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Abstract

Detection of the openings in the Arctic sea ice pack, or leads, allow to sample instantaneous sea surface
height (SSH) and this information is crucial for quantifying the impact of sea ice melting. It is therefore im-
portant to correctly detect as many leads as possible to obtain more SSH references. This paper studies 12
different classification methods including supervised-, unsupervised machine learning methods and thresh-
olding method, being applied to the Sentinel-3 Synthetic Aperture Radar (SAR) altimetry data collected in
March/April of 2017-2020 and June/July of 2020 from areas all across the Arctic Ocean. These are com-
pared and assessed with respect to images taken by Ocean and Land Colour Instrument (OLCI), also on board
Sentinel-3, ensuring a perfect temporal alignment between the two measurements. The supervised Adaptive
Boosting, Artificial Neural Network and Linear Discriminant classifiers showed excellent and robust results in
March/April with overall accuracies up to 91.82%. The unsupervised K-medoid classifier produced excellent
results achieving up to 91.51% accuracy and it is an attractive classifier as it does not require ground truth
data. The classifiers perform poorly in the summer months, as sea ice returns show more ambiguous reflec-
tions due to melting. Therefore on summer data, classifications that are solely based on waveform data from
SAR altimetry is unsuitable and auxiliary information is required. Furthermore, this paper attempted to iden-
tify off-nadir leads (ONL) by adding an extra class in supervised learning methods, intending to reduce the
falsely detected leads. Most classifiers failed to detect leads and did not improve their false lead rate. How-
ever, as RUS Boost classifier was able to identify 61.6% of total ONLs, this can be used to initially reject these
points for more conservative lead detection.
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1
Introduction

The impact of climate change is significant and it is of utmost importance to monitor these drastic changes
occurring in the world. In the past decades, satellite remote sensing has successfully provided quantitative
information and spatio-temporal states of the climate system and its changes (Yang et al., 2013). Among
many other observations, monitoring the Arctic sea ice is considered to be very important to understand
the process of global climate change. For example, due to its high reflectivity, sea ice plays a crucial role in
the Earth’s radiation balance and thermal feedback processes (Screen and Simmonds, 2010). Measuring the
sea surface height (SHH) may allow to better quantify the impact of sea ice melting, and this will be further
discussed in this chapter.

This chapter introduces the relevance of this research and summarizes the main outcome of the literature
study which was conducted prior to this thesis. First, Section 1.1 introduces the current state of the Arctic
Ocean and the impact of its sea ice melting. Then, Section 1.2 focuses on the importance of detecting sea
ice openings called leads. The state of the art lead detection methods are summarized in Section 1.3. This
thesis aims to overcome the challenges and knowledge gaps found from these existing methods. The derived
research objective and research questions are presented in Section 1.5. The relevance and novelty of the
research are also presented in Section 1.6. Finally, Section 1.7 describes the outline of this report.

1.1. State of Arctic Sea Ice
The Arctic Ocean is partly covered with sea ice, which shows a dynamical behaviour over the seasons and
it is a crucial element in various global climate models (Rose et al., 2013). The Arctic Ocean is also a very
sensitive area to climate change and many studies have shown that the sea ice concentration is one of the
most important influencing factors (C. Lüpkes, 2008). Satellite recordings have been showing a substantial
decline in Arctic sea ice extent and sea ice volume during the last decades (Kwok and Rothrock, 2009; Morison
et al., 2012; Poisson et al., 2018; Stroeve et al., 2007). Several studies even show that this decline is actually
taking place faster than the simulated predictions (Stroeve et al., 2007; Wang and Overland, 2012). Figure 1.1
shows the substantial decline in sea ice extent monthly anomaly. This decrease in sea ice extent further
enhances the sea ice melting as the increased open water areas allows more radiation from the sun to be
absorbed and heat up the ocean (Rose et al., 2013). Thinner sea ice also has less mechanical strength, which
allows it easily break and drift away.

The rapid melting of the Arctic sea ice hence has a profound impact to not only local but to global cli-
mate and environments. One of the largest concerns is the fact that the melting of sea ice influences the
albedo feedback mechanism, which enhances the climate response, especially at high latitudes (Lindsay and
Schweiger, 2015). With more areas of darker colored water being exposed, more radiation is absorbed rather
than being reflected. This increases the temperature of Arctic waters and Arctic rivers, in turn warming the air
above them and temperature rise can spread over land (Wadhams, 2016). Though recent studies show better
understanding of the variation of tides in the Arctic Ocean (Bij de Vaate et al., 2021), is still not well known
how the Arctic sea ice decline impact on global tides and surges (Slobbe, 2020). However, some studies also
show that the sea ice melting can cause extreme water levels, which can lead to increased erosion (Barnhart
et al., 2014), increased risk to the Arctic ecosystems (Kokelj et al., 2012), or impact the dynamics of the tidal
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2 1. Introduction

Figure 1.1: Mean sea ice extent anomalies in the years 1953-2018. From January 1953 to December 1979, the data was collected by the
UK Hadley Centre and were based on operational ice charts and other sources. From January 1979 to October 2018, the data was

collected by passive microwave satellite sensors. (Meier and Stroeve, 2020)

inlet systems in some coastal areas (De Swart and Zimmerman, 2009). For example, a project named Forecast
Arctic Surges and Tides for the Netherlands (FAST4NL) recognizes this potential impact of extreme tides and
surges in the Dutch coastal areas, and aims to quantify this impact by developing an accurate Arctic total
water level (TWL) (Slobbe, 2020).

Measuring the sea surface height (SSH) in the Arctic Ocean could provide essential information in quanti-
fying not only the aforementioned impact of sea ice melting, but also for computing the freeboard (i.e., height
of ice surface that is above the surrounding water level (Quartly et al., 2019), see Figure 1.2), sea ice thickness,
and ultimately the sea ice volume (Laxon et al., 2013; Wernecke and Kaleschke, 2015). Estimating SSH in the
Arctic Ocean is challenging as large part of the ocean is covered by ice and current measurements have sub-
stantial uncertainties (Armitage et al., 2016). Tide gauges records are sparse both spatially and temporally,
and most are located in along the coasts of Siberian and Scandinavian Arctic, hence many studies and mod-
els rely on space-borne measurements (Armitage et al., 2016). Measurements from satellite altimeters make
use of sea ice openings called leads, and consider them as instantaneous sea surface height. It is therefore
important to correctly find as many leads as possible and minimize the false detection, as falsely detected
leads result in overestimation of the SSH (Wernecke and Kaleschke, 2015).

1.2. Lead Detection
Detection of leads can serve for various research purposes. In this thesis, lead detection for SSH estimation
is the primary focus, however lead detection also plays a significant role for many other applications such as
sea ice thickness computation, understanding of the Arctic climate system, and vessel navigation.

Knowledge of the locations of sea ice openings could aid improving the SSH estimation. These openings
in the sea ice are essentially fractures in sea ice covers which occur in zones of divergence and shear motion,
and are called polynyas or leads. Polynyas tend to remain at a given location for a longer period of time
(Weeks, 2010). Leads on the other hand, are interesting as they have transient features that can form anywhere
in an ice-covered ocean and can be refrozen in a short period of time. Leads and polynyas even appear in
areas that are covered by thick ice, such as in the central Arctic (Wernecke and Kaleschke, 2015).

The SSH computed using the water levels of the leads can be assumed to be the instantaneous or local
SSH (Dettmering et al., 2018). By interpolating these local SSH, the SSH over a larger area within the Arctic
Ocean can be computed (Ricker et al., 2015). This is illustrated in Figure 1.2, showing the sea surface height
tie points. Therefore, more correctly detected leads will allow for more data points for interpolation, and the
SSH field can be better computed. However, is leads are falsely detected, this translate into an overestimation
of the SSH and ultimately result in a negative bias in the estimated freeboard (Wernecke and Kaleschke, 2015).
Therefore, it is of high interest to correctly find as many leads as possible to decrease the statistical error found
in SSH estimations.
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Figure 1.2: A schematic diagram showing a satellite with radar altimeter flying over the Arctic sea ice with several leads (Quartly et al.,
2019)

This thesis focuses on SAR altimeter for many reasons. SAR altimeter exploits the Delay/Doppler effects
and coherent processing of the group of transmitted pulses. Hence, the SAR altimeters can make more ef-
ficient use of the power reflected from the surface, compared to the conventional pulse limited altimeters
(European Space Agency and CNES, 2020). Due to its simultaneous increase in the number of looks, the
along-track resolution is also increased and the waveform returns are much sharper (Raney, 1998).

The waveform returns from SAR altimetry hold essential information in surface classifications. The dis-
crimination relies on the different surface reflectivity and differences in the incidence angle of the radar pulse.
This allows to distinguish whether the echo is dominated by specular reflections coming from smooth sur-
faces such as leads, showing peaky waveforms, or by diffuse reflections coming from rough surfaces such as
the sea ice or ocean surface, which shows more noisy waveform returns (Laxon et al., 2013). Examples of
these waveform returns are shown in Figure 1.3.

Figure 1.3: Example waveform of lead (left) and sea ice (right), acquired by the SRAL altimeter.
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1.3. State-of-the-art Methods
Number of studies have demonstrated the use of SAR altimeter waveform returns for surface type classifi-
cation in the Arctic Ocean. Historically, the empirical thresholding methods were used for waveform clas-
sifications, however with the rise of artificial intelligence in recent years, the adoption of machine learning
algorithms in this context has been seen more frequently. The thresholding methods simply assign a range
of values per waveform feature that should be met in order for them to be classified to a specific class (e.g.
Laxon et al., 2013; Ricker et al., 2014; Schulz and Naeije, 2018). Machine learning classifiers on the other
hand, use machine learning algorithms by training with labeled (supervised learning) or unlabeled (unsu-
pervised learning) data set to distinguish different features of the waveform and assign them to their classes
(e.g. Dettmering et al., 2018; Lee et al., 2016; Müller et al., 2017; Poisson et al., 2018)).

Empirical thresholding methods are based on setting thresholds to the waveform features to unique wave-
forms for different surface types. Earlier studies used a single waveform feature to classify various surface
types in the Arctic Ocean. Peacock and Laxon (2004) for example have set the Pulse Peakiness (PP; waveform
feature describing the "peakiness" of the waveform) value of 1.8 as the boundary. Waveforms with PP of less
than 1.8 were processed as diffuse (classified as either open ocean or sea ice), and PP of greater than 1.8 were
processed as specular (classified as leads). Later, other studies used more waveform features and added dif-
ferent thresholds to improve the results. For instance, the classification performances obtained by the studies
from Laxon et al. (2013) and Rose et al. (2013) were assessed using the same ground truth and although both
methods achieved high overall accuracies, the two methods tend to classify ice as leads, implying their ten-
dency in overestimating leads (Lee et al., 2016). This tendency in overestimation of leads can lead to a strong
bias in SSH and freeboard estimation.

Recently, more studies have adopted machine learning algorithms for waveform classification. Machine
learning based methods can overcome several shortcomings associated with the simple thresholding meth-
ods. For example, simple thresholding methods may suffer because waveform features typically contain alias-
ing between leads and sea ice (Lee et al., 2016). The machine learning classifiers can be largely divided into
two types; supervised learning and unsupervised learning.

Application of supervised machine learning was used for example by Lee et al. (2016), where Decision
Trees and Random Forest classifiers were used for lead detection using CryoSat-2 waveform data. These
machine learning classifiers were also compared to the thresholding classifiers using the same input data and
ground truth. The accuracy obtained by machine learning algorithms clearly outperformed the thresholding
classifiers. The derived sea ice thickness estimation based on these methods also showed that the supervised
machine learning classifiers resulted in lower error values when comparing to ice thickness data obtained by
CryoVEx (a dedicated aircraft campaign for CryoSat validation) (Lee et al., 2016). However, the remarkable
accuracies obtained by DT and RF were computed based on 239 testing points on a very limited study area.
For the purpose of estimating the SSH of larger part of the Arctic Ocean, the classifiers shall be applied to a
larger testing set to fully comprehend their performances.

Müller et al. (2017) and Dettmering et al. (2018) applied unsupervised machine learning methods, specif-
ically K-medoid clustering. Unlike supervised learning, unsupervised learning does not train with labeled
data, hence the model does not rely on the ground truth but rather on natural patterns and dissimilarities of
the training data. Because the data is unlabeled, once the clusters are obtained, the operator must manually
label the clusters to the corresponding classes. The classification accuracies obtained by K-medoid cluster-
ing were promising, as they mostly outperformed the thresholding classifiers. This study has computed the
accuracy with 14,231 testing points, but again were limited to a smaller area in the Arctic Ocean.

1.4. Knowledge Gap
Despite the promising machine learning algorithms presented in the earlier studies, there are still some
knowledge gaps that must be filled. This thesis focuses on four issues that have been identified.

Firstly, as most of the previous studies focused on different study areas, input data and used different
validation data, the results cannot be directly compared. Although many studies have demonstrated the
advantages of machine learning classification over thresholding classification methods, it is for example still
unknown whether unsupervised machine learning can outperform supervised machine learning methods
when tested on the same study area.

Secondly, the validation data used in the previous studies were limited to small areas; Dettmering et al.
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(2018) used waveform data measured only in the Greenland Sea, whereas Lee et al. (2016) used the MODIS
image to validate only 239 waveforms. This is due to the fact that many studies manually validated the altime-
ter classification results with the ground truth data through visual inspection (Lee et al., 2016; Bij de Vaate,
2019; Quartly et al., 2019).

Thirdly, seasonal influence on the classification performance is not well known. Bij de Vaate (2019)
demonstrated a significant increase in ambiguous class and lead class during the summer months, when ap-
plying the thresholding classifier. Shu et al. (2020) applied different supervised machine learning algorithms
for the months of November to May, and showed worsening performance in May compared to the other
months. Hence, classification performances, especially for machine learning classifiers during the summer
months are not well studied and requires further research.

Finally, many studies acknowledge that the presence of off-nadir leads (ONL) can worsen the classifica-
tion performance as ONL can dominate the radar footprint and dominate the range retrieval (Ricker et al.,
2015). The waveform returns of ONLs often resemble a superposition of specular and diffuse returns but the
contribution from the ice can be totally over-shadowed by the off-nadir lead. Therefore, there is no concrete
understanding of the waveform returns of off-nadir leads (Quartly et al., 2019).

