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Abstract

Synthetic aperture radar (SAR) is an established part of ocean surveillance, with capabilities
of detecting oil spills, icebergs, and marine traffic both day and night and regardless of
weather. Detecting unidentified ocean objects, such as ships, is very relevant to authorities
and interested parties, since these could be ships sailing illegally or be an iceberg on
collision course with important structures.

The detection of ocean objects in SAR relies on well-established methods, mostly adaptive
thresholding algorithms. In most waters, the object is probably a ship, allowing for
automatic detection, whereas in arctic waters the vast majority of objects are icebergs
drifting in the ocean. Because the objects can look very much a like in SAR images,
the determination of what objects actually are, still rely on manual work and human
interaction. With the great amount of ice in the waters around Greenland, this issue makes

is difficult to detect ships that are not identifying themselves.

The livelihood of traditional Arctic communities is still very dependent on local natural
resources, making the economies fragile and exposed to overexploitation of the very
resources they depend upon. The United Nations 17 Sustainable Development Goals
(SDG) aims at securing social, environmental, and economic developments while preserving
and restoring our psychical environments.

The great sizes and vast emptiness of the arctic is making it difficult to monitor ocean traffic,
which is still heavily dependent on volunteering reporting, exposing areas to unregulated
fishing and illegal dumping of waste. SDG 14 "Life Below Water" is directly aimed at
preserving ocean environments and preventing overexploitation of the oceans resources, this
project is addressing target 14.4 and 14.C, preventing overfishing and enforcing maritime
laws. With increasing interest and accessibility of the arctic regions, these goals can only
be met with proper monitorization of ocean traffic, and satellite data is having a crucial

role here.

The project aim to explore and expand the capabilities of ocean monitoring, by developing
a methodology for discriminating between icebergs and ships. The objects in question, will
be detected in dual polarization Sentinel-1 IW data in the waters surrounding western
Greenland, with the further approach to train a deep learning algorithm to perform a
discrimination, classifying an object as either a ship of an iceberg.

The training data for the deep learning algorithm will be objects detected in waters without
icebergs, and objects detected where there is a great presence of icebergs. The model is

validated with ship AIS data and iceberg data from the Danish Meteorological Institute.




Resumeé

Brugen af radar-satellit (SAR) data er en fastforankret del af daglig maritim overvagning,
da det i radar data er muligt at observere oliesplid, isbjerge og den generelle maritime
trafik, dag og nat og uafhzengig af vejret. Overvagning af uidentificerbare objekter pa
havene er af yderst relevans for myndigheder og andre interessenter, da disse kan veere skibe
engageret 1 ulovlig aktivitet eller isbjerge med kollisionskurs mod dyrebare konstruktioner.
Detektering af sidanne objekter med SAR data bygger pa veludviklede metoder, primaert
bestaende af algoritmer som ud fra adaptive graenseveerdier lokalisere objekter. De fleste
steder vil et objekt pa havet med stgrst sandsynlighed veere et skib, hvorimod det i arktiske
egne sandsynligvis vil veere et isbjerg. I SAR data vil disse to objekter ofte have samme
udstraling og udformning, hvilket ggr at der stadig er behov for menneskelig validering for
faktisk at bestemme hvilken type objekt der er tale om. Med sa store maengder is i vandet
som der ses omkring Grgnland, ggr denne problemstilling det vanskeligt at lokalisere skibe

som ikke udsender nogen form for identificering.

En stor del af de traditionelle arktiske samfund afhsenger stadig af lokale naturressourcer,
hvilket eksponerer deres gkonomi og levebrgd for overudnyttelse af naturens ressourcer.
De Forenedes Nationernes 17 Verdensmal retter sig mod at sikre social, miljgmaessig og
gkonomisk udvikling alt imens det fysiske miljg bevares og beskyttes.

Grundet dets store stgrrelse og sveer tilgeengelighed er det i dag vanskeligt at overvage
den maritime trafik i Arktis, og overviagningen afhaenger derfor i dag i hgj grad af
frivillig indrapportering, hvilket muligggr ureguleret fiskeri og ulovlig afskaffelse af affald.
Verdensmal nr. 14 "Livet I Havet” retter sig direkte mod at bevare havmiljget og sikre
at der ikke sker overudnyttelse af havets ressourcer, dette projekt adresserer delmél 14.4
og 14.C som omhandler effektiv regulering af fiskeri samt implementering af international
maritim lov. For at nad disse méal er det ngdvendigt med effektiv overvagning af den

maritime trafik, og her spiller satellit data en afggrende rolle.

