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Highlights
What are the main findings?

e  This study proposes a newly developed application of the RST for iceberg detection
using Sentinel-2 data;

e The proposed method, differently from traditional fixed-threshold techniques,
contemporarily guarantees high sensitivity (even for very small objects) and high
reliability (against false positives) without requiring any preliminary adjustment or
calibration.

What are the implications of the main findings?

e The proposed methodology provides a simple, reliable, automatic monitoring
method for detecting icebergs, which could be particularly useful for providing
timely warnings to vessels.

e  Thanks to its intrinsic exportability (it requires only a multi-annual dataset of satellite
images), this approach will allow iceberg detection across different geographical
areas and different sensors.

Abstract

In recent decades, the sharp rise in global temperatures has accelerated the melting of the
polar ice caps, causing icebergs to break off and subsequently drift across the sea surface.
At the same time, the increase in navigable areas in the Arctic region has led to a continued
growth in maritime traffic at higher latitudes, resulting in a consequent increase in the
risk of iceberg—ship collisions. In this context, it is particularly important to provide
vessels at sea with timely and up-to-date information on the presence of icebergs along
routes in mid- and high-latitude waters. Given this challenge, this paper presents, for the
first time, the Robust Satellite Techniques (RST) methodology employed at the global level
to perform iceberg detection using imagery acquired only in the B3 band (centred at 560
nm) by the Sentinel-2 (S2) constellation. A test performed near Greenland (in September
2016) and in the Labrador Sea (in August 2021), showed that, in comparison with
traditional fixed-threshold methods, this approach (easily implementable in the Google
Earth Engine cloud platform) demonstrated: (a) very high sensitivity by doubling the
number of detected icebergs (including the smaller ones); (b) high reliability with an
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overall false positive below 20% that becomes zero when other objects that may pose a
hazard to navigation (e.g., dark ships, shallow reefs, etc.) are also considered.

Keywords: arctic; iceberg; iceberg detection; Robust Satellite Techniques (RST); optical
satellite data; Sentinel-2; Labrador Sea; Greenland; change detection

1. Introduction

Among the main consequences of climate change there is certainly the rise in
temperatures, which leads to the melting of the polar ice caps in the Arctic and Antarctic
regions [1], resulting in the formation of large ice blocks known as icebergs. Monitoring
these objects is crucial for climate research, maritime safety and environmental
management.

Icebergs vary greatly in shape and size, as well as in their drift speed and trajectories,
which, depending on ocean currents, waves and wind [2,3], are difficult to predict and
play a significant role within the marine ecosystems [4] at polar and subpolar latitudes
due to their carbon release into the oceans [5], as well as having an impact on ocean
circulation at local and global scales during their melting [6]. Furthermore, the release of
fresh water by icebergs influences the distribution of sea ice, its thickness and total mass,
with an indirect effect on their internal dynamics [7,8] and on Earth’s surface albedo [9].
Monitoring and detecting drifting icebergs is also important, as they pose a threat to
maritime safety, offshore activities and underwater pipeline systems in mid- and high-
latitude regions [10,11]. In fact, in these regions, the number of calving icebergs is
increasing due to climate change and, at the same time, the number of ships, especially in
the Northern Hemisphere, has tripled in recent decades [12-14]. In particular, the
shipping routes in the Arctic region linking the Atlantic and Pacific Oceans are becoming
ever more accessible (due to the reduction in sea ice cover), enabling shorter sailing times
and leading to reductions in costs and emissions [15]; consequently, Arctic waters are
becoming more and more dangerous for shipping due to the risk of ship-iceberg
collisions, with an average of around 2-3 incidents per year recorded over the last century
[16,17], with numbers continuing to rise.

1.1. State of the Art

In recent years, numerous studies have attempted to monitor and detect icebergs,
mainly using three types of platforms: ships, using radar or visual sightings [18]; aircraft,
conducting aerial patrols (e.g., International Ice Patrol—IIP) with various types of
acquisition systems on board; and satellites, carrying active or passive instruments. The
first two are time-consuming, expensive and unable to reach remote locations; for some
of the maritime observations, a knowledgeable crew is crucial for the correct
interpretation of the instruments (e.g., radar) that may not always automatically detect all
responses [19]. Recent developments in satellite technology have revolutionised the way
icebergs can be observed and studied, as they can provide high spatial resolution, global
coverage and, in many cases, free access to data collected in near real time (e.g., Sentinel
constellations from European Space Agency).