1.5. Research Objective and Research Questions
Given the analysis of the knowledge gap in the state of the art methods, the research objective and research
(sub) questions were formulated for this thesis. These are presented in Section 1.5.1 and Section 1.5.2, re-
spectively.

1.5.1. Research Objective
The research objective of the research is defined as follows.

Assess different SAR altimetry waveform classification methods for lead detection in the Arctic
Ocean and identify the most suited ones to be applied for sea surface height estimation. .

1.5.2. Research Questions
The main research question was formulated by carefully assessing the points that required further research
which closely relates to the research objective. The main research question is given as follows.

How do empirical thresholding methods, supervised and unsupervised machine learning
based classifiers compare in their performances, and what advantages/disadvantages do they
have when detecting leads in the Arctic Ocean using SAR altimetry data?

With this research question, this research serves as a follow up study from state-of-the-art. It will also be able
to contribute to the research objective directly by comparing three very different methods that are assessed
with same input and validation methods.

In order to support answering the main research question in a detailed manner, the following sub-questions
are defined.

• SQ-1: How can SAR altimetry waveform classifications be validated in an effective way?

• SQ-2: How do the overall accuracy, True Lead Rate, and False Lead Rate compare between the classi-
fiers?

• SQ-3: What is the combination of waveform features that results in best accuracy?

• SQ-4: How do the hyperparameters in machine learning algorithms influence the classification perfor-
mance?

• SQ-5: How well do classifiers perform when trained with data from another year?

• SQ-6: How well do classifiers perform when trained with data from another study area?
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• SQ-7: What is the seasonal influence on the performance of classifiers?

• SQ-8: How does the presence of off-nadir leads influence the performance of the classifiers?

1.6. Novelty and Relevance
Given the defined research objective and research questions of this thesis, its relevance and novelty are intro-
duced in this section. Firstly, the identified novelty of the research are listed in the following.

• Comparison of three types of classifiers on the same ground truth: The most important novelty of
this research lies in comparing thresholding, supervised and unsupervised machine learning classifiers
on the same ground truth. These three types of classifiers have never been assessed and compared
using the same input data and the ground truth, therefore this research will provide fair and valuable
comparison between the classifiers.

• Use of Sentinel-3 SRAL altimeter and OLCI images for lead detection: A key opportunity of using the
Sentinel-3 satellite was identified, as this satellite is equipped with Synthetic Aperture Radar Altimeter
(SRAL) and Ocean and Land Colour Instrument (OLCI). Classification conducted on Level 1-b (L1-b)
waveform data acquired by SRAL can be validated using OLCI images. This unique combination of in-
struments will provide a perfect temporal alignment between the optical and altimetry measurements.

• Attempt on detecting off-nadir leads: This study also attempts to understand the effect of adding an-
other class to the classification problem. If off-nadir leads can be correctly detected, number of falsely
predicted leads may be reduced. Furthermore, the points which were classified as off-nadir leads points
can be rejected from the analysis, if a conservative prediction of leads is desired.

Finally, the results obtained in this research will be relevant to the research community in the Arctic or
cryospheric studies. By identifying the best performing classification method for lead detection, sea surface
height estimation can be improved in the Arctic region. This can positively impact to research in many areas,
such as computation of the ice thickness, ice volume loss, and ultimately its impact to the Arctic and the
global climate.

1.7. Report Outline
The structure of this thesis report is given as follows. Firstly, Chapter 2 presents the main content of the
research written in a form of a draft journal article. The article presents the methodology, definition of clas-
sification models, results, conclusions and recommendation for future work. Then, Chapter 3 relates the
conclusions back to the research questions formulated as seen in Section 1.5. It also includes more elabo-
ration on the recommendation and future work. Finally, this report includes appendices; Appendix A is an
appendix directly contributing to the journal article presented in Chapter 2, and Appendix B presents extra
supporting materials.
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Assessment of thresholding and machine learning classification methods on Sentinel-3
SRAL altimeter for lead detection in the Arctic Ocean

Ericka Martin, Inger Bij de Vaate, Cornelis Slobbe, Marc Naeije

(Delft University of Technology, Delft, Netherlands
E.Martin-2@student.tudelft.nl)

Abstract: Detection of the openings in the Arctic sea ice pack, or leads, allow to sample instantaneous
sea surface height (SSH) and this information is crucial for quantifying the impact of sea ice melting. It is
therefore important to correctly detect as many leads as possible to obtain more SSH references. This paper
studies 12 different classification methods including supervised-, unsupervised machine learning methods
and thresholding method, being applied to the Sentinel-3 Synthetic Aperture Radar (SAR) altimetry data col-
lected in March/April of 2017-2020 and June/July of 2020 from areas all across the Arctic Ocean. These are
compared and assessed with respect to images taken by Ocean and Land Colour Instrument (OLCI), also on
board Sentinel-3, ensuring a perfect temporal alignment between the two measurements. The supervised
Adaptive Boosting, Artificial Neural Network and Linear Discriminant classifiers showed excellent and robust
results in March/April with overall accuracies up to 91.82%. The unsupervised K-medoid classifier produced
excellent results achieving up to 91.51% accuracy and it is an attractive classifier as it does not require ground
truth data. The classifiers perform poorly in the summer months, as sea ice returns show more ambiguous
reflections due to melting. Therefore on summer data, classifications that are solely based on waveform data
from SAR altimetry is unsuitable and auxiliary information is required. Furthermore, this paper attempted to
identify off-nadir leads (ONL) by adding an extra class in supervised learning methods, intending to reduce
the falsely detected leads. Most classifiers failed to detect leads and did not improve their false lead rate.
However, as RUS Boost classifier was able to identify 61.6% of total ONLs, this can be used to initially reject
these points for more conservative lead detection.

2.1. Introduction
Declining sea ice cover in the Arctic is a strong indicator of climate change. In the past decades, satel-
lite recordings have been continuously measuring a substantial decline in Arctic sea ice extent (Kwok and
Rothrock, 2009; Morison et al., 2012; Stroeve et al., 2007). Recent studies have also shown that the Arctic will
be practically ice free in summer by the year of 2050 (Notz and SIMIP Community, 2020). Such drastic de-
cline of Arctic sea ice does not only have an impact locally but also has profound impact on global climate
and environments (Wadhams, 2016). For example, the melting of sea ice influences the albedo and thermal
feedback mechanism, which may further enhances the warming in the Arctic (Lindsay and Schweiger, 2015).
Though recent studies show better understanding of the variation of tides in the Arctic Ocean (Bij de Vaate
et al., 2021), is still not well known how the Arctic sea ice decline impact on global tides and surges (Slobbe,
2020). However, some studies also show that the sea ice melting can cause extreme water levels, which can
lead to increased erosion (Barnhart et al., 2014), increased risk to the Arctic ecosystems (Kokelj et al., 2012),
or impact the dynamics of the tidal inlet systems in some coastal areas (De Swart and Zimmerman, 2009).

Measuring the sea surface height (SSH) in the Arctic Ocean could provide essential information in quan-
tifying not only the aforementioned impact of sea ice melting, but also aid to estimate the sea ice thickness
and its volume loss (Laxon et al., 2013; Wernecke and Kaleschke, 2015). Estimating SSH in the Arctic Ocean
is challenging as its large area is covered by ice and current measurements have substantial uncertainties
(Armitage et al., 2016). It is therefore essential to detect and measure the water levels of the sea ice open-
ings called leads. It is of great interest to correctly detect as many leads as possible and minimize the false
detection, as falsely detected leads result in overestimation of the SSH (Wernecke and Kaleschke, 2015).

Synthetic Aperture Radar (SAR) altimeters on satellites are useful for lead detection, as the surface types
can distinguished by the waveform shapes. Its coverage is also advantageous, especially compared to tide
gauges which are located sparsely, mostly located on the coasts of Siberian and Scandinavian Arctic (Armitage
et al., 2016). As SAR altimeters exploit the Delay/Doppler effects and coherent processing of the group of the
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reflected pulses, they allow for better along-track resolution and sharper waveform returns as compared to
the conventional pulse-limited altimeters (Dinardo and Benveniste, 2013; Raney, 1998).

A number of classification methods have been developed, specifically for distinguishing leads from the
ocean and sea ice, using SAR altimetry waveform data. The state of the art waveform classification methods
can be largely divided into two group; empirical thresholding methods and machine learning classification
methods. Most of the methods make use of waveform features, which describe the unique features of the
waveform returns. Empirical thresholding method relies on setting thresholds to these waveform features
in order to distinguish the surface types, and historically this simple method has been widely made use of.
However, a study from Lee et al. (2016) showed that thresholding methods tend to over-detect leads, which ul-
timately leads to a strong bias in SHH estimation. Recently, more machine learning algorithms were adopted
for waveform classifications, including the supervised tree based classification from Lee et al. (2016), super-
vised artificial neural network approach from Poisson et al. (2018), and the unsupervised K-medoid classi-
fication method from Dettmering et al. (2018) and Müller et al. (2017). These machine learning methods
produced higher accuracies as it can overcome shortcomings associated with the simple thresholding meth-
ods, such as dealing with waveforms that contain aliasing between leads and sea ice (Lee et al., 2016).

Despite the promising machine learning algorithms presented in the earlier studies, there are still some
knowledge gaps that must be filled. This paper focuses on four issues that have been identified. Firstly,
the aforementioned classifiers and their performances cannot be directly compared as these studies involve
different study areas, sensors, and validation data. For instance, it is still unknown whether using unsuper-
vised machine learning classifiers can outperform supervised learning classifiers. Secondly, the validation
data used in the previous studies were limited to small areas; Dettmering et al. (2018) used waveform data
measured only in the Greenland Sea, whereas Lee et al. (2016) used the MODIS image to validate only 239
waveforms. This is due to the fact that many studies manually validated the altimeter classification results
with the ground truth data through visual inspection (Bij de Vaate, 2019; Lee et al., 2016; Quartly et al., 2019).
Thirdly, seasonal influence on the classification performance is not well known. Bij de Vaate (2019) demon-
strated a significant increase in ambiguous class and lead class during the summer months, when applying
the thresholding classifier. Shu et al. (2020) applied different supervised machine learning algorithms for the
months of November to May, and showed worsening performance in May compared to the other months.
Hence, classification performances, especially for machine learning classifiers during the summer months
are not well studied and requires further research. Finally, many studies acknowledge that the presence of
off-nadir leads (ONL) can worsen the classification performance as ONL can dominate the radar footprint
and dominate the range retrieval (Ricker et al., 2015). The waveform returns of ONLs often resemble a super-
position of specular and diffuse returns but the contribution from the ice can be totally over-shadowed by
the off-nadir lead. Therefore, there is no concrete understanding of the waveform returns of off-nadir leads
(Quartly et al., 2019).

To tackle this, different algorithms from all supervised-, unsupervised machine learning, and thresholding
methods were applied to wide range of study areas in the Arctic Ocean, in order to gain a complete under-
standing of the performance of different classifiers and ultimately identify the most suited ones to be applied
for SSH estimation. Although an operator-controlled selection of cloud free regions is required, this paper
aims to automate the majority of validation data generation process by means of image segmentation and
analysis of radiance change on optical image pixel nadir to the satellite. This way, a much larger study area
can be validated in a consistent manner. The classifiers will also be applied in the summer months to better
understand the seasonal influences. Furthermore, this study attempts to detect ONLs to reduce the false lead
detection by adding another class to the classification problem, for supervised machine learning classifiers.

A key opportunity of using Sentinel-3 satellites was identified, as these satellites are equipped with Syn-
thetic Aperture Radar Altimeter (SRAL) and Ocean and Land Colour Instrument (OLCI). Classification con-
ducted on Level 1-b (L1-b) waveform data acquired by SRAL can be validated using OLCI images. This unique
combination of instruments will provide a perfect temporal alignment between the optical and altimetry
measurements. This approach is similar to the work by Poisson et al. (2018), where images from Medium Res-
olution Imaging Spectrometer (MERIS) were used to validate Radar Altimeter-2 (RA-2), in which both sensors
were on board of the Envisat. This combination of instruments is extremely beneficial to this research be-
cause ice drift models need to be employed if the two measurements have few hours of delay, as the current
speed can reach up to 0.1 km/h (Quartly et al., 2019).
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2.2. Data and Methodology
2.2.1. Data
2.2.1.1 SRAL altimeter

This study makes use of SAR altimetry Non-Time Critical (NTC) L1-b waveform data retrieved by the Synthetic
Aperture Radar Altimeter (SRAL) instrument of Sentinel-3A and Sentinel-3B satellites. The SAR mode in SRAL
ensures high along-track resolution of approximately 300 m (EUMETSAT, 2017). The acquired waveform is
sampled in 128 bins and this usually depicts a sudden rise in power on the leading edge and declining power
on the trailing edge (Shu et al., 2020). Figure 2.1 shows an example of this waveform return.

Figure 2.1: Example of SRAL L1b waveform return. Waveform features; maximum power, leading-edge width, trailing-edge width and
the waveform width, are presented in the figure.

The shape of the altimetry waveform returns are dependent on the surface characteristics within the al-
timeter footprint (Müller et al., 2017). For example, specular reflections coming from smooth surfaces, such
as leads, show narrow and peaky waveforms. In contrary, the diffuse reflections coming from rough surfaces,
such as sea ice, show wider and more noisy waveform returns (Laxon et al., 2013; Poisson et al., 2018).

In order to distinguish these waveforms and identify their surfaces, number of waveform features are
defined. These waveform features can describe the dissimilarities between the waveforms and are used as
an input for the classification process. This study made use of 12 types of waveform features and these are
summarized in Table 2.1.

2.2.1.2 OLCI images

This paper assesses the waveform classification results by directly comparing them to images taken by the
Ocean and Land Colour Instrument (OLCI) on board of Sentinel-3. From the OLCI images, one can visually
distinguish leads from ice by identifying the darker areas (lower radiance value) on the ice sheets (Ludwig
et al., 2020). The surface classes determined by the OLCI images are considered to be the ground truth. With
a spatial resolution of approximately 300m (Su et al., 2019), OLCI images cannot always depict the real ground
truth as it cannot detect leads that are narrower than its resolution. Though it is an approximation of the real-
ity, the use of OLCI images provides a common ground to compare different altimetry-based classifications.