Projektet retter sig mod at undersgge og udvikle metoderne indenfor maritim overvagning,
ved konkret at udvikle en metode til at differentiere mellem isbjerge og skibe. De to
objekttyper vil blive kortlagt ved brug af dobbelt polariserings Sentinel-1 IW-data i havene
omkring det vestlige Grgnland, for derefter at blive brugt i treeningen af en deep learning
algoritme som skal kunne klassificere de to objekter.

Traeningsdata til algoritmen vil besta af objekter detektering i omrader uden isbjerge samt
omrader hvor der findes store maengder isbjerge. Den endelige model vil blive valideret ved

brug af skibspositions AIS data samt data over isbjerge fra Dansk Meteorologisk Institut.
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Introduction

With still increasing interest and activity in the Arctic regions, ship tra ¢ in Greenlandic

and international waters is estimated to increase as well. The Norwegian DNV-GL and
the Danish ministry of defense is estimating an overall growth in ship tra c of 24% by
2027, including a 100% increase in cruise ship tra c in Greenlandic waters DNV GL ,
2019[Danish Ministry of Defence, 2016. For the Arctic waters as a whole, the estimated
increase in ship tra c is anywhere between 100 - 500% until 2030Qcean Conservancy
2017. Overall, the estimates all vary, but there is a broad consensus that there will be
an increase in ship trac. The driving factor behind the increase in ship tra c is the
combination of the decreasing sea ice and the economic growth in the region. A single
mining project in Greenland can increase bulk ship tra ¢ by an order of magnitude [DNV
GL, 2019, and Russian and Norwegian oil and gas exploration is having a similar impact
on trac [ Ocean Conservancy2017.

Due to increase in ship trac, the task of monitoring the ocean is also becoming
more dicult. This encompasses both preventing and responding to accidents, and
also preventing illegal activities such as illegal shing. A major threat to ships and

o shore activities is oating icebergs. According to the National Research Council Canada,
an average of 2.2 iceberg collisions is happening every yeddill, 201J. Ship collision
with icebergs can have major environmental consequences, and a rescue mission can
be complicated and dangerous, especially when ships carry passengers. Along with the
prospect of increasing exploration of resources in the Arctic, forecasting the threat of
possible colliding icebergs in still of rising importance

For monitoring Greenlandic waters, the Danish Defence is using a mix of di erent systems
to identify and track ship positions. The main one is AIS (Automatic Identi cation System),

a system required for shing, passenger and ships weighing more than 300 tons. But since
there are no AIS ground station receivers in Greenland, the AIS system is all satellite based,
meaning that it must be supported by two other identi cation systems; Kyst-Kontrol
(Cost-Control) and Greenpos Panish Ministry of Defence, 2016. The common ground for
all these systems is that they rely on self-reporting from the ships, meaning that if a ship
for some reason, is not capable, or does not wish to be identi ed, it can turn these systems
0.

To get a full picture of ship tra c, areas are regularly monitored by aircrafts and ships are




asked to report unidenti ed vessels. Lastly, data from radar satellites, such as Sentinel-1,
is used to locate unidenti ed objects [Danish Ministry of Defence, 2014.

Synthetic Aperture Radar (SAR) is very capable in ocean monitoring, mostly in regards to
detecting oil spills and locating unidenti ed ships. Since SAR is based on an active sensor,
it has capabilities to function both during day and night through any weather conditions.
Spaceborn SAR products therefore allow for constant monitoring of very large areas.

Mapping and object detection through SAR data is based on the di erent surface textures
of di erent object types. Depending on the application, di erent methods are applied

in SAR mapping, sea-ice charting is mostly based on backscatter values measured from
observations Le Traon et al., 2019 where iceberg detection is relying on a adaptive
threshold algorithm, called CFAR (Constant False Alarm Rate), functioning by calculating
the di erence in backscatter between the object and the oceanBastwood et al, 2019.

The same algorithm is used in ship tra ¢ monitoring[ Ouchi, 201§. By using this method,
large areas are analysed and objects not corrosponding to AIS or other reporting signals is
of interest to further investigation [ Danish Ministry of Defence, 2014.