Several satellite technologies have been used to monitor icebergs in polar regions.
Active instruments such as scatterometers [20], altimeter radars [21,22] and Synthetic
Aperture Radar (SAR) have been widely used for iceberg detection [23-34] thanks to their
ability to penetrate clouds and also operate at night, mainly using algorithms that are
mostly based on the higher radar backscattered signal compared to the surrounding sea.
Nevertheless, the IIP itself —which provides iceberg position data also derived from
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SAR —reports that target classification with these instruments is particularly challenging,
especially when compared to the use of optical images [35]. In fact, to create databases on
icebergs, the IIP proposed, in some cases, the use of passive instruments as a support for
the active ones starting from 2021. This is because detection using the latter is particularly
complex [29,36,37] and, in the context of SAR products, the variability of backscattering
intensity, associated with meteorological and oceanic conditions as well as the geometric
characteristics of icebergs, requires manual corrections to distinguish the ice blocks from
background noise [38].

On the other hand, numerous studies have focused on data acquired by passive
optical sensors [39-50], exploiting the spectral response of icebergs in the visible and near-
infrared domains, characterised by higher reflectances than the surrounding sea; most of
this research is based on a traditional iceberg detection approach, which normally uses
fixed threshold techniques.

First Sulak et al. [39], and later Scheick et al. [42], used the panchromatic band in
images acquired by Landsat polar platforms to determine the presence of icebergs in their
regions of interest, classifying all pixels that exceeded the established reflectance
thresholds—0.28 and 0.19, respectively —as “ice blocks”. Neuhaus et al. [43], using high-
resolution images acquired by the Worldview 1 and 2 satellites, selected a threshold
corresponding to the highest pixel value among those belonging to the ocean, and
subsequently classified all pixels exhibiting reflectance higher than the identified value as
icebergs.

Others, however, have used the near-infrared (NIR) band 8 of data acquired by the
Sentinel-2 (S2) constellation. In particular, Moyer et al. [41], with the aim of investigating
seasonal variations in the freshwater inflow from icebergs into a Greenlandic fjord,
proposed two different reflectance thresholds to be applied to the NIR band, depending
on the season in which the icebergs are identified. A lower threshold (0.13) is used for
images acquired during summer, and a higher threshold (0.30) for data acquired in the
fall, due to differing lighting conditions.

Rezvanbehbahani et al. [44], taking advantage of the data acquired in band 8 of the
same constellation, applied a reflectance threshold of 0.13 to the S2 Top Of Atmosphere
product (images not atmospherically corrected). They subsequently highlighted how this
choice made it difficult to identify icebergs occupying less than 3—4 pixels and how groups
of small icebergs were classified as a single large object. Using the same satellite data as
in the study just mentioned, Fisser H. [46] employed a different threshold in the Barents
Sea region, classifying all pixels with a reflectance in band 8 greater than 0.12 as icebergs.
Still, Fisser et al. [47], in a different study, specify that this threshold allows for reliable
iceberg detection only under lighting conditions where the Solar Zenith Angle (SZA) is
less than or equal to 65°.

Conversely, Heiselberg P. and Heiselberg H. [40], using atmospherically corrected
images (the “Level 2A” product) acquired by S2 over Greenland and Denmark, proposed
a threshold that works as a primary filter to distinguish sea pixels from all other pixels
identifiable as “objects” above it (namely icebergs, ships, ship-wakes and boats). In this
case, the threshold was not applied to a single band, but to a more complex index, called
L4, represented by the sum of the reflectance recorded in the four high-resolution bands
(visible and NIR), minus the marine background value. It was noted that the minimum
threshold required to identify objects changes depending on the conditions of the
observed scene; a higher threshold was chosen for detection in the Arctic seas, whereas a
lower one was chosen in the case of a normal marine background. In 2020, Heiselberg [45]
used the same fixed-threshold methodology proposed in 2017 to identify objects on the
sea surface; however, in this case, the index to which the threshold was applied was
determined by considering only the red (B4) and NIR bands. Subsequently, various

https://doi.org/10.3390/rs18203526



Remote Sens. 2026, 18, 3526

4 0f 30

filtering techniques were employed to reduce false alarms caused by land, islands, clouds
and waves, excluding, for example, some stationary objects—such as wind turbines—by
comparing images acquired in the same location but at different times.