OLCI is a push-broom imaging spectrometer which contains 21 spectral bands (Oa1 - Oa21) ranging from
400mm to 1020mm (Bourg et al., 2021). This study uses the L1-b product which consists of images of top of
atmosphere radiance, calibrated to geophysical units (Wm−2 sr−1mm−1). The image is georeferenced onto
the Earth’s surface, and spatially resampled onto an evenly spaced grid (European Space Agency, 2016). In
this study, pseudo-color images have been constructed using the three spectral bands of OLCI data; Oa3
(442.5nm), Oa5 (510nm) and Oa8(665nm), which accentuated the color differences in the images.
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Table 2.1: Description and equations of waveform features considered in this study

Waveform Feature
(Abbreviation)

Description Equation

Maximum Power
(MAX)

Maximum power value of the waveform in Watts -

Kurtosis
(kurt)

Kurtosis is a measure of peakiness of the power
distribution (Lee et al., 2016). Kurtosis of a random
variable is a 4th standardized moment, which can be
computed by dividing the 4th central moment of the
distribution by the 4th power of standard deviation.

Kurt[X ] = E

[(
X−µ
σ

)4
]
= E[(X−µ)4]

(E[(X−µ)2])2

where X is the random distribution, µ is
the mean and σ is the standard deviation.

Skewness
(skew)

Skewness is a measure of how slanted the power
distribution is. Skewness represents 3rd standardized
moment, which can be computed by dividing the 3rd
central moment of the distribution by the 3rd power
of standard deviation.

Skew[X ] = E

[(
X−µ
σ

)3
]
= E[(X−µ)3]

(E[(X−µ)2])3/2

Pulse Peakiness
(PP)

PP is a measure of the peakiness of the waveform.
It is found by the maximum power value divided by
the total accumulated power (

∑
Pi ) from all the bins

in the waveform (Wernecke and Kaleschke, 2015).

PP = pmax∑128
i=1 pi

Backscatter Coefficient
(sigma0)

Sigma0 is the radar backscatter coefficient, which
describes the surface properties, radar frequency,
polarization and incident angle
(Wingham et al., 2006). Sigma0 values are taken
from the SRAL L1b data.

-

Waveform Width
(WW)

WW is defined as the number of range bins with their
power greater than 1% of the maximum power (see
(see Figure 2.1).

-

Leading-edge Width
(LeW)

LeW is defined as the bin width between 1% and 99%
of the maximum power value (see Figure 2.1).

-

Trailing-edge Width
(TeW)

TeW is defined as the bin width between 99% and 1%
of the maximum power value (see Figure 2.1).

-

Pulse Peakiness Left
(PPL)

PPL is a modified form of PP, where it only considers
only the three range bins on the left of the maximum
bin. This show the peakiness of the left side of the
waveform.

PPl = pmax∑
([pimax−3,pimax−1])

Pulse Peakiness Right
(PPR)

PPR uses three bins on the right side of the maximum
power to describe the peakiness of the right side of
the waveform.

PPr = pmax∑
([pimax+1,pimax+3])

Pulse Peakiness local
(PPloc)

PPloc uses three bins on the left and on the right
of the maximum power to describe the ’local’ peaki-
ness of waveform surrounding the maximum power.

PPloc = pmax∑
([pimax−3,pimax−1],[pimax+1,pimax+3])

Number of Peaks
(NrPeaks)

NrPeaks is found by counting the number of peaks
which have the peak prominence larger than 0.01
in the normalized waveform.

2.2.2. Study Areas and Dates
The selection of the specific tracks have been strongly dependent on the OLCI images, as only the cloud free
images can be used. The corresponding altimetry track has been laid over these images to further specify the
study areas. The resulting data stretches over a wide range of longitude and latitude (see Figure 2.2), which
consists of 35 different OLCI images and 18,242 waveforms in total. Note that these study areas are limited
up to 81.35◦ in latitude due to the orbital inclination of the Sentinel-3 satellite (98.65◦). The study focuses on
March and April for the winter seasons due to the polar nights and limited lighting conditions experienced in
other months.
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Figure 2.2: Areas to be studied in this paper; Sentinel-3A/3B altimetry tracks from March 2017 to July 2020.

2.2.3. Waveform Classifiers
This study has assessed a total of 12 classifiers, including nine different supervised machine learning classi-
fiers, two unsupervised machine learning classifiers, and one thresholding classifier.

2.2.3.1 Supervised machine learning classifiers

Supervised machine learning classifiers make use of labeled training data, which consist of input features
(waveform features) and their corresponding class (leads or sea ice). Supervised learning algorithms learn
from the training data through an iterative optimization of an objective function to build a mathematical
model (Mohri et al., 2012). The model is then also able to predict new input features, which are provided as
the testing data. The nine supervised learning classifiers which are analysed in this report and their hyper-
parameters to be tuned are presented in the following.

• Tree based classification
Tree-based classification methods have been widely used and showed promising results in many re-
mote sensing applications (Shu et al., 2020; Xu et al., 2014), including lead detection (Lee et al., 2016).
A decision tree model is the foundation of all tree-based models. In general, tree-based ensemble clas-
sifiers combine many classification trees for improved and robust prediction (Hastie et al., 2009). En-
semble tree classifiers, including bagging and boosting methods, are built with many decision trees in
parallel (bagging) or sequential (boosting) manner. This paper explores these three types of tree based
classifiers (decision tree, bagging and boosting), where two specific types of boosting methods are also
analyzed.

– Decision tree (DT) is expressed in a recursive partition of the input data in a tree-like structure
(Breiman, 2001). The trees are constructed beginning with a root and this is split down to the
leaves. The nodes represent ’tests’ based on the input features, a branch for each possible out-
come, and the leaves for the final class label. DT algorithms develop these ’tests’ or split condi-
tion, at each node such that the error of class labels is minimized and a meaningful relationship
between a class and the values of its features can be captured (Quinlan, 1986). Several splitting
criteria are used to evaluate the effectiveness of the split, in which Gini index and Information gain
are commonly used (Tangirala, 2020). The tuning parameters of this classifier include number of
splits and split criterion.
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– Bootstrap Aggregation (Bagging) is a simple and powerful ensemble technique. The model is
made by building many decision trees by random sampling with replacement, or bootstrapping,
from the original data set. The class of the test data set is determined by majority voting among
the outcome of these trees. This reduces the the sensitivity to a particular choice of the training set
(Breiman, 1996), i.e., it reduces variance and over-fitting. The tuning parameters include number
of splits, number of learners, and learning rate.

– Adaptive Boosting (Ada Boost) is an ensemble classifier which makes use of boosting technique.
Boosting technique attempts to iteratively improve the model and reduce the error of the com-
bination of ’weak’ learning algorithms (Freund and Schapire, 1999). AdaBoost in particular iter-
atively updates the weighted classification error depending on the mis-classified data points. In
contrast to the bagging classifier, boosting method increases the complexity of the model to pri-
marily reduce the bias (Breiman, 1996), that is, to reduce any under-fitting in the training data.
The tuning parameters include number of splits and number of learners.

– RUS Boost is a boosting method, often used specifically for when classes in training data is imbal-
anced. The method applies random under-sampling (RUS) which is a technique that randomly
removes samples from the majority class to improve the classification performances especially
for skewed (the classes in the data are unevenly represented) data sets (Seiffert et al., 2008). This
method can be promising due to the smaller number of lead classes compared to sea ice class in
the data set. The tuning parameters include number of splits, number of learners and learning
rate.

• Artificial Neural Network (ANN)
ANNs make use of a system of interconnected artificial neurons (processing units), which are inspired
by the process of neurons in biological brains. The system in ANN is able to modify its internal struc-
ture with respect to the objective function (Grossi and Massimo, 2007). Each of the neurons has its
own input and output, which allows them to communicate with other neurons and the environment.
Each neuron also has a function which transforms the global input to output. These neurons can be
organized into number of layers, depending on the data. Normally, the input layer has the amount of
input variables, which transfers information to one or more hidden layers in the ANN, then to the out-
put layer provides the results (Grossi and Massimo, 2007). ANN adaptively learns through the training
samples and it is known to have a very high tolerance to noise and incomplete data (Jensen, 2005). The
tuning parameters include number of layers, layer size, and the activation function.

• Naive Bayes Classifier (NB)
Bayesian classifiers formulate the conditional probability of each feature given its class label. The sam-
ples are then classified by applying Bayes’ theorem to compute the probability given a particular input
of the features to predict the class with the highest posterior probability (Friedman et al., 1997). Naive
Bayes (NB) classifier in particular is a constrained form of a general Bayesian network as it assumes a
strong probabilistic independence; all input features are conditionally independent to each other for a
given class label. This independence between the features is untrue in many real life problems, yet NB
classifier performs excellently in many applications (Friedman et al., 1997; Zygmuntowska et al., 2013).
The tuning parameters include the predictor distribution.

• Linear Discriminant (LD)
In Linear Discriminant Analysis, the original feature space dimension is reduced by projecting it to
a lower dimensional feature space. Then the algorithms aims to find an optimal set of discriminant
project vectors such that classes separability is maximized (Qin et al., 2005). If the predictors have a
singular covariance matrix, a diagonal covariance structure shall be used instead of using the covari-
ance matrix (MATLAB, 2020).

• Support Vector Machine (SVM)
Support Vector Machine (SVM) is the most widely used kernel learning algorithm, which the original
covariate are non-linearly transformed into a higher dimensional feature space. Then, an optimal hy-
perplane which separates and distinctly classify the data points are found (Xu et al., 2014). Different
kernel functions can be used in SVM implementation, namely, linear, polynomial, and Gaussian radial
basis function (Savas and Dovis, 2019). The tuning parameters include kernel function, kernel scale
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(scaling parameter for the input data), and box constrained level (penalty factor for misclassification)
(MATLAB, 2020).

• K-Nearest Neighbours (KNN)
K-Nearest Neighbors algorithm (KNN) finds the K number of closest data points that are closest to the
test point. Then the class of the testing point is decided based on a majority vote by the classes of the K
closest training data (Shen et al., 2017). In this study, KNN is also used for applying unsupervised algo-
rithms to the test data. The tuning parameters include number of neighbors (K) and distance metrics
which provides a measure of distance between a pair of points.

2.2.3.2 Unsupervised learning classifiers

Unsupervised machine learning algorithms do not require the input data to be labeled. They cluster the
data set based on their natural similarities described by the waveform features. During the training phase of
unsupervised algorithms, the waveforms are grouped into number of clusters and the user must label a class
to each cluster. Then, KNN is applied to the testing data such that each test waveform finds its closest labeled
clusters. This testing approach is adopted from the work of Dettmering et al. (2018) and Müller et al. (2017).

For this study, the following unsupervised learning classifiers are adopted.

• K-medoid

K-medoid classification is a partitional cluster algorithm for clustering unlabeled data into K clusters,
based on their different feature properties. In this algorithm, a representative element of a cluster is
chosen by looking for an element which has the minimal dissimilarities to all the elements in the clus-
ter; this is called the medoid of the cluster (Kaufman and Rousseeuw, 1987). The selection of cluster
size is the only tuning parameter.

• Agglomerative Hierarchical Clustering (HC)

Hierarchical clustering is another unsupervised clustering technique, in which every iteration the simi-
lar clusters are merged together. Initially, the individual samples are considered as one cluster, and will
merge with the other closest cluster until one cluster is formed. The linkage function which describes
the distance between any clusters be selected by considering for example the smallest, furthest or av-
erage distance between the objects in the two clusters (Nielsen, 2016). The tuning parameters include
cluster size and the linkage function.

2.2.3.3 Thresholding classification

Thresholding method simply sets threshold values to the waveform features (see Table 2.1) to classify the sam-
ples. This empirical method was commonly used in the earlier studies for lead detection (Laxon et al., 2013;
Peacock and Laxon, 2004; Rose et al., 2013; Schulz and Naeije, 2018). The thresholding values are typically
selected based on theoretical values or can be found via solving an optimization problem to maximize the
accuracy (Wernecke and Kaleschke, 2015). This study makes use of the latter, finding the optimal threshold-
ing values by means of random search. Each of the waveform features distributions were inspected to select
the initial range of values, then random search was used to find the optimal combination of the threshold
values. See Appendix A.2 for more details.

2.2.4. Validation Data Generation
There have been a significant number of publications devoted to image segmentation of remotely sensed
images (Shepherd et al., 2019). In the context of lead detection, Passaro et al. (2018) for example proposed
a dedicated adaptive threshold algorithm to create binary images from Sentinel-1A SAR images, allowing for
an automatic distinction between leads and sea ice. This paper makes use of K-means clustering, which is a
very effective and simple method for detection analysis (Hamada et al., 2019).

The study areas are divided into a number of smaller sections, in which the image segmentation is indi-
vidually applied to each of these sections using K-means clustering. These small sections are 0.6 ◦ in longitude
and takes ± 0.05 ◦ in latitude from the satellite track within the specified longitude range. Image segmenta-
tion performs better for smaller sections within the study area as it will be more sensitive to local radiation
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differences. Therefore, the results will not be affected by for example the different lighting conditions of the
extreme ends of the image or the presence of large clouds. Then, K-means algorithm with cluster size of two
(K= 2) is generated to produce a binary image, dividing the image to brighter and darker areas, with each pixel
depicting either ice or lead. The algorithm considers the radiance values of each of the pixels and allocate
them to the nearest cluster, while keeping the total distance to the centroids of the clusters minimal. Once
the image segmentation is completed, each altimetry point is assigned with a class that is determined by a
majority vote of the three closest pixels to the corresponding point. Three pixels are considered to determine
the class label since altimetry returns may show surface properties from the surrounding pixels, especially
when the altimetry measurement point is lying on the edge of a pixel. Furthermore, in order to make sure
that the altimetry measurement point in the edge of the sections have enough reliable pixels to determine its
class, there is an overlap of 0.1◦ in longitude between these sections.

Figure 2.3 shows an example of the segmented binary image (left) and its original image (right). This
method allows for an efficient and flexible application to different study areas since the image segmentation
relies on only the local radiance differences. This is advantageous as it can be applied to any study areas with
different lighting conditions without any adjustments.

Figure 2.3: Examples of binary images (a,c) after the image segmentation scheme and their original OLCI images (b,d). The green/black
line shows the Sentinel-3A ground track. The optical image (b) is taken on 15/04/2018 and (d) on 13/04/2019.