SAR object detection within dierent elds, has a solid ground on well-established
methodologies and is proven successful by many di erent parties. Basing all object
detection on adaptive thresholding is not without issues though. Telling what an object
actually is, is still up to human interpretation. When detecting icebergs, all objects
detected are presumed to be icebergs, and likewise when detecting ships.

In areas where both types of objects are present, the consequence is that there is no solid
way of telling the object types apart from each other. In a ESA study, published in 2016,
detecting ships in 2000 Sentinel-1 SAR images covering Arctic waters using the CFAR, the
conclusion states:

The presence of sea ice is a constant challenge. Accurate automatic tools to discriminate
ice from open water are needed to increase the reliability of the SARbased ship detection,
both reducing the number of false alarms and increasing the number of ships detected. This
includes the need for automatic ship-iceberg discrimination capability.

[Santamaria et al., 2014

Based on the established detection algorithm CFAR, this study aims at carrying out a
further classi cation of these detected objects. By deploying a deep learning work ow and
algorithm trained on detected objects, the goal is to perform an iceberg-ship discrimination

of unidenti ed objects detected in Sentinel-1 SAR data.

Training of the model will be based on data consisting of objects detected in waters without
icebergs, and objects detected where there is a great presence of icebergs, in that way
interference of object types is avoided.




1.1. Problem statement and research questions

1.1 Problem statement and research questions

Using SAR data for ocean and ice monitoring has been done for years, and the applied
methodologies have been proven strong in many cases. In the areas of the world where
there is an interference of similar objects, such as ships and icebergs, a strong classi cation
methodology is still needed for telling these objects apart. With the still increasing usability
and documentation of deep learning object detection algorithms and work ows, an object
detector trained on known SAR data objects should be able tell these objects apart. Earlier
studies have shown promising resultsHower et al., 2018[Heiselberg and Heiselberg2017,
and with the continuous development within object detection capabilities these can still be

improved.

The following research questions arise:

1. How does the di erent polarizations used in the Sentinel-1 data acquisition a ect
the model results?

2. With the use of deep learning, what degree of accuracy can be achieved in detecting
and classifying oating ocean objects?




Background

2.1 Sentinel-1

Sentinel-1 is a satellite constellation under the ESA Copernicus program. Sentinel-1 consists
of two Synthetic Aperture Radar (SAR) satellites A and B, in polar-orbit operating on
the C-band frequency. The frequency of the C-band radio waves makes data acquisition
possible independently of atmospheric conditions, as the radio wave is penetrating clouds.
The satellite has two main operating modes, Extra Wide Swath (EW) and Interferometric
Wide Swath (IW) mode, the Stripmap (SM) and Wave (WV) modes are also available,
but to a much lesser extent. Each mode has multiple polarisations, both single and dual,
describing how the satellite antenna transmit and receive the signal. The polarisations are
available as follows:

HH - Horizontal transmission, Horizontal receiving - Single polarisation
HV - Horizontal transmission, Vertical receiving - Single polarisation
VV - Vertical transmission, Vertical receiving - Single Polarisation

VH - Vertical transmission, Horizontal receiving - Single Polarisation
HH+HV - Dual polarisation

VV+VH - Dual polarization

The modes and polarisations are available in di erent product types, Level 0 - Raw data,
Level 1 SLC, Level 1 GRD, and Level 2 OCN.

Each of these levels describes the data processing done by ESA prior to making data
available to the user. Di erent SAR applications takes advantages of the di erent products
types. The SLC product is strong in monitoring vertical ground movements, as the
contained phase data detects very small changes. Where the GRD data contains only
backscatter value, representing the strength of the returned signal and thereby the surface
properties of the object.

Because SAR is an active sensor, the returned 'image' is distorted in relation to the
incidence angle of the wave. This means that objects at lower angles will appear more at
or might disappear behind taller objects. These phenomena are described as foreshortening
and shadowing, and is illustrated in gure 2.1.




2.1. Sentinel-1

Figure 2.1: Visualisations of SAR properties foreshortening and shadows. lllustration from
[Wang et al., 2019

The data acquisition in the di erent data modes and polarisations is not distributed evenly
throughout the globe. Below gure 2.2 shows the distribution of data in the respective
modes and polarisations.

Figure 2.2: The geographical distribution of Sentinel-1 modes and polarisations, map by
ESA

With two satellites orbiting the Earth in 12 days, the o cial revisit time for Sentinel-1
is six days. Because the satellites are in polar orbit, the revisit time increases at more
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2.2. Current Detection Methods

northern latitudes (and southern) due to overlap between orbit lines.

