause non-selective scattering of the visible
electromagnetic radiation that is re
ected by the Earth [49]. Passive microwave data and
SAR data utilize microwave signals, which are longer wavelength than the visible spectrum
and can penetrate clouds [49]. This makes SAR and passive microwave data the data source
of choice for sea ice concentration retrieval. Optical data, such as Landsat data, can be used
for veri�cation purposes in regions without cloud cover. These data sources are described
in this section.

6



Figure 2.1: Scenes taken from Hudson Strait, Gulf of St. Lawrence, Labrador Sea, Beaufort
Sea, and High Arctic were used in this study. Footprints of acquisitions used in this thesis
are provided as hollow blue polygons. Canada coastline for this �gure was acquired from
the landmask of the ASI data [61].

2.4.1 Passive Microwave Data

Passive microwave data is the most popular data source for sea ice concentration informa-
tion retrieval [47]. Passive microwave sensors measure the microwave radiation naturally
emitted by the Earth. Clouds have very little e�ect on passive microwave data because
they emit very little microwave radiation, compared to sea ice [52]. Physical properties of
an object, such as atomic composition and crystalline structure, determines the emitted
radiation [52]. Passive microwave data is advantageous to use for sea ice concentration
estimation because there is a strong contrast in the emissivity of ice and water [10]. The
limitation of passive microwave data for sea ice concentration estimation is that the ki-
netic temperature of the sea ice and open water are such that they emit radiation at a
low rate, causing the need to collect data over large swaths of the Earth's surface to ob-
tain an observation with the sensor onboard the satellite. Therefore, passive microwave
data is characterized by low spatial resolution when compared with optical and SAR data.
Consequently, sea ice concentration retrieval methods from passive microwave data are not
able to capture �ne details in sea ice, such as leads [52]. The ice concentration obtained
also varies non-linearly with the size of the swath. Therefore, there can be disagreement
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between estimates obtained from passive microwave data and estimates obtained from
other retrieval methods. Among passive microwave data channels, the frequency of the
microwave signal determines the spatial resolution of the data. Signals of higher frequency
have �ner resolution, but they su�er from more atmospheric contamination. Most passive
microwave data based sea ice concentration retrieval algorithms use a weather �lter, which
is a bulk correction for atmospheric opacity that sets the ice concentration to zero. The
weather �lter is problematic because it is di�cult to distinguish an atmospheric signature
from intermediate ice concentration in the marginal ice zone and sometimes the weather �l-
ters remove thin or di�use ice instead of erroneous retrievals due to weather [23]. There are
many methods to obtain ice concentration estimates from passive microwave data [23, 2],
estimates obtained from two algorithms are used in this thesis.

In this thesis, we use ice concentration estimates obtained from the Institute of Environ-
mental Physics at the University of Bremen as training labels [61]. These estimates were
obtained by applying the ARTIST Sea Ice (ASI) algorithm [61] to microwave radiometer
data of the sensors AMSR-E (Advanced Microwave Scanning Radiometer for EOS) on the
NASA satellite Aqua and AMSR-2 (Advanced Microwave Scanning Radiometer 2) on the
JAXA satellite GCOM-W1 [61]. The 89GHz channels were used because they provided
the �nest spatial resolution among all channels from AMSR-E and AMSR-2. The distance
between successive ice concentration estimates is 3.125km. The higher frequency channels
used by the ASI algorithm may have �ne resolution, but they also have some shortcomings.
The 89GHz channels are heavily in
uenced by atmosphere conditions such as water vapour
and cloud liquid water. This results in noisy ice concentration estimates. The weather �l-
ters used by this data source use lower frequency channels of the passive microwave sensors,
which have coarser resolution and results in a bias towards low ice concentration values.
Hereafter, we refer to ice concentration estimates obtained from the aforementioned source
as ASI estimates.