Figure 2.4: Example of radiance change of OLCI pixels along the altimetry track of Sentinel-3A. Data from 15/04/2018.
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Though the image segmentation method generally picks up the shapes of the leads correctly, there could
be mis-labeled pixels due to the irregular intensity of the radiance or the presence of small clouds. This can
result in undetected leads or over/under estimation of their sizes. Therefore, another method was added to
improve the reliability of the ground truth. The second method uses the changes of radiance along track
of the satellite nadir, which shows a constant fluctuation (see Figure 2.4). The model first identifies all the
maximum and minimum peaks in the radiance series. Then it relies on a certain percentage threshold that
is set (in this paper 2% was used), and if the minimum peak is smaller than this percentage of the maximum
peak, the points within the dip are considered to be leads. Addition of this second method is especially useful
to properly label the points that are close to the edge of the leads. It also helps to discard points that image
segmentation method was sensitive to (e.g. presence of small clouds). Consulting the results from both of the
methods, the altimetry points were only labeled if both methods agreed to be either ice or leads.

2.3. Experimental Set Up
2.3.1. Division of Data
The total data set is divided into different train/test sets such that the classifiers can be assessed for different
purposes and a complete understanding of the behaviour of the different classifiers can be gained. The spe-
cific description of these data sets are summarized in Table 2.2. Note that some data sets differ depending on
the algorithm that are analyzed (depicted with SUP, UNSUP, and THR for supervised-, unsupervised machine
learning and thresholding methods, respectively). General performance during the winter (March/April) sea-
sons is our primary interest, and this is analyzed using the D-01 data set. Temporal and spatial biases in the
winter seasons are also studied with D-02 and D-03 data sets, respectively. The summer performances are
studied with D-04 data set, and the influence of the presence of off-nadir leads are studied with D-05 data set.

It must be noted that the purpose of analyzing the temporal and spatial biases is to understand whether
the trained data could be applied to test data from another year or another study area. This has a practical
relevance to the supervised machine learning algorithms because ground truth data might not be available
for those regions/dates. Therefore, this specific data set division is only made for the supervised learning
classifiers. In contrary, unsupervised learning and thresholding classifiers do not require any labeled data,
therefore the algorithm is simply applied to the test data set, such that their performances can be compared
to supervised learning classifiers.

Table 2.2: Table showing division of total data depending on their purposes.

Name Description Purpose

D-01
Randomly takes 80% data for training and 20% data for

testing from the March/April data set from 2017 to 2020.

Evaluate the general performance

of the classifiers.

D-02

SUP: uses 2017 March/April data set as training data to

test the rest of March/April data set from 2018 to 2020.

UNSUP/THR: Apply algorithm to the test data set.

Analyze possible bias in the yearly data.

D-03

SUP: Uses data from below 80°N and between 150°E

- 240°E as training to test data lying above 80°N and

between 120°E - 150°E.

UNSUP/THR: Apply algorithm to the test data set.

Analyze possible bias in the study areas.

D-04
Randomly takes 80% data for training and 20% data

for testing from the summer data set from 2020.

To evaluate classifier performances on

summer seasons.

D-05

Manually selected study areas with off-nadir leads

presence (data from 31/03/2017, 07/04/2017,

14/04/2020, 15/04/2020). Off-nadir leads are manually

labeled as an additional class. All data are trained and 5-

fold cross validation is applied for assessing the results.

To evaluate the influence of off-nadir

leads on the classification performances.
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2.3.2. Classification Assessment
The classification performances can be assessed in different ways. This paper focuses on using the overall
accuracy, True Lead Rate (TLR), False Lead Rate (FLR) and Receiver Operating Characteristic (ROC) graphs to
assess the different classifiers.

Firstly, the overall accuracy is simply defined as the number of total correct classification over the total
number of data. The majority of this paper deals with binary classifications. The binary classification out-
come can be one of the following. If the classifier correctly predicts a sample to be ice, it is called a True Ice.
If ground truth suggests otherwise this is a False Ice. Similarly, if the classifier correctly predicts a lead, it is
a True Lead and otherwise it is a False Lead. Therefore, the overall accuracy can be also described as (True
Lead + True Ice) / total number of samples.

True Lead Rate (TLR) represents the number of correctly detected leads over the number of ground truth
lead samples (Equation 2.1) and False Lead Rate (FLR) is the number of leads mis-classified as ice over the
number of ground truth ice samples (Equation 2.2). Many studies use FLR and TLR to assess the perfor-
mance (Wernecke and Kaleschke, 2015), as these parameter effectively describe what must be optimized in a
classifier; TLR must be maximized while FLR being minimal.

TLR = TrueLead

TrueLead+FalseIce
(2.1)

FLR = FalseLead

FalseLead+TrueIce
(2.2)

The assessment parameters for ONL analysis (D-05) are slightly adjusted as it involves three classes. First,
the True ONL Rate is introduced by computing the correctly predicted ONL over the total ONL from the
ground truth. TLR still holds from the binary classification; it is the correctly predicted leads over the total
ground truth leads. Finally, False Lead is computed by adding the total falsely predicted leads (predicted as
leads but ground truth shows either ice or ONL). To be consistent when comparing the 3-class and the binary
models the number of False Lead will be divided by the total number of waveforms such that a % fraction of
mis-predicted leads can be computed. This value is called as FLRONL in the context of ONL analysis. FLRONL

is the value that is most concerned in the ONLs analysis as it is aimed to reduce the falsely predicted leads by
introducing an additional class.

Finally, Receiver Operating Characteristic (ROC) graph is used for visualizing and evaluating classifiers
based on their TLR and FLR values. ROC graphs effectively show the trade-off between the TLR and the FLR.
Also, its area under the curve (AUC) provides the overall performance measure. AUC value of 1.0 suggest a
perfect classifier, whereas a diagonal line between (TLR, FLR) of (0%,0%) and (100%,100%) with an AUC value
of 0.5 is equivalent to random-guessing. It must be noted that it is possible for a classifier with high AUC value
to perform worse in specific regions of ROC curve compared to a low AUC classifier (Fawcett, 2006).

ROC graphs can be generated in different ways. Supervised learning classifiers generates a ’score’ or pos-
terior probability for each sample, which describes the probability of that sample belonging to one of the
classes. A certain threshold value is then applied to the score to generate predictions. ROC graphs effectively
show the classification results depending on the choice of this thresholding value (Fawcett, 2006). On the
other hand, ROC graphs for unsupervised learning and thresholding classifiers can be generated by changing
the dominant input parameters. This approach has been taken for example by Dettmering et al. (2018) and
Müller et al. (2017), where the cluster size was changed to generate a ROC graph for K-medoid classifier.

As falsely detected leads result in a bias in SSH estimation, low FLR values are desired. Therefore in this
paper, classifiers are evaluated with a focus in the low FLR region (<5% ).

2.3.3. Experiment Overview
An overview of the experiment conducted in this paper is presented as a flowchart as see in Figure 2.5. Each
item in the chart are discussed briefly in the following.

Firstly, the classification methods are defined by finding the optimal input settings including waveform
features, (hyper)parameters and thresholds. Previous studies (e.g. Lee et al., 2018; Shen et al., 2017) have
demonstrated the profound impact of using different combination of waveform features on the classification
performances. Other input (hyper)parameters of the classifiers also have influence on their performances.
An iterative procedure was taken to define these input parameters and settings. The (hyper)parameters were
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Figure 2.5: Flowchart showing the workflow from model definitions of the classifiers to assessing the classification performances for
different study cases

first optimized by using all of the waveform features. Then, using these optimized (hyper)parameters, a com-
bination of waveform features were selected by running the classifiers with one waveform feature at a time to
understand the individual classification potential. For a fair comparison between the classifiers, this paper
aims to select to a combination of waveform features which is beneficial to most of the classifiers and adhere
to it when comparing the classifiers. Once the waveform features are selected, the classifiers are tuned again
to maximize their performances. This iterative procedure is concluded as the relative performances of the
classifiers stabilized. These input settings (combination of waveform features, parameters and hyperparam-
eters) are kept constant throughout the study.

Then, a preliminary comparison of the classifiers is conducted based on their general performances, us-
ing the training results of D-01 data set. This stage aims to reduce and narrow down the number of classifiers
to be compared, if some classifiers are found to clearly perform worse than the others.

The analysis of general classification performance in winter seasons, their spatial and temporal biases,
and the seasonal analysis (D-01 to D-04) undergo similar training and testing process. During the training
phase, the supervised machine learning algorithms (SUP) are trained with labeled data set provided by the
OLCI ground truth. This study makes use of an internal 5-fold cross-validation technique to reduce over-
fitting. Cross-validation technique takes a full advantage of the available training data by repeatedly produc-
ing training and testing sets within the data (Hand, 1997). In a 5-fold cross validation, the data set is randomly
divided into five subsets, of which four of them will act as the training set and the remaining one will act as a
testing set to estimate the performances. This is repeated five times, and the final performance score is found
by averaging of the five testing sets (Xu et al., 2014). To conclude the training phase of the supervised machine
learning classifiers, optimal operating points (OOP) of their ROC graphs are computed. OOP of a ROC is an
optimal point when considering the trade-off between the true positive (TLR) and false positive (FLR). OOP
is computed by first finding the slope S,

S = CF L −CT I

CF I −CT L
∗ L

I
(2.3)

where C is the misclassification cost of false and true lead (FL, TL), false and true ice (FI, TI), which can
be adjusted depending on which error should be penalized more. This study uses misclassification cost of
CF L =CF I = 1 and CT L =CT I = 0, making the slope simply S = L

I . L and I are number of the ’actual’ lead and
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ice samples seen by the ground truth (L = T L +F I , I = T I +F L). This slope is used to create a straight line
from the upper left corner of the ROC plot, until it intersects a point in the ROC curve, depicting the optimal
operating point (Metz, 1978). Supervised machine learning classifiers then apply the trained model and the
threshold found by OOP to the testing data set.

The training phase for the unsupervised machine learning algorithms (UNSUP) consists of applying the
algorithm to find the clusters, then users labelling a class to each cluster. During the testing phase, K-Nearest
Neighbour algorithm is applied to the testing waveform data such that each sample finds its closest labeled
cluster.

The off-nadir lead (ONL) analysis (D-05) takes a unique approach. This analysis uses a manually gen-
erated ground truth including an additional class, "off-nadir leads". This was done by only converting the
original sea ice class of ground truth to ONL class, if ONL was present. The point was identified as ONL only if
the lead was within the across track footprint of SRAL (1.64km) (Kittel et al., 2021). In this analysis, the results
of 3-class model are compared among the different classifiers but also to the results obtained by the binary
model. The ground truth generation resulted in the 3-class model to have 2,537 ice class, 590 lead class, 151
ONL class, and a total of 3,278 waveforms. Whereas the binary class contains 2,683 ice class, 590 lead class
and a total of 3,273 waveforms. Because of the limited data size, a 5-fold cross validation is used to evaluate
their performances. Note that this analysis is conducted only for supervised machine learning as it aims to
find unknown waveform features, and this is not possible with the unsupervised learning since a user-based
selection must be made. It is expected that by adding another class for ONLs, points which were previously
falsely detected as leads (but ground truth is ice with presence of ONL) in the binary model can be predicted
as ONL class. If this is successful, the number of false lead can be reduced.

2.4. Results and Discussions
2.4.1. Ground Truth Data
Applying the method described in Section 2.2.4, ground truth data for all the study areas presented in Section
2.2.2 have been generated. A total of 14,723 waveforms were generated, in which 11,762 sea ice and 2,961
leads were found.

Figure 2.6: Validation data generated by the presented validation process, combining the image segmentation method and the analysis
radiance changes. Red points depict leads whereas the blue points depict sea ice. (A) and (B) shows the zoomed view of the areas shown

in the left image.
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An example of the final product of the ground truth data is shown in Figure 2.6, where red and blue points
depict leads and sea ice, respectively. It can be seen that the points are successfully labeled according to the
OLCI image. The zoomed figures (A) and (B) also show further details of the image and the corresponding
labeled data. The track show some sparse areas; these are the points which were rejected and unlabelled due
to either the presence of (small) clouds or points that the two ground truth data generation methods did not
agree with the class label (see Section 2.2.4 for more details). Through the ground truth generation process, a
total of 3,519 waveforms out of the original 18,242 waveforms have been rejected. These generated validation
data will be used for training the supervised learning machine learning classifiers and also be used as the
validation data to assess the classifiers.

2.4.2. Selection of Waveform Features
As described in Section 2.3.3, the individual classification potential of the waveform features were studied.
The resulting accuracies of all classifiers trained with each of the waveforms are given in Table 2.3. The pro-
duced accuracies are generally high, with most of the waveform features producing more than 80% accu-
racy for most of the classifiers. However, the unsupervised learning classifiers (K-medoid and HC) obtained
substantially lower accuracies when using LeW, sigma0, PPL, PPR, and NrPeaks. HC classifier also did not
perform well when using kurtosis. It is seen that using WW, PP, PPloc, skewness, and MAX, produces high ac-
curacies for all of the classifiers. Though TeW has achieved a high average accuracy, it has not been selected
due to the relatively low accuracy produced by the K-medoid classifier.

Additionally, most of the supervised learning classifiers produced very similar results when using NrPeaks
(79.8%). In fact, the classifiers which produced this accuracy predicted all of the waveforms to be sea ice,
i.e. obtained 0% TLR. Because NrPeaks can only have discrete integer values, it is not a suited feature for
machine learning algorithms. Previous studies which used NrPeaks were thresholding based classifications
(Bij de Vaate, 2019; Schulz and Naeije, 2018).

Based on this result, the waveform parameters which will be utilized in the following analyses are WW,
PP, PPloc, skewness, and MAX, as they resulted in relatively high overall accuracies for all of the classifiers.
Though other waveform feature combinations may be beneficial for some of the classifiers, it has been seen
that the relative performance of the classifiers remains approximately constant (see Appendix A.3 for more
details).

2.4.3. Tuning Machine Learning Classifiers
Once the waveform features to be used in this study were selected, the classifier models were finalized by
selecting their algorithm input settings. Though this tuning process varied per classifier, ROC graphs were
mainly used to help visualize the correctness of the classifiers. Table 2.4 shows the list of (hyper)parameters
used in each of the classifier.