This makes Sentinel-1 especially capable of marine tra ¢ monitoring, iceberg mapping
and ice charting in European waters and into Arctic areas, as these areas have coverage
from every third day down to every day.

2.2 Current Detection Methods

In order to lay out the current issues within vessel detection, an understanding of
the underlying algorithm and methods within the eld is necessary. As stated in the
introduction (section 1), the algorithm mostly used for vessel detection is the Constant
False Alarm Rate algorithm (CFAR) in either traditional form or modi ed versions. Major
institutes, such as ESA (EU), NOAA (US) and Kongsberg (NO) all use this algorithm
[Ouchi, 2014.

CFAR is an algorithm made for SAR data with the purpose of detecting objects against a
homogeneous backgroundHastwood et al, 2019, mostly open waters and oceans. The
algorithm is not made speci cally for vessel detection, but has proven strong since objects
detected in open waters for the most part are very likely to be marine tra c. At more
northern latitudes the same algorithm is applied in iceberg detection, and hereby the
arriving of the issue stated in chapter 1.

The CFAR algorithm is an adaptive threshold algorithm, utilizing the di erent backscatter
values re ected by di erent types of objects. The algorithm can be found in many di erent
forms, that all rely on the same key components; a sliding window and local calculated
threshold.

The sliding window, seen in gure 2.3, consist of 3 parts/windows; test cell, guard cells
and reference cells. These vary in size, based on input data and desired detection outcome.

Figure 2.3: Left: The basics components of a CFAR sliding window. Right: Visualization
of how the sliding window is utilised in raster data.
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The reference cells are representing the background in the sliding window, and these sets
are the basis for the locally calculated threshold. There are multiple ways of calculating
the threshold, in the simplest algorithm type (Cell-Averaging CFAR) the threshold is
calculated by a simple average of the cells in the windowZhao et al., 2019. The use of
guard cells ensures that there is no interference between the test cell and the reference
cells.

If the value of the test cell is above the calculated threshold, the cell is marked as being
present of an object.

This is the simplest way of calculating the probability of false alarm i.e. if an object is
present or not, but this simple form of CFAR does not handle sea clutter and background
noise very well. Many further developed variations of CFAR share the same goal of
providing a solution to account for di erent and complex real life situations that cause
noise in the detection Puchi, 2014.

Another issue with the CFAR detector is its ability to detect multiple targets in close
proximity to each other. Due to the fact that the threshold is being calculated in a
pre-de ned area around the cell under test, there are only limited ways of ensuring that
other objects do not interfere with the calculation. As the threshold is supposed to be
calculated for and represent the background, if other objects of interest are present in
the background, the threshold will be calculated too high and all objects will remain
undetected.

A typical way of accounting for this issue is to iterate over multiple CFAR detections, with
di erent parameters and combining the results for each iteration. Such methods are mostly
seen in iceberg mapping, such as DMI and Copernicus product&fastwood et al, 2019,
as in these situations targets proximity to each other is di cult to predict [ Ressel et al,
2019.

The CFAR is a robust algorithm, that thanks to a wide range of adaptations is documented
to perform well in object detection [Zhao et al,, 2019.

However, CFAR is only an object detector not at all an object classi er, still leaving the
de nition of the object up to human interpretation. Naturally, the shift towards more
complicated deep learning algorithms is already happening, and within the last years,
the performance and detection capabilities of deep learning algorithms are being tested,
documented and implemented.




2.3. Deep Learning

2.3 Deep Learning

Within the last decade, there has been a signi cant evolution in the technology and
results of deep learning models. The 2015 ImageNet competition on image recognition
and classi cation [Russakovsky et al, 2015 is considered a benchmark in deep learning,
proving the capabilities of Convolutional Neural Network (CNN). A major driver in the
evolution of deep learning models is the equal rise in available training data. In order to
train and evaluate any deep learning model, an accurate labelled data set is required. Both
in terms of labelled objects in the data and the simple amount of images, training data
has grown in volume consistently throughout the decade.

Initially the PASCAL VOC [ Everingham et al.] was the most comprehensive data set
available, consisting of close to 10.000 images labelled in 20 di erent classes. The data set
was since then expanded into the new ImageNet, consisting of more than a million images
labeled in 1000 classes.

In terms of data set size for general image recognition, ImageNet is still leading, followed
by Open Images Kuznetsova et al,, 2020 and MS COCO [Lin et al., 2014.