For comparison, another ice concentration estimate obtained from the NASA Team 2
(NT2) algorithm [41] was used in this thesis. The NT2 algorithm is an enhanced version
of the NASA Team (NT) algorithm [41] that estimates ice concentration from passive
microwave data of frequencies 18.7Ghz - 89Ghz [39]. The distance between successive ice
concentration estimates is 12.5km.The lower frequencies are a�ected less by atmospheric
conditions and weather. Due to less atmospheric contamination, the e�ects of a weather
�lter is not as prevalent in NT2 data when compared with ASI data. Therefore, ice
concentration estimates obtained from this source are less likely to have a low bias, but
they cannot provide the spatial details that the 89GHz channels from the ASI data provide.
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2.4.2 Synthetic Aperture Radar (SAR) Data

SAR data is another data source that can be used to obtain sea ice concentration infor-
mation. It is obtained from multiple sensors that send a microwave signal to the Earth
and records the signal re
ected back [46]. This is bene�cial over passive microwave data
as there is control over the amplitude and frequency of the signal transmitted. Therefore,
SAR data can be of higher spatial resolution than passive microwave data. The interaction
of the SAR signal with the Earth is dependent on the wavelength of the signal. Generally,
the SAR signal interacts most with items closest in size to its wavelength [24]. Therefore,
di�erent bands of SAR signals are suitable for di�erent tasks. C-band SAR data, which is
of wavelength 7.5-3.8cm, was found to be most suitable for ocean and ice monitoring [46]
and is used in this thesis. SAR signals of this wavelength are not a�ected by cloud and
atmospheric contamination as those particles are much smaller than the wavelength of the
SAR signal. The backscatter of the SAR signal is dependent on the surface characteristics,
such as structure and roughness, the incidence angle, and the polarization of the SAR
signal [43]. For example, open water that is smooth appears dark as the transmitted signal
is re
ected away from spacecraft [24]. Rougher surfaces appear brighter as the transmitted
signal is scattered in all directions. Images acquired from SAR data are referred to as SAR
images.

Polarization is the orientation of an electromagnetic signal. SAR sensors are able to
control the orientation of the signal in the transmit and the receive. There are four di�erent
orientations available for SAR images. They are listed below:

1. HH Polarization: Signal is oriented horizontally in transmit and horizontally in re-
ceive.

2. HV Polarization: Signal is oriented horizontally in transmit and vertically in receive.

3. VH Polarization: Signal is oriented vertically in transmit and horizontally in receive.

4. VV Polarization: Signal is oriented vertically in transmit and vertically in receive.

Since backscatter is dependent on polarization, using multiple polarizations of SAR
signals provide di�erent information on the surface of the Earth [43]. One study found
that HV channels provide good 
oe delineation, but poor discrimination of new thin and
smooth �rst year ice types [4]. They also observed various levels of backscatter in HH SAR
images, which made it di�cult to distinguish consolidated ice from open water in some
regions [4]. Similar observations were made from the dataset used in this thesis. Therefore,
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(a) (b)

Figure 2.2: SAR images of (a) HH and (b) HV polarization taken from the Hudson Strait
on 01/20/2018. Images of HH and HV polarization look di�erent and provide di�erent
information because they interact di�erently with the Earth's surface.

SAR data of HH and HV polarization are used in this thesis. HH and HV polarized SAR
images are shown in Figure 2.2. HH polarization was used because it captures more ice and
water features from the image, which can help the model determine ice concentration. HV
polarization was used because it is less a�ected by varying incidence angles in comparison
to HH polarization.

Using SAR scenes for ice concentration estimation is advantageous because they are
becoming increasingly more available and they are of higher spatial resolution [53]. Images
used in this thesis are derived from the RADARSAT-2 ScanSAR Wide mode. 8-bit images
are used in this thesis. The distance between successive pixels on these SAR images is
50m.