1.2. Background and Related Works

The studies mentioned above, which used optical band data to detect icebergs,
suggest that fixed-threshold methodologies are dependent on the observer’s judgement.
The threshold choice is often subjective and determined through trial and error;
thresholds may work well for the single image used for calibration, but there is a chance
that errors will occur when applied to different images acquired in the same place but at
different times [51]. In fact, different lighting conditions also play a key role, causing
changes in surface reflectance depending on the season in which they are observed [52].
Furthermore, fixed-threshold techniques depend on the region of interest and
environmental variability, making them specific to a particular area or a specific image
dataset, but reducing their effectiveness when the region of interest or weather conditions
change [53]. Finally, a threshold determined using images from a specific instrument may
not be suitable when applied to data acquired by a different sensor [54].

Some examples help to illustrate the disadvantages mentioned above associated with
fixed-threshold methods that are applied to detect icebergs. The first one concerns the
methodology proposed by Heiselberg P. and Heiselberg H. in 2017 [40], which used a
subset of the image acquired by 52 on 26 September 2016 in the waters surrounding Nuuk,
labelling icebergs, or “other objects” (ships, ship-wakes and boats) on the sea surface, all
those pixels characterised by reflectance index I > 500 (threshold for polar regions), and
then categorised them (Figure 1). Using this approach, the authors were able to identify a
total of 25 icebergs (of varying sizes), six ship-wakes and five ships/boats. However, in
reality the objects n. 4 (identified as a ship-wake), n. 12, n. 42 and n. 43 (identified as
ships/boats) in Figure 1 correspond, in the scene under examination, to islands and/or
coastlines.

-51.8 -51.7

[ Iceberg
Shipwake
Ship and boat

-51.8 -51.7

Figure 1. Results by Heiselberg P. and Heiselberg H. [40] over Nuuk (Greenland) based on the S2
(Level 2A) image (tile 22 WDS) collected on 26 September 2016 (RGB in background). Different
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coloured small boxes represent the different kinds of objects on the sea surface characterised by I+ >

500. The inner white box represents the actually investigated area (adapted from [40]).

Figure 2 shows the results of the same approach applied to a section of the Labrador
Sea, observed on 10 August 2021 by the S2 constellation. Heiselberg P. and Heiselberg
H.’s methodology was able to identify a good number of icebergs present in the scene,
nevertheless also yielding dozens of false positives.

-61.9 -61.8
Inset box 1 Inset box 1
[3
]
(=]
o
__! Misidentified iceberg
Heiselberg et al., 2017 (False Positive)
. 14 > 500
-61.8
-61.9 -61.8

Figure 2. Result of applying the I+ > 500 index [40] to a portion of the Labrador Sea. Image acquired
on 10 August 2021 by S2 (Level 2A), tile 20 VNN. Inset box 1 on the right (RGB in background)
shows an area within the region of interest where some of the numerous false positives, highlighted

by the green dotted circles, have been detected.

Two further fixed-threshold approaches, this time using the NIR band (52 band 8),
were proposed by Moyer et al. [41] and Fisser [46]. The proposed reflectance thresholds
were 0.3 for the first methodology and 0.12 for the second one. Compared with Heiselberg
P. and Heiselberg H.’s [40] results in Figure 1, the algorithm proposed by Moyer et al. [41]
identifies only iceberg n. 18, missing a significant number of ice blocks located in the
analysed area (Figure 3). As shown in Figure 4, even when using the Fisser threshold,
besides the four icebergs (n. 18, 19, 25 and 36) and two vessels (n. 41 and 31) detected,
many others remain undetected. The high number of false negatives (i.e., missed icebergs)
observed in both cases is evidently due to the fact that not all ice blocks within the study
area exhibit near-infrared reflectance values exceeding the predefined threshold. As
previously discussed, these thresholds were derived from specific satellite images
acquired in geographical settings that are different from those shown in Figure 1. This
finding highlights one of the main limitations of fixed-threshold approaches, whose
effectiveness is strongly dependent on the characteristics of the scenario (region, season,
etc.) under consideration. Consequently, their application to different areas of interest
becomes challenging without prior calibration of the thresholds used, leading to both false
positives and false negatives, as shown in Figures 2—4.
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Moyer et al., 2019
B NIR (B8-842nm) > 0.3
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Figure 3. Results of the application of the fixed-threshold algorithm for iceberg detection using NIR
band proposed by Moyer et al. [41]. The inset box 2 shows the position of some of the undetected
icebergs in the area of interest, circled in bright pink (RGB background). Image Level 1C was
acquired on 26 September 2016 by the Sentinel-2 constellation, tile 22 WDS.