The mentioned data sets are all examples of cases of deep learning applications related to
image processing. While these di erent applications are not completely separable from
each other, they can largely be divided in three di erent categories, segmentation, object
detection and classi cation. See gure 2.4 for examples.

Image segmentation classi es each pixel in the image to a class. This will give the exact
extent of each object located in the image.

Object Detection will locate an object and mark it with a bounding box, which might
include a con dence score.

Classi cation will take an image as input, usually an image chip being less than 100x100
pixels. The output will be a classi cation of what is in the image, but not any marking of
the actual object.




2.3. Deep Learning

Figure 2.4. Dierent kind of deep learning applications. From left to right: image
segmentation, object detection and image classi cation. Image from AWS.

The di erent applications each have their advantages and disadvantages, usually it depends
on the desired output which method is most suiting. An important di erence separating
the classi cation from the two others, is the ability to detect multiple objects in the same
image, the classi cation will only give one output per image. The two former methods will
output every detected object in an image.

The underlying architectures are not de ned by the three examples, it is to a large degree
the same algorithms at work. The important aspect of the di erent applications is the
di erence in input and output data, and the fact that di erent training data sets are
available in di erent formats.

In the wake of the deep learning competitions throughout the years, private organisations
and researchers have achieved better and better results by continuous improvement and
further development of deep learning architectures. The 2014 winner of the ImageNet
competition, saw drastic accuracy improvements by increasing the depth of the existing of
convolutional network architecture [Simonyan and Zisserman 2014. The added network
layers, comes at a cost of computational power. The shift from CPU processing to GPU
processing has opened up to much available processing power, making the transition from
convolutional network into deep neural networks possible Raihan et al., 2019.

Today, the CNN architecture has developed into multiple di erent frameworks, utilizing
very deep neural networks, making image processing possible in real-time or close to. Some
of these frameworks are:
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Faster R-CNN - Region-based Convolutional Neural Networks) Ren et al., 2015
" SSD - Single shot multibox detector Liu et al., 2014

" YOLO - You Only Look Once [Redmon and Farhadi 201§

Resnet - Residual Neural Network Bzegedy et al. 2017

The di erent frameworks are all being tested and benchmarked against the large data sets,
such as ImageNet or MS COCO. These data sets consist of every day images, usually less
than 1000x1000 pixels which is ideal for development and training.

Moving into remote sensing, the content and dimensions of image data are of a whole other
scale. While this does cause some hindrance, image-processing frameworks can still be
applied in remote sensing.

2.4 Deep learning in remote sensing

Applying deep learning image processing frameworks in remote sensing products, such as
aerial and satellite imagery is with great prospect but has some challenges as well.

A main issue is objects relation to each other and the background in the image. In remote
sensing products, the background to an object is very complex compared to normal images
as objects are much more evenly distributed and all having roughly the same distance to
the sensor Van Etten, 2019. As an example, a car in a normal image would be present in
a decent amount of the photo and have its wheels towards the ground, have two visible
head or rear lamps and so on. In medium resolution satellite imagery, a car would just be
a colored box consisting of relative small amount of pixels and a random rotation.

The size of remote sensing products is also causing issue, as the processing frameworks
are designed to work on images only a few 100 pixels in size, where satellite imagery can
easily be 10-100 times bigger. Image classi cation of remote sensing image chips has also
seen better results than object detection (di erence shown in gure 2.4), mainly due to

the background complexity being more simple [Long et al., 2017.

When applying deep learning in remote sensing, there is no way of getting around that
the algorithms cannot handle images in that size. Downsampling is not an option, since
most image information would be lost to reach a sub 1000 pixel level. Instead the go-to
technique is to only process a small portion of the image at a time, this can either be
achieved through a sliding window technique such as the one proposed bydn Etten,
2019 or by cropping images and stitching the output back together as done inZhang

et al., 2018§.

With more prepared data sets being available for training such as SpaceNeWhn Etten
et al., 201§ and COWC [Mundhenk et al., 2014, cars, buildings, and roads has become
benchmark objects for deep learning task in remote sensing. Building and road extraction
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is usually done as image segmentatiorzhang et al., 2018[Vakalopoulou et al., 2019 where
the exact geographical extent is mapped in opposition to locating more single objects like
cars and airplanes which is usually done as object detectioriLpng et al., 2017[Van Etten,
2019.