2.4.4. Training Results and Model Selection
The preliminary assessment of the classifiers were done by analysing the training results of their general win-
ter performances, given by the D-01 data set. The result of the training phase are evaluated by the 5-fold
cross validation and the resulting ROC graphs are shown in Figure 2.7. For visual clarity, the ROC curve of
the classifiers are divided into tree-based classifiers (left) and non tree-based classifiers (right) in Figure 2.7.
From the tree-based classifiers, it can be seen that Ada Boost, Bagged and RUS Boost classifiers show very
similar results throughout the curve. However, DT classifier show lower TLR values throughout the curve,
showing that it performs worse than the other tree-based classifiers. Consulting the ROC curves obtained by
the non-tree based classifiers, it is seen that most classifiers produce very similar results in the region where
FLR values are 3 to 5%. However, for lower values of FLR, the classifiers performances differ. SVM classifier
clearly performs worse compared to the rest, producing very low TLR values for a given FLR value. KNN and
ANN classifiers have higher TLR values for the very low FLR regions, outperforming the NB and LD classi-
fiers. Given this preliminary analysis of the supervised learning classifiers, this study will focus on Ada Boost,
Bagged, RUS Boost, KNN, ANN, NB and LD supervised learning classifiers in the further analysis, as DT and
SVM clearly showed worse performances in this preliminary analysis.
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Table 2.3: Training accuracies (in %) of classifiers trained with a single waveform parameter. The bold numbers show the waveform
parameters with the best performances.

AdaBoost Bagging KNN SVM DT NB LD ANN RUSBoost K-medoid HC Average

MAX 88.76 88.76 88.84 88.96 88.18 88.92 88.93 88.92 88.76 83.41 82.86 87.85

Kurt 87.84 87.78 87.83 88.06 87.06 88.07 88.05 88.07 87.85 86.57 49.50 84.55

Skew 89.04 89.05 88.95 89.08 88.40 89.05 89.06 89.06 89.00 87.59 88.39 88.81

PP 90.79 90.82 90.90 91.01 90.25 90.97 90.98 90.98 90.82 90.68 90.67 90.82

WW 91.02 91.00 91.05 91.10 90.99 91.10 91.10 91.10 91.03 90.93 90.84 91.03

LeW 85.82 85.82 85.82 85.82 85.82 79.88 85.82 85.82 85.82 20.91 28.46 75.14

TeW 88.38 88.38 88.38 88.38 88.38 88.38 88.38 88.38 88.38 71.28 86.45 86.79

sigma0 81.58 81.97 81.36 81.50 81.63 81.51 81.50 81.52 81.89 23.72 20.60 71.69

PPL 86.35 86.45 86.50 86.52 85.65 86.52 86.55 86.47 86.38 43.60 20.18 77.30

PPR 87.53 87.56 87.72 87.79 86.96 87.76 87.80 87.82 87.61 70.48 20.17 80.58

PPloc 90.32 90.48 90.41 90.49 89.89 90.49 90.49 90.46 90.50 89.79 90.26 90.34

NrPeaks 79.8 79.8 79.8 79.8 79.8 79.8 79.8 79.8 44.3 59.10 70.22 73.8

Table 2.4: Final input settings of the classification method.

Classifier Settings

DT Maximum number of splits = 100, Split criterion = Gini index

AdaBoost Maximum number of splits = 100, Number of learners = 30, Learning rate = 0.1

Bagging Maximum number of splits = 11777, Number of learners = 30

RUSboost Maximum number of splits = 20, Number of learners = 30, Learning rate = 0.1

ANN Fully connected layers =1, Layer size = 10, Activation = Relu, No regularization

KNN Number of neighbors = 100, Distance metric = Euclidean

LD Covariance structure = Full

NB Predictor distribution = Gaussian

SVM Kernel function = Gaussian, Kernel scale = 0.56, Box constrained level = 1

Kmed Cluster size = 15

HC Cluster size = 40, Linkage = farthest distance

Threshold Classify as leads if MAX>4000, PPloc > 0.55, WW<40, PP>0.3, skew>7. Else: sea ice.



22 2. Journal Article

Figure 2.7: ROC graph of 9 supervised learning classifiers after 5-fold cross validation during the training phase. Tree based algorithms
(left) and the other algorithms (right) are plotted separately for better visual interpretation.

As described in Section 2.3.3, unsupervised learning classifiers produce clusters of waveforms, where the
users must manually label the cluster with a class. An example of the resulting cluster of K-medoid cluster
with K=15 is shown in Figure 2.8. It is well known that waveform returns of leads show single-peak waveforms
with high power and narrow shape, whereas returns from sea ice have more diffuse scattering, resulting in
weaker power and show no clear peaks (Müller et al., 2017). Based on this knowledge, the users can label
the clusters. However, it must be noted that some clusters show rather ambiguous returns such as in cluster
number 10 and 12. Their dominant feature is narrow specular returns, but weak and noisy returns can also be
observed. If a very conservative result is desired, one must select clusters that are clearly showing lead class,
such as cluster number 2, 11 and 13. The more clusters that seem ’ambiguous’ are selected, higher TLR may
be achieved, but at a cost of increasing the FLR. This could be one of the biggest disadvantage of unsupervised
learning in the context of this application, that the outcome is highly dependent on human decision-making.

For unsupervised learning classification methods, ROC graph has been produced by changing the num-
ber of cluster sizes as it is the dominant influential parameter. For both K-medoid and hierarchical clustering
classifiers, their resulting TLR and FLR are shown in Figure 2.9, depending on the input clustering size. One
can observe that the results differ significantly depending on the cluster size for both classifiers. If a small
cluster size is selected, the number of samples per cluster increases and the probability for correct classifica-
tion decreases (Dettmering et al., 2018), suggesting that the clustering is too coarse. This is for example seen
for K=5 for both of the classifiers, where it resulted in very high FLR values, indicating an over-detection of
leads. This in fact is in line with the findings of Dettmering et al. (2018). For larger cluster sizes (K>5), the re-
sults change less significantly in the region of FLR values between 3 and 6 %, and there is no clear correlation
between the cluster sizes and the classifier performance.

Interestingly, HC classifier produces exact same results for some of the clustering sizes (e.g, K=5,10 or
K=15,20,25,30), as seen in Figure 2.9. As HC algorithm creates a cut on a fixed dendrogram to produce the
given number of clusters, it is possible that after manual selection of the clusters, the selected waveforms are
exactly the same as to other cluster sizes. This results in producing the same FLR and TLR values even with
different input of number of clusters, which makes this classifier inflexible. On the other hand, K-medoid
classifier shows more diverse results with different range of FLR and TLR.

Finally, considering the AUC of the ROC curves presented in Figure 2.9, K-medoid classifier show better
results consistently obtaining higher TLR values compared to HC classifier. Therefore, K-medoid classifier
will be the focus for the following analyses.
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Figure 2.8: Example of waveform clusters provided with K-medoid classification, K=15.

Figure 2.9: ROC graph of two unsupervised learning classifiers (K-medoid and Hierarchical clustering) with different number of cluster
sizes, during the training phase.
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2.4.5. Classification Performances during the Winter Months (D-01 to D-03)
The classification performances obtained with test data set of the winter months are provided in Table 2.5,
showing their specific overall accuracy, TLR, and FLR values. These values are also presented in an ROC graph,
as seen in Figure 2.10. Result from each classifier can be distinguished by the different shapes, whereas the
black, blue and green colors depict the results of the general performance (D-01), the analysis of using train-
ing data from another year (D-02), and the analysis of using training data from different areas (D-03), respec-
tively. As discussed in Section 2.3.2, points that are closer to the top-left corner (FLR=0% and TLR=100%) in
an ROC graph are favored. To better understand and visualize the relative performances of the classifiers, the
best performing points are connected, to create an optimal front.

Table 2.5: Accuracies, TLR and FLR (in %) of classifiers tested in different data sets to assess its general performance (D-01), influence of
training with data form other year (D-02) or other study area (D-03), and using data set from summer months (D-04)

D-01 (general performance) D-02 (yearly bias) D-03 (spatial bias) D-04 (summer months)

Accuracy TLR FLR Accuracy TLR FLR Accuracy TLR FLR Accuracy TLR FLR

AdaBoost 91.75 71.79 3.31 91.39 67.8 2.55 91.57 61.58 2.9 67.61 13.6 6.51

Bagged 90.86 68.89 3.69 89.92 63.97 3.41 91.23 63.42 3.65 65.9 33.3 18.49

RUSboost 89.68 83.25 8.73 87.52 86.77 12.29 90.34 79.19 7.6 58.24 61.84 43.49

ANN 91.51 70.06 3.31 91.3 68.66 2.88 91.65 62.08 2.9 67.47 29.82 14.5

KNN 91.85 72.65 3.39 84.86 64.18 9.83 91.99 63.76 2.81 67.9 11.84 5.25

NB 91.38 75.04 4.58 91.58 77.33 4.75 92.04 70.3 3.96 64.76 25.58 15.74

LD 91.82 67.69 2.2 91.48 66.9 2.19 91.83 57.4 1.82 68.62 16.74 5.56

Kmed 91.51 67.35 2.5 90.64 60.18 1.56 92.74 70.21 3.33 41.48 93.42 83.4

Threshold 89.78 55.38 1.69 89.84 56.59 1.62 91.08 52.52 1.82 49.57 81.14 65.55

In order to understand the relative performances, it is useful to see how close the points are to this op-
timal front. Furthermore, one could also compare the TLR of the classifiers which have similar FLR values.
For example, consulting the general performance (D-01) results, it can be seen that the result obtained by
KNN classifier outperforms AdaBoost, ANN and Bagged classifiers, as KNN obtains higher TLR than these
classifiers, while they all obtain similar FLR values.

First, the differences between the classification performances among the different case studies are dis-
cussed. It can be seen that the general performance (D-01) of the classifiers are mostly closer to the optimal
front, especially when compared to the other case studies (D-02 and D-03). For example the general perfor-
mance results (D-01) of KNN and LD are part of the optimal front, while Ada Boost and K-medoid classifiers
are also producing results very close to the optimal front. Interestingly, most of the supervised learning clas-
sifiers do not suffer significantly when they are trained with data set from another year (D-02). Classifiers
such as NB and RUS Boost are even part of the optimal front, while LD also remains very close to it. However,
KNN performs poorly when trained with data set from another year, as the resulting point is very far from
the optimal front especially when comparing to its general performance result. Lastly, despite the the overall
accuracies remained approximately the same from the general performance (see Table 2.5), the supervised
classifier’s result from the spatial bias analysis (D-03) generally moved away from the optimal front, especially
when comparing to the other case studies (D-01, D-02). This suggests that the classifiers obtain worse per-
formance; higher FLR and lower TLR values, when they are trained with data set from different study areas.

Through this comparison between the three case studies, it is seen that the supervised learning based
classifiers perform better if the training data is from the same data set as the testing data. The effect of using
training data from a different year does not necessary worsen the performances, but using data set from a
different study area may worsen the performances slightly. Though the worsening of these performances
are not significant, using K-medoid classifier would be favorable in case ground truth is not available, as its
performance is not affected by the change of the training data set.

RUS Boost classifier obtains results that are close to the optimal front for the three case studies, however
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Figure 2.10: ROC graph showing the results of the classification performances in the winter months. Each classifier can be
distinguished by the different shapes, whereas the black, blue and green colors depict the results of the general performance (D-01), the
analysis of using training data from another year (D-02), and the analysis of using training data from different areas (D-03), respectively.

its very high FLR value is undesirable for lead detection for SSH estimation purposes. RUS Boost classifier
obtains these high FLR and TLR values as this algorithm opts to increase the correct classifications for the
minor class (Seiffert et al., 2008), leading to higher TLR but at the cost of increasing the FLR. It is also inter-
esting that the thresholding method shows a very conservative results (low FLR). It has been seen that the
threshold values derived by Laxon et al. (2013) tend to over-detect leads (Lee et al., 2016). However, as long
as the ground reference is known, the thresholding classifier can be a very flexible classifier by consulting
the class distribution for different waveform parameters and adapting different thresholding values. Further-
more from this result, KNN classifier produced very unpredictable results. While KNN classifier produced
one of the best results for the general performances and showed marginal bias for spatial analysis (D-02), the
performance for temporal bias analysis worsened significantly. Therefore, KNN classifier might not be the
best suited classifier for lead detection as its performance could be significantly influenced by different data
sets. Furthermore, it is seen from the ROC graph that threshold classifier and bagged classifier consistently
performed worse compared to the others as they do not produce high enough TLR for a given FLR value, for
all of the case studies.

It is not straightforward to conclude which classifier is best suited for lead detection in the winter seasons,
however with the help of the different case studies, it is found that some classifiers are preferred over others
for different circumstances. K-medoid classifier consistently performed well, producing results that were
close to the optimal front for all of the case studies. Because k-medoid classifier does not rely on the ground
truth label and only considers the altimetry data, any spatial and temporal biases that may be associated with
supervised learning can be fully avoided. Therefore, if the ground truth data is unavailable for the testing
area, using k-medoid classifier will be the most suited. If the ground truth is available, supervised learning
classifiers such as AdaBoost, LD or ANN may be preferred over the k-medoid classifier, as their resulting
points were slightly better. However, this distance is very minimal and the results may change depending on
the data set.
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2.4.6. Performance during the Summer Months (D-04)
The last three columns in Table 2.5 show the overall accuracies, TLR and FLR obtained by all of the classi-
fiers for the summer months, described by the data set D-04. These values are also presented in an ROC
graph, as seen in Figure 2.11. The figure also presents all the results from D-01 and D-03 (as shown in Fig-
ure 2.10) in gray markers, for comparison. The diagonal line in the ROC graph connecting (FLR,TLR) = (0,0)
and (FLR,TLR) = (100,100) depicts a line for AUC=0.5, which is equivalent to random guessing (Fawcett, 2006)
(see Section 2.3.2). Therefore, any points lying right-bottom compared to this line is considered to be worse
than a random classifier.

The results of the classifiers all show very high FLR values (above the 5% limit). The classifiers either do
not detect enough leads (too low TLR) or over-detect them (too high FLR). It is also immediately clear from
the ROC graph that these classifiers are not producing results as accurately as they did for the winter seasons
(D-01 to D-03). The points also lie very close to the diagonal line depicting a random guessing classifier.

Figure 2.11: ROC graph showing the results of the classification performances in the summer months, in blue markers. Results from the
winter months (D-01 to D-03) are also presented in gray markers, for comparison. Each classifier can be distinguished by its marker

shape.