-51.8

Inset box 3

Fisser H., 2024
B NIR(B8-942nm)>0.12

221 Non detected iceberg
=517 (False Negative)

-51.8

Figure 4. Results of the application of the fixed-threshold algorithm proposed by Fisser [46] for
iceberg detection using the NIR band of the S2 image (Level 1C, tile 22 WDS) acquired on 26
September 2016. The inset box enlarged on the right shows, circled in bright pink, some of the
undetected icebergs in the area of interest with RGB background.

1.3. The Proposed Approach

To overcome the above-mentioned disadvantages of fixed-threshold methods, a
different approach is therefore presented in this paper. The proposed methodology is a
robust data analysis technique called Robust Satellite Techniques (RST, [55,56]), a
statistical approach initially named RAT (Robust AVHRR Techniques) after its first
application to the Advanced Very High Resolution Radiometer (AVHRR) by Tramutoli in
1998 [55]. In recent decades, the proposed methodology has been widely applied for
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environmental hazard monitoring and mitigation (e.g., [56]), pipeline network monitoring
(e.g., [57]), and near real-time detection of fires (e.g., [58,59]), burned areas (e.g., [60]) and
oil spills (e.g., [61,62]). Furthermore, the technique has been utilised for the thermal
monitoring of volcanoes (e.g., [63,64]), seismically active areas (e.g., [65-72]), and most
recently, forest stress due to climate change (e.g., [73]). Although the general RST
framework is well established, the methodological contribution of this study lies in its
iceberg-specific implementation based on pixel-wise, multi-temporal reference fields. This
unsupervised configuration requires neither labelled training data nor manually
calibrated reflectance thresholds. At the application level, this represents the first use of
RST for detecting and monitoring icebergs above the sea surface.

By using optical satellite data acquired by the Multispectral Instrument (MSI)
onboard the European Space Agency’s (ESA) Sentinel-2 constellation, and implementing
the methodology using the web-based geospatial analysis platform Google Earth Engine
(GEE), two different testing areas were used in this study. The first one is located along
the western coast of Greenland, near the Davis Strait and more specifically within a
segment of the ocean in the area surrounding the capital city of Nuuk. In addition, a
second area of interest (AOI) was identified along the east coast of Canada, in the Labrador
Sea, with the purpose of testing the exportability of the considered algorithms.

The work will be organised as follows. Section 2 presents the testing areas, the used
data, and the proposed methodology, whilst Sections 3 and 4 set about illustrating and
discussing, respectively, the results obtained and future developments in this work. The
conclusions of the study are presented in Section 5.

2. Materials and Methods
2.1. Case Studies

The present study focuses on two areas of interest located in the regions already
mentioned in Section 1.3, where the analysis was carried out during the months in which
the ice is most prone to melting and fragmentation. Additionally, these months offer the
advantage of a reduced likelihood of overcast conditions.

2.1.1. Nuuk Region, Greenland

Nuuk, the capital of Greenland, has the largest port in the region and is taking on an
increasingly strategic role in trade and tourism routes [74]. Indeed, the city is located in a
natural inlet within the Davis Strait, at the entrance to Baffin Bay, which, together with
the Northwest Passage, represents an important route connecting the Atlantic and Pacific
oceans [75]. Concurrently, a series of tidewater glaciers (e.g., Narsap Sermia) are located
to the northeast of Greenland’s capital, from which icebergs form and discharge directly
into the Nuuk fjord [76]. Driven by currents and wind patterns, these freshwater ice blocks
could drift southwards and concentrate in the surrounding waters, thereby posing
significant challenges to navigation safety and offshore activities. For this reason, it is
particularly important to provide near real-time information on icebergs to ensure safety
during navigation. In this regard, nautical charts above 60° north latitudes do not provide
comprehensive data regarding icebergs; it is noteworthy that these records are not
published with any degree of regularity, and moreover, they merely indicate the
prevalence of waters characterised by a high concentration of icebergs [13], often without
providing the exact positions of the icebergs themselves.