All the work ndings of the papers cited above, is done on aerial and satellite imagery
RGB composite images. Shifting into SAR data brings other image capabilities but the
frameworks can still be applied here. Especially within vessel detection and classi cation,
deep learning has showed promising results.

Open waters make a less complex background, making vessel detection and even
classi cation of ship types possible Dechesne et al. 2019, though shoreline areas and
moored ships still pose a challenge as the background become more complg¥ahg et al.,
2019.

Because of a ships appearance in waters, it will appear bright in SAR data as the re ections
are often re ected onto multiple surfaces, as illustrated in gure 2.5. The properties of
SAR described in section2.1 and visualized in gure 2.1 means that ships will be subject
to foreshortening and shadows. This does not pose an immediate issue, but states the
importance of spatially distributed training object since ships will appear di erently
depending on their relation to the sensor.

Figure 2.5: lllustration of how radio waves are re ected on a ship. Image from Quchi,
2014

Recent studies have documented the performance of di erent deep learning frameworks
and proven promising accuracy results in SAR ship detection.

In the creation of a training data set for SAR ship detection, [Wang et al., 2019 utilised and
evaluated di erent deep learning frameworks such as SSD, Faster R-CNN and RetinaNet.
Between the frameworks, a signi cant di erence in training time was observed not to have

a great impact on overall accuracy. RetinaNet achieved the highest accuracy but at the
cost of the longest training time. All frameworks achieved accuracies between 88 and 91%.
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[Dechesne et al. 2019 managed to classify types of ships in Sentinel-1 images, by training
OpenSAR data on a multi-task neural network. The study achieved accuracies of 96-97%
on image chips and 85% on Sentinel-1 scene patches.

While [Wang et al., 2019 did not test the Yolo object-detector it has proven to be fast
and accurate Redmon and Farhadi 2018[Benjdira et al., 2019. [Chang et al.,, 2019
compared training and detection between Faster-R-CNN and YoloV2. The study managed
to achieve 90% accuracy with the Yolov2 detector, 20% higher than Faster-R-CNN, and
proved signi cant better training and detection times, all this is however based on a data
resolution between 1 and 5 meter.

Lastly, the study showed slightly better results when using larger images as input, though
again at the cost of computation time. With the requirement of handling data either in
slices or in a sliding window, using larger image chips might prove useful when preparing
large data sets.
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Methodology

As outlined in section 1.1 the goal of the study is to train a deep learning model to

detect and classify objects in Sentinel-1 SAR data, with the objects being either ships or
icebergs. The proposed methodological framework of the project will consist of multiple
parts, starting at processing of Sentinel-1 SAR data and performing object detection with

CFAR which is then evaluated and converted into a deep learning training format. Lastly

covered, is the implementation and setup of the chosen deep learning framework.

3.1 Study Areas

The study areas consist of three di erent locations, two in Western Greenland and one in
Denmark, each study area is outlined by two selected Sentinel-1 scenes.

Figure 3.1: Outlined study areas and Sentinel-1 scenes. Basemap by ESRI
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3.1. Study Areas

Each study serves an individual project purpose, two for collecting training data and one
for testing the accuracy of the nal model.

3.1.1 Denmark

The Danish study area covers the waters of Kattegat and Skagerrak, as these waters are
the only access to the Baltic Region they both handle busy shipping routes. The main
tra c comes from the Baltic Sea and goes into the Northern Sea, the selected Sentinel-1
scenes both covers the shipping lines North-South and East-West directions. Together
with ships going to destinations in Denmark and tra ¢ between Denmark, Sweden and
Norway, a large variety in types of ships and in di erent directions, is covered within the
study area.

Figure 3.2: Sentinel-1 scenes outlined on a AIS ship density plot. Ship density map from
the Danish Maritime Authority (Sgfartsstyrelsen)

The density plot in gure 3.2 also cover the area where the Danish Maritime Authority
provide historical AlS data free of charge and free to use.

This AIS will be used to locate ship targets within the study areas to be passed on as ship
training data for the model.

3.1.2 Greenland, Nuup Kangerlua

One of the two Greenland study areas, the southern one, is centered around Nuuk and
the surrounding fjord Nuup Kangerlua (Godthaabsfjorden). This is a large fjord complex,

stretching from the capital Nuuk all the way to the Greenland Icecap. Because there are
two glaciers owing into the fjord, vast amounts of ice and icebergs are present most of the
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