The worsening performances in the summer months is believed to be due to two reasons. Firstly, the
majority of the altimetry waveform returns show specular returns even if the ground truth suggests that they
are sea ice. The presence of melting ponds or smoothed layer on top of the ice due to the melting can be the
cause of this increase in specular returns during the summer months. Secondly, the distinction between leads
and sea ice from the OLCI images are more difficult during the summer. This is also thought to be caused by
the presence of melt ponds and the layer of water on top of the sea ice which could influence the radiance
retrieved by OLCI images.

An example of the OLCI image and the waveform returns from their corresponding points seen in Fig-
ure 2.12 support these arguments. The points which are classified as sea ice on the OLCI image show very
specular reflections (a,b,c). The ground truth considers (i,ii) as leads, in which the waveform return of (i)
agrees to. However, waveform from (ii) is not specular but rather diffuse. This could be due to the presence
of waves on the water or small ice floes with sizes of below the resolution of OLCI image. The waves on wide
leads were uncommon in the winter seasons, but the thinner surrounding ice and more inter-connected open
water could allow larger waves to be in the open water, resulting in diffuse returns during the summer season.
Furthermore, OLCI image show unevenness in color on the sea ice. This can cause the ground truth to be in-
accurate as well. The slightly darker areas may suggest that there is a melt pond, but this must be confirmed
with images or sensors with higher resolution.
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In conclusion, detection of leads in summer using waveform altimeter or images from OLCI performs
poorly and an alternative method must be found. The sole usage of OLCI image to detect the sea ice openings
could possibly be done, however further elaboration on the image segmentation algorithm is needed. Even
if the usage of OLCI image for lead detection during summer can obtain high accuracy, the lead detection in
summer with Sentinel-3 still comes with difficulty as the Sentinel-3 latitude coverage is limited while the ice
sheets extent continues to shrink and exists only in higher latitudes.

Figure 2.12: Left image: Sentinel-3B ground track on OLCI image taken on 07/07/2020. The validation data consider red points (i, ii) as
leads and blue points (a,b,c) as sea ice. Right: L1-b waveforms from the corresponding points seen in the OLCI image.

2.4.7. Influence of Off-nadir Leads (D-05)
Finally, the influence of the presence of the off-nadir lead (ONL) is analyzed by adding another class to the
analysis of supervised machine learning classifications. Figure 2.13 shows an example of a confusion matrix
of RUS Boost classifier once ONL class is introduced. The numbers show the total prediction made per class
over the given ground truth class. The % values show the fraction of the number of predicted class over the
given ground truth class (each row sums up to 100%). The most important information that can be extracted
from this confusion matrix is the True ONL Rate, TLR, and FLRONL (see Section 2.3.2 for definitions), and
these are used to effectively compare the different classifiers. False leads (sum of cells with blue boundaries of
Figure 2.13) and its fraction over the total number of waveforms (FLRONL) is the value that is most concerned
in this analysis because by introducing the ONL class, it is aimed to reduce the total falsely predicted leads
such that a potential bias in the SSH estimation can be reduced.

This analysis was conducted for other classifiers and their results are summarized in Table 2.6. Firstly,
most of the classifiers were not able to detect majority of the ONLs. KNN and LD classifiers did not predict
a single ONL. RUS Boost classifier was an exemption, detecting 60.26% of the ONLs. This is due to its algo-
rithm which aims to alleviate the problem of class imbalance as discussed in subsubsection 2.2.3.1, hence it
can detect more ONLs than others. However, this comes at a cost of lowering the TLR values. Although NB
classifier did not detect as many ONL as RUS Boost, it also obtained a relative high ONL rate reaching 44.68%
of the total ONLs.

When comparing the binary class models and the 3-class models, the performance differences varied
depending on the classifier. The difference in TLR and FLR were also different per classifier, either effecting
the results positively (green) or negatively (red). Interestingly, the two classifiers which had a higher detection
rate of the ONL (RUS Boost and NB classifiers), were the only two classifiers that decreased their FLRONL as
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Figure 2.13: Confusion matrix of RUS boost classifier, 3-class model.

compared to the binary model. The most significant change in results between binary and 3-class model was
also seen in RUS Boost and NB classifiers, where the TLR dropped up to 17.66% and the FLRONL also dropped
2-3%.

In conclusion, many classifiers are not able to detect ONLs when applying an additional class in the
training data set of the supervised machine learning classification scheme. Simply adding another ONL class
does not imply that the number of falsely predicted leads can be reduced. However, it has been seen that the
two classifiers which had high ONL detection rate had a significant drop in the number of falsely predicted
leads. It is unknown whether this relations always stands as the sample size of this study is too small, however
this is an interesting point for future studies.

Since RUS Boost can best predict the ONLs, it could also be used to reject the ONLs in the beginning of
the analysis if a more conserved lead detection is desired. However, there needs to be more research into the
general waveform features of the ONLs and to improve its prediction accuracy.

Table 2.6: Results of classification performances of the supervised learning classifiers for the off-nadir leads analysis, given by D-05 data
set. Results from both 3-class model and the binary model are shown, where the difference of their TLR and FLRONL are also presented.
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2.4.8. Comparison to Other Studies
The results obtained in this paper cannot be directly compared to the results from the previous studies due to
their different input data (e.g, different satellite, instruments, study dates and study areas), different settings
of the classifiers, or the different ground truth that was used for validation. However, it is still interesting to
compare the similarities and differences to the findings of this paper.

Figure 2.14: ROC graph showing classification results from previous studies and general performance (D-01) results obtained by this
paper.

For example, Lee et al. (2016) also applied tree-based supervised machine learning classifications; deci-
sion trees (DT) and random forest (RF), on SAR altimetry data from CryoSat-2 for lead detection, and vali-
dated them with MODIS images taken by the Terra and Aqua satellites. These results are presented in a ROC
graph (in blue square and x markers) together with the winter general performances obtained from this pa-
per (gray markers) in Figure 2.14. The classification results obtained by Lee et al. (2016) show extremely high
accuracies and high TLR values compared to results obtained in this paper. However thee TLR and FLR val-
ues are validated only with 239 waveforms, hence it is possible that the classifiers have been over-fitted to
this small study area. Their findings also show that ensemble tree classifier outperforms DT classifier as it
obtained lower FLR for similar TLR values, which agrees to the findings of this study.

Dettmering et al. (2018) studied the classification performance of unsupervised K-medoid classifier, us-
ing CryoSat-2 altimetry data and validated with images taken from the NASA Operation Ice Bridge mission.
The ROC curve is also shown in Figure 2.14 in red. The resulting accuracies found by them were significantly
lower than the result of the K-medoid classifier seen in this study. This may be due to the fact that the reso-
lution of the validation image was 1 m (Dettmering et al., 2018), as compared to the 300 m resolution of OLCI
that was used in this paper. This allows for more narrow leads to be found, which can possibly increase the
number of falsely predicted leads.

Furthermore, the results obtained by Wernecke and Kaleschke (2015) who classified CryoSat-2 altimetry
data using threshold optimization and validating them with MODIS images taken by Terra and Aqua are also
presented in Figure 2.14. Note that Figure 2.14 show the ROC curve of the best performing classifier, using
MAX. Their TLR and FLR values are comparable to the results from this study, however they obtain slightly
lower TLRs in the region of 2 - 5 % FLR. Their results are also slightly worse compared to the result obtained by



30 2. Journal Article

the threshold classifier from this paper, however this difference is minor, and it could be due to the differences
in the study areas (Wernecke and Kaleschke (2015) only validated the data in the Beaufort Sea region).

By simply consulting the results from the past studies shown in Figure 2.14, one may conclude that RF
classifier is the best and K-medoid classifier is not suitable for lead detection based on their TLR / FLR values.
However, in order to fairly assess these classifiers, they must be compared with the same input and valida-
tion data, and this paper has successfully compared the classification performance of three different types of
classifiers (supervised-, unsupervised machine learning and thresholding method) in order to gain broader
understanding of the performance difference in the classifiers and identified the most suited classifiers for
lead detection.

2.5. Conclusions and Future Work
This paper aimed to assess different classification methods for lead detection in the Arctic Ocean using
Sentinel-3 SRAL altimetry data. The paper assessed nine supervising machine learning algorithms, two unsu-
pervised machine learning algorithms and a threshold classifier to study areas from a wide range of latitudes
and longitudes. This provided a complete understanding of the performance of different classifiers, and their
behaviours depending on the different case studies. The paper also proposed an automatic validation process
using OLCI images to effectively analyze these large study areas. The method made use of K-means image
segmentation and analysis of the changes in radiance values of OLCI image pixels along track of Sentinel-3
satellite. This novel approach of using OLCI image for validating SRAL altimetry waveform classification in
the context of lead detection, ensures a perfect temporal resolution between the two data.

This study demonstrated successful classifications from March and April in the years of 2017 to 2020.
Classification results varies on many factors and hence the classifier shall be selected considering the con-
dition and the purpose of lead detection. Overall, AdaBoost, LD and ANN classifiers from the supervised
machine learning showed the most robust and excellent result throughout the analysis. However, supervised
learning requires labeled training data hence ground truth of the study area must be readily available. This
study showed that applying a training data from another study area or year has slightly worsened the per-
formances, hence this is not recommended. The unsupervised machine learning K-medoid classifier on the
other hand, does not require the ground truth data and consistently showed excellent results. This makes
this classifier extremely attractive, as producing ground truth data can be time consuming. A disadvantage
of K-medoid classifier could be that it requires a user input when labeling the clusters, making the classifier
not fully automatic and result can be affected by user bias. It is also not suited for analysing samples which
users do not know the cluster differences, such as the analysis of off-nadir leads. Thresholding method did
not perform as well as the machine learning based methods. However, due to its simplicity in application,
one may still prefer this method over the others. It is also easy to adjust its result by simply changing the
threshold values, but this is only effective when the ground truth class distribution is known.

Application of these classifiers on SAR altimeters in the summer months is not recommended, as most of
the waveform returns, including sea ice, show specular reflection. Therefore, classification using solely SAR
altimetry is deemed unsuitable and auxiliary information is required. Usage of high resolution optical data
may aid for improving the accuracies for these seasons. OLCI image can serve for this purpose by implement-
ing a better algorithm to distinguish the melt ponds, uneven color in ice, and leads. However, due to the rapid
melting of sea ice, Sentinel-3 ground track coverage will not be optimal for this analysis in the near future.

This paper also assessed whether supervised machine learning can distinguish between leads, sea ice
and ONLs. Many classifiers failed to detect the ONLs, with an exemption of the RUS Boost and NB classifiers.
Though it was with a cost of decreasing TLR, RUS Boost and NB classifiers decreased the number of false lead
compared to their binary model. This technique can be used to initially reject ONLs for more conservative
analysis, however, there must be more study on this to achieve a higher True ONL Rate, to minimize the
number of rejected points.

The author sees room for improvement in this research in the following ways. Firstly, SSH shall be com-
puted using the leads detected by the proposed classifiers in this study, and validate this with other altimetry
measurements for instance from the dedicated aircraft campaigns. Similar work has for example been seen in
Lee et al. (2016), where the derived ice thickness estimations were compared to the Airborne Electromagnetic
(AEM)-bird data collected during the CryoSat Validation experiment (CryoVex) field campaign. This way, the
validation method is not only biased towards the OLCI image and the derived product can be directly com-
pared among the classifiers. Secondly, a better algorithm shall be developed for OLCI image classification,
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especially for cloud rejection. Cloud rejection in this study has been done manually, as the existing software
with cloud rejection capabilities, such as the Sentinel Application Platform (SNAP) (European Space Agency),
did not always manage to identify the smaller sized clouds. This manual rejection is time-consuming and lim-
its the areas that could be validated. With an improvement in the algorithm for cloud rejection, the ground
truth generation as well as the validation process would be more efficient, allowing the analysis to cover more
areas in the Arctic Ocean. Fully automated ground truth generation can also benefit the off-nadir leads anal-
ysis, if there are more reference samples of ONLs, the classification accuracy could also be further improved.
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3
Conclusions and Recommendations

3.1. Conclusions
The aim of this research was to assess different waveform classification methods in order to ultimately find the
best one for SSH estimation purposes in the Arctic Ocean. The main research question and its sub-questions
were formulated in Section 1.5, in order to accomplish this research goal. This section provides answers to
these questions by referring to the main findings from the journal article presented in Chapter 2, which leads
to a final conclusion of this research.

• SQ-1: How can SAR altimetry waveform classifications be validated in an effective way?

This study used the images derived by OCLI on board Sentinel-3 as the ground truth. The main ad-
vantage of this was to achieve a perfect temporal alignment with the measurements from SRAL SAR
altimeter, also on board Sentinel-3. Therefore, no ice-drifting models had to be employed in this re-
search. Because this study aimed to conduct waveform classification for a large part of the Arctic Ocean
for over several years, it required a very large amount of validation data to be produced. Therefore, the
ground truth generation process as well as the validation process were aimed to be fully automated. Un-
fortunately, due to the complex nature of clouds affecting the hyperspectral images, publicly available
software with cloud rejection capabilities such as the Sentinel Application Platform (SNAP) (European
Space Agency), could not completely reject the smaller sized clouds. Therefore it has been decided that
the clouds will be rejected manually in this study. Aside from the cloud rejection, the ground truth gen-
eration and validation process has been automated by using K-means image segmentation and analysis
of radiance changes in OLCI image pixels nadir to the satellite.

• SQ-2: How do the overall accuracy, TLR, and FLR compare between the classifiers?

From this study, it has been seen that the classification results vary significantly depending on the ap-
plication and there is no single classifier that is always better than the others. The results are also not
straightforward to interpret. The overall accuracy alone cannot provide any insight to how the classi-
fiers falsely classify the leads. The TLR and FLR values are also difficult to compare among classifiers,
unless they are compared for a fixed FLR or TLR. Therefore, this study made use of ROC graphs and its
area under the curve. With the help of ROC graphs, it is clear to see which classifiers are more suited for
this problem. In the preliminary analysis, it has been seen that DT, SVM and HC classifiers performed
worse compared to the rest and were discarded for further analyses. From the different case studies
conducted with the remaining classifiers, it has been seen that LD, Ada Boost, ANN and K-medoid clas-
sifiers consistently produced excellent results, in terms of overall accuracy, TLR and FLR.

• SQ-3: What is the combination of waveform parameters that results in best accuracy?