The first AOL located in Nuuk and illustrated herein (see Figure 5), covers an area of
approximately 232.45 km? and is centred at 64.2°N, 51.8°W in the WGS 84 reference system
(EPSG:4326).
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Figure 5. Geographical overview of the area of interest located around the city of Nuuk,
Greenland —WGS 84 (EPSG:4326). Image background obtained from Microsoft Bing Maps (©

Microsoft Corporation).

The use of the same study area as that employed by Heiselberg P. and Heiselberg H.
[40] enabled a comparison with the results achieved by other algorithms regarding the
icebergs identified using the same satellite data on the same date.

2.1.2. Newfoundland and Labrador, Canada

Another area significantly affected by drifting icebergs, particularly during the
warmer months of the year, is the Labrador Sea, which lies off the eastern coast of Canada
and has oceanic and atmospheric circulation patterns that cause ice blocks to drift towards
lower latitudes, following the coastline [77-79]. For this reason, the area is of particular
interest in terms of monitoring and mapping the icebergs present there, which generally
reach this region after breaking away from the ice shelves located along Greenland’s
western coast [80]. In particular, the stretch of the Labrador Sea that connects to the
Hudson Strait has, over the last few decades, proved to be the area with the most
significant growth in shipping traffic within the Canadian Arctic, mainly due to new
economic and commercial ambitions as well as an increase in tourism [14,81]. The
significant change in the configuration of navigable routes originates from the substantial
reduction in sea ice concentration, observed mainly along the eastern and northeastern
coasts of Canada [82,83].

The second AOI (Figure 6) was identified along the east coast of Canada, in the
northernmost part of the Newfoundland and Labrador region, near the Hudson Strait,
which represents the entrance to the Northwest Passage. This region, centred at 60.8°N,
62.0°W in the WGS 84 reference system (EPSG:4326), covers an area of 455.71 km?. In
particular, the area is located in the Labrador Sea (approximately 277 km from the
coastline), and therefore experiences different weather conditions from Nuuk, which is
more sheltered as it is located within a narrow bay.
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Remote Sens. 2026, 18, 3526

9 of 30

-60.0 -50.0
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Figure 6. Spatial overview of the section of the Labrador Sea selected as the second area of interest —
WGS 84 (EPSG:4326). Image background obtained from Microsoft Bing Maps (© Microsoft

Corporation).

This weather difference is particularly evident in terms of the intensity of sea surface
winds and surface oceanic currents, such as those associated with the Labrador Current
System. The latter, which flows in a southeasterly direction along the continental shelf,
has its origins in the convergence of the West Greenland Current, the Baffin Island
Current, and the waters from the Hudson Strait. The currents within this system have
been observed to attain speeds of approximately 0.8-1 m/s [78], thereby facilitating the
movement of icebergs in proximity to Saglek Bank (North Labrador Coast) at velocities
approaching 0.52 m/s during the period spanning July and November [84].

It is also worth noting that, following the Titanic disaster in 1912, the IIP initiated a
programme of aerial patrols along the entire eastern Canadian coast, with a particular
focus on the areas between 40.0° and 52.0°N and between 39.0° and 57.0°W. This mission,
which has been ongoing since 1913, is designed to detect icebergs in the North Atlantic
Ocean and issue warnings to mariners operating in these waters [85]. This organisation
provides annual datasets (in CSV format since 2002) containing information on the
positions of icebergs, integrating data acquired through aerial surveys with data obtained
from ship sightings, satellite surveys and buoys. In particular, analysis of the 2021
database identified a region in the northern Labrador Sea where both Sentinel-2 imagery
and iceberg sighting data from the IIP were available for the same period. These
concurrent data sources enabled assessment of the accuracy and sensitivity of the iceberg
detection methodology proposed in this study within this area of interest.