Although there are many bene�ts to using SAR images for ice concentration estimation,
there are also limitations. First, the interaction between the SAR signal and ice and water
is very complex. The aformentioned observation that smooth water appears darker is not
always the case as the incidence angle can make smooth open water appear bright in certain
regions [4]. From both HH and HV SAR images shown in Figure 2.2, it can be seen that
intensity alone cannot be used to distinguish ice from water and therefore does not contain
su�cient information for ice concentration retrieval. Second, SAR images often su�ers
from image noise, such as speckle noise and banding e�ect. The banding e�ect can be seen
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on the SAR image of HV polarization in Figure 2.2. Lastly, sea ice concentration retrieval
from SAR images is not straightforward because there is very little information obtained
from a speci�c pixel on a SAR image. Spatial information is required to determine the ice
concentration.

Sea ice concentration can be determined from visual interpretation of SAR imagery
or automated models. Image analysis charts are ice expert renditions of SAR imagery.
Regions of homogeneous ice conditions (polygons) are assigned an ice concentration value
in tenths (ex. 0.1, 0.2...). Therefore, image analysis charts are not as numerically precise as
algorithms using passive microwave data. Furthermore, image analysis charts are subject
to the interpretation of the expert doing the rendition. Studies have shown variation in
assigned labels from di�erent analysts for the same region [42]. With the increasing amount
of SAR data becoming available, automated methods of ice concentration retrieval from
SAR imagery are highly desirable. SAR images and image analysis charts used in this
thesis were provided by Environment and Climate Change Canada (ECCC).

2.4.3 Landsat Data

Landsat images are high resolution satellite images from optical and near-infrared sensors.
Optical and near-infrared signals have shorter wavelength than microwave signals used in
SAR data and passive microwave data, which make data retrieved from these signals of
higher spatial resolution. The limitation to using electromagnetic waves in the optical and
near-infrared range is that they do not penetrate clouds [49]. This is a severe limitation
because sea ice often occurs in regions of cloud cover [59].

For this thesis, band 8 from Landsat-7 images were used to retrieve sea ice concentration
estimates from regions without cloud cover. Band 8 registers wavelengths in the range 520-
900nm, which is the optical and near-infrared range, and it was chosen because it provides
the highest spatial resolution, 15m, from all bands. As seen in Figure 2.3, Landsat images
capture more details than SAR images. Albedo information, which is a measure of the
incident electromagnetic radiation re
ected by a surface [50], can be derived from Landsat
images, which can be converted to ice concentration estimates with a threshold analysis [67].
The albedo value of a material to electromagnetic radiation is dependent on the wavelength
of the electromagnetic radiation and the physical properties of the material. An albedo
value of 0 means the surface is a perfect absorber, absorbs all incoming electromagnetic
radiation, and an albedo value of 1 means the surface is a perfect re
ector, re
ects all
incoming electromagnetic radiation. In most cases, open water has an albedo of below 0.1
and sea ice has an albedo of around 0.5-0.7 in the visible spectrum [50]. Outside this range,

11




	List of Figures
	List of Tables
	Introduction
	Motivation
	Thesis Objectives

	Background
	Sea Ice
	Sea Ice Concentration
	Study Area and Study Period
	Standard Sea Ice Concentration Retrieval Methods
	Passive Microwave Data
	Synthetic Aperture Radar (SAR) Data
	Landsat Data

	Deep Learning
	Deep Learning Model Design Choices
	Convolutional Neural Network
	Fully Convolutional Network
	Curriculum Learning

	Related Work

	Methodology
	Data Processing
	SAR Image Processing
	Image Annotation
	Patch Extraction

	CNN Architecture
	U-net Architecture
	Evaluation Pipeline
	Implementation

	Experiments
	Effects of Receptive Field on CNN Models
	Loss Function
	Dataset Augmentation
	Curriculum Learning
	Choice of Training Labels
	10 Fold Cross Validation

	Analysis of Experimental Results
	Overall Observations
	Receptive Field Experiment
	Loss Function Experiment
	Data Augmentation Experiment
	Curriculum Learning Experiment
	Choice of Training Labels Experiment
	Proposed Model

	Hudson Strait Evaluation
	Passive Microwave Evaluation
	Image Analysis Chart Evaluation

	High Arctic Evaluation
	Qualitative Observations
	Passive Microwave Evaluation
	Landsat Evaluation

	Summary and Conclusion
	Results Summary
	Future Work

	References