In the article presented in Chapter 2, the best combination of waveform parameters per classifier were
not looked for, but rather a combination of waveform parameters which was beneficial to all the classi-
fiers were found. This was not only to provide a fair comparison between the classifiers but also to avoid
having too many dependent variables to control during the analyses. There are also a number of other
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(hyper)parameters to be tuned, which are also dependent on the combination of waveform parameters,
hence it has been decided to fix the combination of waveform parameters to be used. This study ana-
lyzed the individual "classification potential" of the waveform features, by examining the classification
performance when trained with a single waveform feature. As seen in Table 2.3, MAX, skew, PP, WW,
and PPloc all achieved overall accuracies with an average of above 85%. WW had the best average over-
all accuracy, achieving 91.03 %. TeW also achieved an overall accuracy of above 85%, however because
K-medoid classifier performed poorly with this waveform it has not been used for further analyses.

Because this selection of waveform parameters could have influenced the final result of the classifiers,
further analysis was conducted. This is given in Appendix A.3, showing the influence of adding differ-
ent waveform features. The classification performances vary with different combination of waveform
parameters, but the relative performance of the classifiers remains approximately constant. This ad-
ditional analysis justifies the selection of a specific combination of waveform features to compare the
classification performances between the classifiers.

• SQ-4: How do the hyperparameters of machine learning algorithm influence the classifiers perfor-
mance?

The hyperparameters of each classifier influenced the classification performance very differently. On
average, a change in one hyperparameter in 0.1% to 0.5 % change in the overall accuracy, but also
some resulted in a few % change. Because this can influence the result significantly, the classifiers were
carefully tuned before being applied to the test data.

• SQ-5: How well do classifiers perform when trained with data from another year?

The effect of classifiers being trained with data from another year has been studied using the D-02 data
set, as presented in the article (Chapter 2). The results were plotted in ROC graph together with the gen-
eral performance results (D-01), for comparison. It has been seen that generally the results obtained
by the supervised classifiers do not suffer when trained with data from another year. LD classifier even
showed better results compared to its general result. KNN classifier was an exception, as its perfor-
mance suffered significantly. In contrary, the unsupervised learning K-medoid classifier is not affected
by the change of training data, as it is only dependent on the altimetry data.

• SQ-6: How well do classifiers perform when trained with data from another study area?

The effect of classifiers being trained with another study area has been tested with the D-03 data set.
Though the overall accuracies remained approximately the same from the general performance, the
classifiers suffered more when compared to results obtained with D-02 data set (trained with data from
another year) when considering the TLR and FLR values. The reason to this could be due to the fact
that the trained data taken from southern areas compared to the testing data. This suggests that more
ice melting could have taken place in the training data, which affects the waveform returns. This has
also seen in the seasonal analysis (D-04 or SQ-7) that when sea ice melting occurs, classification using
only waveform returns becomes more difficult.

• SQ-7: What is the seasonal influence on the performance of classifiers?

It has been seen that the presented classifiers perform poorly during the summer seasons, with clas-
sifiers not detecting enough leads (too low TLR) or over-detecting them (too high FLR). By observing
the waveform returns from an example study area, it has been clear that the waveforms did not corre-
sponds to the ground truth. Most waveforms had specular reflection, even on sea ice. A point which
the ground truth considers as a lead showed a diffuse return, which is probably due to the large open
water area connecting to other open water areas, making it easier for the waves to form.

It is known that the ice melting occurs more rapidly in the sea ice edges as they are more exposed to
the dark ocean surface, making them more prone to melting (Xia et al., 2014). Since the ground track
latitude is limited for Sentinel-3 satellite, during the summer season it measures the points closer to
the sea ice edges. Therefore, it was speculated that this could be the reason why most returns were
specular and the results may be different for sea ice closer to the North pole. Therefore, an additional
study using CryoSat-2 satellite has been conducted. This material is provided in Appendix B.2. This
additional study disproved the hypothesis; the specular returns are dominant even in areas closer to
the North pole. Therefore, it is concluded that classification using solely the SAR altimetry is unsuitable
in summer, not only for the studied areas but also areas closer to the North pole.
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• SQ-8: What is the impact of the presence of off-nadir leads on the performance of the classifiers?

In order to understand the impact of the presence of off-nadir leads (ONL) on the performance of the
classifiers, this study has added another class to be trained in the supervised learning classifiers. This
was called as 3-class model, with waveforms being labeled as either leads, sea ice, or ONL. This was
introduced since it was assumed that the with the presence of ONL, the classifier falsely predicted leads
when ground truth is actually sea ice. The study aimed to reduce these falsely predicted leads by adding
another class for ONLs. From all the classifiers that were studied, RUS Boost and NB were the only
classifier which reduced the number of false leads in the 3-class model compared to the binary class
model. Although 3-class model NB classifier reduced its number of false lead compared to its binary
model, binary model LD classifier obtained better result with higher TLR and lower FLRONL Therefore,
it can be understood that the 3-class model is not necessarily better than the binary model, even if
some classifiers can significantly reduce the number of false lead. Finally, because RUS Boost best
predicted the ONLs, this can be used to reject the ONL points in the beginning for more conservative
lead detection.

Finally, the main research question can be answered:

• RQ: How do empirical thresholding methods, supervised and unsupervised machine learning based
classifiers compare in their performances, and what advantages/disadvantages do they have when
detecting leads in the Arctic Ocean using SAR altimetry data?

It cannot be concluded simply stating that one type of classifier is better than the other, as this study
showed how different application can affect the performances of the classifiers very differently. Overall,
the supervised learning AdaBoost, ANN, and LD classifiers showed the most robust and excellent result
throughout the analysis. However, supervised learning requires labeled training data hence ground
truth of the study area must be readily available. This study showed that applying a training data from
another study area has slightly worsened the performances, hence this is not recommended. The un-
supervised machine learning K-medoid classifier on the other hand, does not require the ground truth
data and consistently showed excellent results. This is makes this classifier extremely attractive, as
producing ground truth data can be time consuming and computationally heavy. A disadvantage of K-
medoid classifier could be that it requires a user input when labeling the clusters, making the classifier
not fully automatic and result can be affected by user bias. It is also not suited for analysing samples
which users do not know the cluster differences, such as the analysis of off-nadir leads. Thresholding
method did not perform as well as the machine learning based methods. However, due to its simplicity
in application, one may still prefer this method over the others. It is also easy to adjust its result by
simply changing the threshold values, but this is only effective when the ground truth class distribution
is known.

This research successfully provided more insight on the behavior of the different classifiers. Previously,
performances of different classifiers were known from different studies, which used different input data
and validation data. Therefore, the classifiers could not be directly compared, and it was for example
still unknown whether unsupervised classifiers could outperform supervised classifiers. When only
considering the results from the past studies (see Figure 2.14), it may seem like K-medoid classifier
(from Dettmering et al. (2018)) performed significantly worse compared to the DT or RF classifiers
(from Lee et al. (2016)). However, this significant difference is believed to be mainly coming from the
difference in their validation process; Dettmering et al. (2018) used validation data with extremely high
resolution (1m) and Lee et al. (2016) only validated 239 samples. As this study applied both classifiers
on the same input and validation data, it has become clear that the K-medoid classifier produce similar
or better results than the DT and ensemble tree classifiers (Ada Boost, Bagged, RUS Boost). Therefore
this study also showed the importance of assessing the classifiers with the same input and validation
process for a fair comparison.
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3.2. Recommendations
During this thesis, interesting ideas and additional tasks have been identified that were left unexplored,
mainly due to time constraints. These points are believed to improve the research and are valuable addi-
tions to this topic. This section briefly describes these points for future research.

• Computation of SSH using the detected leads

This research focused on detection of leads, such that these instantaneous water level references can be
used to estimate the SSH. Therefore, it is of high interest to compute the SSH using the leads detected
by the proposed classifiers. These shall be validated with other altimetry measurements such as the
dedicated aircraft campaign (e.g. Operation Ice Bridge), laser measurement from ICESAT-2, tide gauges,
or existing sea surface height models. For example Poisson et al. (2018) compared its derived SSH to
the DTU 2013 mean sea surface (Andersen et al., 2015) to compute the sea level anomaly. Lee et al.
(2016) also used the Airborne Electromagnetic (AEM)-bird data collected during the CryoSat Validation
experiment (CryoVex) field campaign to compare the derived ice thickness. In this way, the validation
method is not only biased towards the OLCI image and the derived product can be directly compared
among the classifiers.

• Cloud rejection in OLCI images

One of the bottlenecks in this study was the cloud rejection procedure of the OLCI images. Cloud re-
jection in this study has been done manually, as the publicly available software with cloud rejection
capabilities such as the Sentinel Application Platform (SNAP) (European Space Agency) was not able
to detect the smaller sized clouds very well. This manual rejection is time-consuming and limits the
areas that could be validated. With an improvement in the algorithm for cloud rejection, the ground
truth generation as well as the validation process would be more efficient, allowing the analysis to cover
more areas in the Arctic Ocean.

For example, an ongoing cloud making development project "Sentinel 3 Synergy Cloud Mask Develop-
ment" by EUMETSAT, which aims to develop a new atmospheric mask product primarily focused on
clouds, by exploiting the spectral synergistic capabilities of OLCI and SLSTR instruments on-board the
Sentinel-3 satellites (EUMETSAT, 2021), may allow for better cloud masking for the future studies. Fur-
thermore, an interesting study conducted by Giuffrida et al. (2020) proposed a Convolutional Neural
Network (CNN) to be integrated to the hyper-spectrometer carried by a nanosatellite to reject cloud-
covered areas before transmitting them to the ground. The transmitted images are those which present
less than 70% of cloudiness in the frame. This has been already installed on the Hyperscout-2, as part
of Phisat-1 ESA mission which was launched in September 2020. This novel and innovative technology
of using artificial intelligence on board the satellite can also be advantageous in the future for selecting
study areas of optical or hyperspectral images that are affected by the presence of clouds.

• Automation of identifying off-nadir leads in OLCI images

Another major manual process conducted in this study was labeling the ONL points in the D-05 data
set. The labelling process involved close inspection of the individual points, manually. This study did
not propose an automatic detection of these ONL points due to the time constraint and also because it
was not the main focus of the research. However, by developing an algorithm which can identify points
which contains off-nadir leads within the SRAL cross track resolution (1.64 km), more insights on ONLs
can be gained. Because there are no specific waveform shape of the ONLs that are known, it will be
interesting to see how the waveform shape changes with respect to the surrounding environment (size
of the ONL, location of the ONL, number of surrounding leads in the location, etc.).

• Additional classifiers to be studied

In this study, 13 classifiers were analysed. They were mainly selected due to the promising results seen
in the previous studies in the context of waveform classification and also considering the software pack-
age availability on MATLAB. Due to time constraint, not all possible classifiers could be explored. Espe-
cially there were less unsupervised learning classifiers in this study, compared to the number of super-
vised learning classifiers. Based on the results obtained by this research, application of self-organizing
maps (SOMs) may be an interesting addition. SOMs are a type of artificial neural network (ANN), which
are trained using an unsupervised, competitive learning as opposed to error-correction learning used
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in conventional ANNs (Miljković, 2017). SOMs are also frequently used in the field of remote sensing,
especially in land cover and agricultural classifications (A. Filippi, 2010). Because ANN classifier pro-
duced excellent results throughout this research, an unsupervised learning classifier using ANN may
outperform K-medoid classifier and show more robust outputs.

• Validation of OLCI images

This study made use of OLCI images as the validation data. As stated in the article, this validation
data does not depict the reality as it cannot detect leads narrower than its resolution, but rather act as
a common ground to assess the SAR altimetry waveform classifications. Therefore, the classification
performance measure is always limited by the accuracy of the validation data. In order to understand
the accuracy of this validation data, it is necessary to compare the OLCI image with higher resolution
images to understand its accuracy and see how the radiance of a pixel capture leads that are smaller
than its resolution. Unfortunately, this is not an easy process since as there are temporal delay between
OLCI image measurements and the available higher resolution images from aircraft campaigns such as
CryoVex and Operation IceBridge. Because the speed of the current of 0.1km/h (Quartly et al., 2019),
ice drift models must be employed for such analysis. An additional study was conducted to attempt
validating the OLCI images. See Appendix B.4 for more information.

• Consideration for ocean class

This study focused on a binary classification (leads and sea ice), as all the study areas which were se-
lected could be classified to those two classes. However, in reality the study areas may include surfaces
of the ocean. In such a case, those areas must be manually rejected before proceeding to the binary
classification proposed by this study, as the training data does not include waveform returns from the
ocean. In the future studies, including another class for the ocean surfaces will be more effective for
the users. Furthermore, addition of the ocean class may also resolve the ambiguity between the waves
seen on the leads (see Section 2.4.7) and the sea ice return.

• Lead detection during summer seasons with other methods

This study has demonstrated that, unfortunately, the SAR altimetry waveform classification during
summer is not suitable as almost all waveform returns show specular reflection due to ice melting.
However, detecting open water during summer is crucial for understanding the quantitative impact of
the ice melting in the Arctic Ocean. Therefore, an alternative method must be used during this sea-
son for lead detection. The article showed that OLCI image is capable of doing this, if the lead detection
algorithm can be improved and tailored for the summer season as uneven sea ice color hinders its accu-
racy. However, it was also mentioned that due to the limitation of the ground coverage of the Sentinel-3
satellite, this might not be the best option.

Because CryoSat-2 also uses the SAR altimeter, the same issue will be faced in the summer months,
which is also discussed in Appendix B.2. On the other hand, studies have shown that ICESAT-2 can suc-
cessfully detect leads by analyzing the photon rate (number of photon returns per laser pulse, i.e. the
apparent reflectivity of the surface) from its lidar called Advanced Topographic Laser Altimeter System
(ATLAS) (Petty et al., 2020). The results show that the leads are distinguishable even during summer
months. Additionally, Tilling et al. (2020) characterized the complex photon backscatter signals from
the melt ponds, which serves as the first step to automating melt pond detection and improving the sea
ice height products. However, more research is needed to gain further understanding of the complex
nature of the photon returns from the melt ponds.

Finally, aircraft campaigns can take extremely high resolution images and hence leads and open waters
will be able to be detected accurately during the summer seasons. However, these measurements are
limited to local areas and continuous measurements cannot be made.