2.2. Input Data and Tools

This study is based on the analysis of data acquired by MSI onboard the ESA’s
Sentinel-2 constellation, which provides high spatial resolution observations from the
visible up to the short-wave infrared at resolutions from 10 m to 60 m. A key advantage
of the S2 mission for this application is its high revisit frequency at polar latitudes; in fact,
while the nominal revisit time is five days at the equator, it significantly increases towards
higher latitudes, reaching intervals shorter than two days. With the recent addition of
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Sentinel-2C, the temporal sampling is further improved, allowing more than 16
acquisitions over a 20-day period in Arctic regions [86], making the constellation
particularly suitable for monitoring more dynamic phenomena such as drifting icebergs.
Therefore, in the present article, satellite sensors that are generally utilised for the study
of slow dynamics at high spatial resolution are used, also benefitting from a high temporal
resolution.

Iceberg detection was performed using Level-1C (L1C) Top Of Atmosphere (TOA)
reflectance data, focusing on the green band (B3, 560 nm) at 10 m spatial resolution. This
band was selected due to the strong radiometric contrast between icebergs and the
surrounding seawater, with ice exhibiting significantly higher reflectance values in the
visible domain. A multi-temporal dataset, namely “Harmonized Sentinel-2 MSI:
MultiSpectral Instrument, Level-1C (TOA)”, spanning the period 2016-2025 was
processed within the GEE environment, which enables efficient access to large satellite
archives and supports automated analysis workflows [87,88].

2.3. Methodology

As discussed briefly above, the methodology used in this study is known as RST, a
statistical approach based on multi-temporal analysis of satellite data [55,56]. By
examining the behaviour of the data in unperturbed conditions, this change-detection
method enables the identification of statistically significant (at various confidence levels)
anomalous signals, without the requirement for preliminary assumptions or auxiliary
data. Consequently, it can be identically applied to different geographical areas and
satellite data. It is devoted to automatically discriminating anomalous signal transients
from signal variations related to observation conditions or normal variability of the signal
itself, by calculating the Absolutely Llocal Index of Change of the Environment (ALICE,
where the use of the double “I” was introduced by Tramutoli (1998) [55] to refer to a
specific time t and location (x,y) in the space/time domain), as illustrated in Equation (1):

O, y,1) = V(x,y, atz(;yu)v(x,y) o

with V(x,y,t) representing the value of the signal V, measured at the point with coordinates

(x,y) and at time ¢, whilst uv(x, y) and ov(x, y), are the temporal mean and the standard
deviation of the signal, respectively. These, hereinafter referred to as “reference fields”,
represent the unperturbed conditions of the signal under examination and are determined
from a multi-year data set derived from cloud-free satellite imagery, representative of the
most homogeneous acquisition conditions, both in the spatial domain (same geographical
area) and in the temporal domain (same month, same time of day). In particular, the
parameter uv(x, y), calculated at the pixel level within the given interval, represents the
expected value in the absence of disturbances, whilst ov(x, y) provides an estimate of the
normal variability of the signal V(x,y,t) itself. Reference field computation is carried out
using a Ko-clipping procedure (for details see [55] and references therein) to remove
outliers from the time series.

Reduced noise is associated with the normal variability of the signal. In this context,
noise refers to the ordinary, non-anomalous variability of the satellite signal arising from
spatial effects (e.g., orography), temporal patterns (e.g., daily/annual cycles) and changing
of observational conditions (e.g., solar illumination, satellite view angle). By automatically
accounting for these site-specific effects, the method is intrinsically robust against the
proliferation of false alarms and mostly unaffected by the limitations associated with the
fixed-threshold methods mentioned above. In addition, the @ index is a standardised
variable that weights the difference between the measured signal and the expected signal,
and the historical variability of the signal within the same pixel. Therefore, higher absolute
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values of the index correspond to increasingly significant statistical deviations. In fact,
assuming the ALICE index to be a quasi-Gaussian variable characterised by a mean of
zero and a standard deviation of one [64,89], absolute values greater than 20 have a
probability of occurrence of less than 5 per cent, decreasing rapidly to less than 0.3 per
cent for values exceeding 3c.

To perform iceberg detection, this work uses the signal measured in band B3 of
Sentinel-2/MSI (S2-MSI) images as variable V(x,y,t) in Equation (1). Two distinct datasets
of co-located, temporally homogeneous (between 14:59-15:13 UTC for Nuuk and 15:35-
15:40 for Labrador) images acquired across the 10-year period 2016-2025 were collected
to compute corresponding reference fields, uss(x, y) and oss(x, y), for each test area.
Specifically, one dataset comprises 114 September images for the Nuuk case study, while
the other includes 104 August observations for the Newfoundland and Labrador region.
Neither dataset includes the images analysed during the change detection phase, i.e., 26
September 2016 for Nuuk case and 10 August 2021 for the Labrador Sea region. An
iterative asymmetric Ko-clipping was applied to remove outliers associated with objects
exhibiting high reflectance values in the B3 band such as clouds, marine vehicles and
icebergs; k = 2 was selected since, in a Gaussian distribution, +2 sigma includes
approximately 95 per cent of the natural fluctuations of the signal. To remove cloudy
pixels from MSI-S2 Level 1C (TOA) images, a cloudy mask was created using the
“Sentinel-2: Cloud Probability” (S2-CP) dataset, which provides, at 10 m spatial
resolution, the probability that each pixel is affected by cloud cover. In particular, a join
was performed between the S2-CP and the 52 image collection used (filtered on the basis
of their respective areas of interest and the period analysed, with reflectance values scaled
and divided by 10,000 so as to yield values between 0 and 1) in order to add a further band
to the images in the collection, containing information about the probable cloud cover for
each pixel in every single image. Following this, a function was developed to ensure that
all pixels with a probability of cloud cover of 30 per cent or more were excluded from the
calculation of the reference fields.

For the Nuuk case study, a land—sea mask was additionally used. While any standard
static land-sea mask could serve this purpose, a dynamic approach was adopted to
generate a tailored mask best suited to the target image. Specifically, the mask was
generated from a long-term Sentinel-2 median composite calculated using only May-to-
August acquisitions to avoid the presence of any sea ice or snow. The Normalised
Difference Water Index (NDWI) was thus calculated on the median composite [90]. Pixels
with NDWI > 0.4 [91,92] —a conservative threshold determined through a process of trial
and error—were subsequently labelled as sea, whereas all remaining pixels were
classified as land and excluded from subsequent calculations. After these pre-processing
operations, an additional condition was introduced in order to ensure a sufficiently large
dataset; for each location (x, y), more than 15 useful (i.e., not cloudy, not outlier)
observations were required. Therefore, all pixels with 15 or fewer useful observations
were excluded from the ALICE index calculation. The following table (Table 1) contains
relevant information about the data used to perform change detection in the two areas of
interest.

Table 1. Summary of the data used to apply the RST methodology in the two areas of interest.

AOI

Sensor Information

Acquisition Date for Tot. Images Used for

Analysed Tmage ID Reference Fields

Change Detection

Nuuk
(64.2°N, 51.8°W)
ext. 232.45 km?2

B3 band S2-MSI Tile 26 September 2016

COPERNICUS/S2_HARMO
NIZED/20160926T150952_2 114

22WDS 15:09 UTC 0160926T150955_T22WDS
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Labrador
(60.8°N, 62.0°W)
ext. 455.71 km?2

B3 band S2-MSI 10 August 2021
Tile 20VNN 15:39 UTC

COPERNICUS/S2_HARMO
NIZED/20210810T153911_2 104
0210810T153908_T20VNN

Following application of the RST methodology, the resulting outputs were validated,
wherever possible, against the database provided by the IIP. Where ground-truth data
were unavailable—as is often the case in iceberg detection owing to the rapid spatio-
temporal variability of iceberg shapes, sizes and locations—the results were assessed
through visual inspection, a practice widely adopted in this field [30-32,40,42,50]. This
visual assessment was further supported by transept-based plots showing the spatial
distribution of B3 reflectance across each candidate iceberg (see the Supplementary
Materials).

3. Results
3.1. Case Study— Nuuk, Greenland

The application of the aforementioned ®gs criterion (Equation (1)) was based on the
spectral behaviour of icebergs, with the results presented in Figure 7. It has been observed
that the pixels belonging to the ice blocks exhibit remarkably elevated ALICE index values
(up to 109 when observing only the highest anomalies), which highlights reflectance
values that are clearly anomalous compared to those expected (multi-temporal mean) on
sea pixels.