• Use of SLSTR sensor for summer lead detection

Sentinel-3 satellites carry Sea and Land Surface Temperature Radiometer (SLSTR), which is a thermal
radiometer providing land and sea surface temperatures (EUMETSAT, 2018). Exploiting this data might
also be beneficial for further analysis in lead detection. This can be used to assess how the specular re-
turns become more dominant (even over sea ice) when melting occurs, and relate this to the sea ice
surface temperature. It has been seen that SAR altimetry waveform classification suffers significantly
during the summer seasons. With the help of SLSTR measurements, the relation between the surface
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temperature and classification accuracies could be derived. This could be useful as the waveform clas-
sification can be avoided once the surface reaches a certain temperature. Moreover, using SLSTR will
demonstrate the synergy of the Sentinel-3 payloads and allowing the all the measurements to have a
temporal match.

3.3. Other Applications
Based on the methodology and processes which were implemented in this thesis, there were arising ideas to
apply these to other applications, despite not being directly tied to the topic of this research. These are listed
in the following.

• Detection of still water bodies such as lakes and canals

This study has presented the successful classification between specular and diffuse waveform returns.
Specular returns are derived from smooth surfaces and these are not only limited to the leads in the
Arctic Ocean. This classification may be for example applied to detect lakes and canals, which is useful
for estimating the inland water level estimation (Kleinherenbrink et al., 2020) .

• Use of image segmentation method for object detection

The image segmentation method used in this research acted as a powerful tool in distinguishing the
darker leads from the lighter sea ice in the optical image. This image segmentation can be used number
of other applications, such as object detection or surface anomaly detection, as long as the instrument
can pick up on the differences in the radiance.



A
Appendix

This appendix serves as the appendix to the jounral article presented in Chapter 2. This appendix provides
important supporting materials of this research which were not part of the article as they were deemed less
important compared to the presented material. However, these additional materials provide important in-
formation to completely understand the research as they justify decisions made in the methodology or gain
concrete understandings of the results.

A.1. Distribution of waveform features
Waveform features played an important role throughout this research as they provided the measure of dis-
similarities between the waveforms. Figure A.1 shows the complete histogram of all waveform features class
distribution. It can be observed that the waveform features which performed the best in the individual analy-
sis for all classifiers; MAX, skew, PP, ww, PPloc, show a clear distinction between the two classes. On the other
hand, the waveform features which performed poorly in the individual analysis such as NrPeaks, sigma0, LeW
and PPL show otherwise as their overlapping area of the two classes are larger.
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Figure A.1: Distribution of waveform features, data from March/April 2017 to 2020.
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A.2. Selection of thresholding values
Analyzing the waveform distribution from the histograms as seen in Figure A.1, the thresholding values were
found by using the selected features (MAX, PP, skewness, WW and PPloc), in accordance with the machine
learning classifiers. First, the range of waveform feature that had majority of lead counts and could be distin-
guished from ice distributions were identified; 3,000 < MAX < 7,000, 7 < skew < 8, 0.15 < PP < 0.35, 0.5 < PPloc
< 0.7, 25 < WW< 50. These ranges were used for each waveform feature during the random search, where
50 random value from each waveform feature were selected to find the outputting result. The result of this
random search is seen in Figure A.2, where each point represents the classification result (in TLR and FLR)
found by using the random combination of waveform features.

From Figure A.2, the points that clearly perform better than the rest form an optimal front. This can be
seen as an optimization problem as this study aims to maximize TLR while minimizing FLR. One of the points
in the front is selected, and this selected point is marked in yellow in Figure A.2. This point was selected since
its performance is most comparable to other machine learning classifiers. This selected point was a result of
thresholding values of the following; lead class if MAX>4000, PPloc > 0.55, ww<40, PP>0.3, skew>7, else: sea
ice.

Figure A.2: ROC graph showing the results of random grid search of thresholding values. The line shows the pareto front of this analysis,
whereas the yellow point depicts the final choice of the thresholding values used for this thesis.
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A.3. Sensitivity analysis: influence of waveform features
In this section, the sensitivity of the classifiers are analyzed. The classifiers are dependent on the input set-
tings including (hyper)parameters and waveform features. In this study, the waveform features were selected
by running the classifiers with single features to find the classification potential of each feature. Because the
presented paper aimed to use a combination of waveform features that is beneficial to all of the classifiers,
there were some features that were not used in the analysis even if it was beneficial to some of the classifiers.

Table A.1 shows six different combinations of waveform feature combination which were tested in this
analysis. Combination 1 was the combination that was selected in this study. Combination 2 to Combination
4 adds another waveform feature which performed well in the individual analysis for the supervised learning
classifiers; namely kurtosis, TeW and PPR. Combination 5 adds these three features to the original one. Fi-
nally, Combination 6 uses all of the waveform features presented in this study, except from NrPeaks. It has
been discussed in Section 2.4.2 that NrPeaks was not capable of distinguishing the leads and sea ice due to its
nature of having discrete integer values.

Table A.1: Combinations of waveform features to be used in the sensitivity analysis

Combination Waveform Features

Combination 1 MAX, skew, PP, ww, Pploc

Combination 2 MAX, skew, PP, ww, Pploc, kurt

Combination 3 MAX, skew, PP, ww, Pploc, TeW

Combination 4 MAX, skew, PP, ww, Pploc, PPR

Combination 5 MAX, skew, PP, ww, Pploc, kurt, TeW, PPR

Combination 6 MAX, skew, PP, ww, Pploc, kurt, TeW, PPR, LeW, sigma0, PPL

These combinations of waveform features are then applied to the classifiers. The ROC graphs of the
supervised classifiers are produced by using 5-fold cross validation (see Figure A.3) and the cluster sizes were
changed for unsupervised classifiers to generate their ROC graphs (see Figure A.4).

One can observe from these ROC graphs that for different combination of input waveform features, the
classifiers behave very differently. Firstly, the results from the supervised learning classifiers show that rela-
tive performances of the presented classifiers do not change significantly. SVM and DT consistently performs
worse compared to the rest of the classifiers, for all combination of the waveform features. The ensemble
tree classifiers (Ada Boost, Bagged and RUS Boost ) have very similar curves and their differences remain
minimal for all waveform feature combinations. Though ANN, KNN, LD and NB experience some variation
with different waveform combinations, their differences remain approximately constant. The ROC graphs
obtained by the unsupervised classifiers have slightly more variability. There are some waveform combina-
tions in which HC classifier outperforms the K-medoid classifier (e.g. Combination 4 and Combination 6),
as it "crosses" the curve of K-medoid classifier. However, for all waveform feature combinations, K-medoid
classifier outperforms HC classifier in most of the points.

This analysis justifies the decision of initially selecting a specific combination of waveform features, as
the relative performance of the classifiers do not vary significantly, when adding extra features that could
have been beneficial to some of the classifiers.
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Figure A.3: Sensitivity analysis of supervised learning algorithms for different waveform features combinations.
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Figure A.4: Sensitivity analysis of unsupervised learning algorithms for different waveform features combinations.





B
Supporting Materials

In addition to the Appendix A, this appendix provides supporting materials which may not directly contribute
to the research, but are deemed important and interesting to be presented.

B.1. Distribution of waveform features with off-nadir leads
Similarly to Appendix A.1, this section provides series of histograms showing the class distribution of the
waveform features seen in the off-nadir leads (ONL) analysis (data set D-05). The histogram showing the
class distribution of the ONL analysis is given in Figure B.1.

These histograms provide insight to why ONLs classification is not straightforward and many classifiers
produced poor results in detecting them. From Figure B.1, it can be seen that for most of the waveform fea-
tures, the distribution of the ONL class lies almost exactly where the lead and sea ice class overlap. This agrees
with the fact that ONL waveform returns are practically a "superposition" of these two classes, therefore con-
tain features from both of these classes. This supports the argument of ONL class not having a "unique"
feature, therefore remains difficult to be detected.
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Figure B.1: Distribution of waveform features including off-nadir leads class, data from D-05 data set.
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B.2. Dominance of specular waveform returns in summer
This section presents the additional study conducted using the SAR altimetry data acquired by CryoSat-2
in order to understand the location where specular returns are dominated in the Arctic Ocean. As stated in
Section 3.1, it was speculated that the dominant specular returns in the summer months could have been due
to the latitude of the study areas which could be more prone to ice melting. Because Sentinel-3 satellites are
limited in its polar coverage, CryoSat-2 measurements were consulted such that the waveforms from higher
latitudes could be studied, to test this hypothesis. For this analysis, the waveforms were classified to leads or
sea ice by implementing the thresholding method used by Bij de Vaate (2019), since these thresholding values
are more tailored to the CryoSat-2 waveforms.

Two images are presented in Figure B.2, showing the CryoSat-2 tracks from March (left) and June (right)
in 2020. It is immediately clear that the waveform returns are dominated by sea ice in March, with occasional
waveform returns suggesting leads. However, the image from June suggests otherwise. The waveform returns
are mostly classified as leads, suggesting the dominance of specular returns. Furthermore, there are no clear
correlation between the location where these specular reflections are dominating, which disproves the hy-
pothesis. Therefore, it is concluded that using only SAR altimetry for lead detection in summer seasons is
unsuitable.

Figure B.2: CryoSat-2 tracks in the Arctic region from 01/03/2020 (left) and 30/06/2020 (right). The red/black colors show the predicted
class of the given point (leads, sea ice, respectively). The background image show the sea ice concentration model derived by the Arctic

sea ice forecasting system (T. Williams, 2019)
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B.3. Application of DBSCAN classifier
This study attempted to implement another unsupervised machine learning classifier called Density-Based
Spatial Clustering of Applications with Noise (DBSCAN). However, due to its poor classification perfor-
mances, it has been decided not to be considered for this research.

DBSCAN is a density-based clustering algorithm which is widely used in many applications. It groups
together samples that are close together to each other, marking the outlier points that lie in the lower density
regions (Ester et al., 1996). Once the algorithms finds the core samples of high density, the cluster is expanded.
This expansion is dominated by εwhich specifies how close the points should be to be included in the cluster.
This algorithm works very good for data which contains clusters of similar density. However, if a data set has
clusters of very different densities, the performance of the DBSCAN algorithm may suffer (Shah, 2012).

The test result of DBSCAN classifier for the winter months (D-01) is shown in Table B.1. The results are
extremely poor, where almost all of the samples were classified as lead, producing both TLR and FLR close
to 100%. This result did not improve when changing or optimizing the hyperparamter (ε). This suggests that
the density of the clusters of leads and sea ice described by the waveform features differ significantly that the
constant distance of ε is not able to pick up the clusters.

Table B.1: Results using DBSCAN classifier (Accuracy, TLR and FLR in %) for general winter performance (D-01)

Accuracy [%] TLR [%] FLR [%]

22.77 99.61 97.26
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B.4. Verification & Validation of OLCI ground truth data
In order to verify the ground truth data generation method using the OLCI images, as described in Section
2.2.4, a manual verification has been conducted. In total, 1,982 labeled points which were produced from this
data generation method are analyzed for this verification. These points were obtained by Sentinel-3A satellite
in March/April of 2017 - 2020. From these selected study areas, false lead and false ice were counted. When
the ground truth (based on OLCI image, seen by human eye) showed sea ice surfaces and OLCI ground truth
label showed a lead, this was counted as false lead. In contrary, when the ground truth showed lead and OLCI
ground truth label showed ice, this was counted as false ice.

Once the numbers of false leads and false ice are known, TLR, FLR and overall accuracies are computed
by consulting the total number of ground truth ice and leads. These are presented in Table B.2. Most of the
false leads and false ice were found at the edges of leads or locations where the radiance difference between
leads and sea ice was not large. These areas are also hard to distinguish with human eye. Though the result
is not perfect, the process showed very high accuracy and TLR values, and a very small FLR value. In con-
clusion, the ground truth generation method proposed in this study has produced successful results. It must
also be noted that the classification performances based on the ground truth data (supervised learning and
optimized thresholding) in this study will always limited by this accuracy of ground truth data.

Table B.2: Result of manual verification of OLCI validation process.

Total points False Lead False Ice TLR [%] FLR [%] Overall Accuracy [%]

1982 18 4 95.51 1.12 98.89

This verification however does not provide how accurate OLCI image can depict the reality, as it is still
limited by its own resolution. Rather, it provided insights on how accurate the OLCI ground truth data gener-
ation method was, with respect to if the points were to be labeled with manual inspection.

In order to understand the accuracy with respect to the reality, another data source must be used. This
study attempted using the high resolution images obtained by the L1B Geolocated and Orthorectified Images
taken by the Operation IceBridge (OIB) aircraft survey campaigns (Dominguez, 2018) for validation. These
images have spatial resolution of from 0.015 m to 2.5 m (Dominguez, 2018).

In order to compare the two images, locations where OLCI image and images taken from OIB coincided
with as little measurement time delay as possible were looked for. Figure B.3 shows an example of images
taken by OIB on 19/4/2017 ∼16:00 UTC and an image taken by OLCI on 19/4/2017 ∼20:00 UTC, therefore
these images have a measurement delay of approximately four hours. The colored squares shown in the
OLCI image correspond to the exact locations where the OIB images (of the same color on the frame) were
taken.

Figure B.3 shows that the leads found in the OIB images do not correspond to the leads seen in the OLCI
image. If the four squares in the OLCI image in Figure B.3 were moved slightly towards the left-top corner,
they would correspond to the location of the leads seen in the OLCI image. This suggests that even with a
measurement time delay of four hours, the sea ice can be drifted significantly. An ice drifting model must be
employed to analyze these data, however this is left unexplored in this study due to time constraints. This
also highlights the importance of using measurements which have a temporal match (this study used OLCI
and SRAL altimeter both on board of Sentinel-3 satellites to obtain a temporal match).

Furthermore, finding the coinciding locations of OIB and OLCI images are very difficult since the time
difference between the two measurements could be simply too large and also many location had to be dis-
carded due to the cloud covering in the OLCI image. Therefore, it is concluded that that images from OIB
are not suited for validating the OLCI images. Other data such as space borne SAR images may be a better
validation data source as the spatial coverage is much larger, and more coinciding measurement locations
with OLCI images may be found.
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Figure B.3: Four images on the left show the L1B Geolocated and Orthorectified Images taken by OIB aircraft servery campaigns on
19/4/2017 ∼20:00 UTC, whereas the right image taken by OLCI from Sentinel-3A satelltie on 19/4/2017 ∼20:00 UTC. The colored

squares shown in the OLCI image correspond to the exact locations where the four OIB images were taken.
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