-51.7

64.2
64.2

‘I Detected icebergs
RST

12<®B3<10
10 < ®B3 <31
m > 31

-51.8

Figure 7. Application of ®ssindex on the 26 September 2016 at 15:09 (UTC) S2 image in the Nuuk
AOQI the result shows Qs3> 2 based on three different colour patterns; the mainland is shown in
black, using the land-sea mask. The red dotted circles indicate the identified icebergs (labelled with
numbers and letters), the green rectangles indicate the boats, and the purple ones highlight the

“other objects”.

By comparison with the information on the icebergs present in the same scene, as
reported by Heiselberg P. and Heiselberg H. [40] in Figure 1, it should be noted that at
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values of @ss > 2, a larger number of icebergs was identified. In total, 63 objects were
identified in the scene: 48 icebergs (the 25 identified in Heiselberg P. and Heiselberg H.’s
study, plus 23 additional “candidate icebergs”), seven boats (the same classified as “ships”
in the Heiselbergs study), and eight “other objects”, mainly located along the coast and
within the city’s port area. These objects are associated with temporary mobile platforms
(whose position may vary slightly over time) and reefs sometimes emerging from the sea
surface. As expected, no false positives resulted, unlike in the case of Heiselberg P. and
Heiselberg H.’s study, in association with permanent land pixels. It is important to
emphasise at this point that, using the fixed threshold proposed by Moyer [41], it would
have been possible to identify just one iceberg among those present in the AOI around
Nuuk, whereas with Fisser’s [46] threshold, the number would have increased only
slightly, making it possible to detect just four icebergs.

The following table (Table 2) summarises the data presented in Figure 7 and provides
additional insights into the number of anomalous pixels identified at @ss > 2. The relative
area occupied by these pixels is also delineated, along with the objects identified on the
sea surface.

Table 2. Summary of objects (corresponding to pixels with ®ss> 2) detected within the Nuuk AOL

RST-Objects in Nuuk AOI
Alice Index ®s; Number of Pixels  Area (m?) Identified Objects

48 icebergs; 7 moored and sailing

431 43,1
Rz>2 3 3,100 ships; 8 other objects

As shown below, to better illustrate the potential advantages of using the RST
approach over fixed-threshold techniques for iceberg detection, a transept was drawn
across a portion of the image under investigation. Figure 8 shows the location and
orientation of “Transeptl” within the Nuuk AQ], intersecting three small icebergs (with a
horizontal extent at sea level ranging from 15 to 60 m; [93]) also identified in the study by
Heiselberg P. and Heiselberg H. [40] in the same area (namely icebergs 24, 27 and 29 in
Figure 1).

— Transeptl

64.2

Inset box

(@) (b)
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Figure 8. (a) Geographical location of “Transeptl” (shown in green), which crosses a section of the
MSI-S2 image acquired in the Nuuk AOI on 26 September 2016. (b) A detailed view of the box
depicted on the left: the green transept intersects three small icebergs in the area (RGB background).

Based on the transept described above, the results obtained using the RST
methodology were compared with those derived from the two fixed-threshold
approaches applied to NIR S2 band 8 (B8) and proposed by Moyer [41] and Fisser [46]. It
is worth recalling the discussion presented in the Introduction (Section 1): namely, that a
reflectance threshold of 0.3 was adopted for the AOI in Nuuk in Moyer’s approach
because the satellite image was acquired in autumn, whereas a threshold of 0.12 was used
in Fisser’s approach.

Figure 9a illustrates the spatial variation in the signal and shows that, when the two
fixed-threshold methods are applied, pixels 14, 51 and 107 —which belong to the three
icebergs—are not classified as ice because their reflectance values in Band 8 (NIR) fall
below the adopted thresholds, resulting in false negatives. By contrast, the same three
pixels are correctly identified as icebergs by the RST approach, as their reflectance values
in Band 3 are classified as anomalous, with @gs index values exceeding two, as indicated
by the arrows in Figure 9b.

Transept1

B8 (NIR) reflectance ——
Moyer (B8 > 0.30)
Fisser (B8 > 0.12) — - -

0.24

0.22

0.20

0.18

0.16

0.14

0.12

Signal

0.0418 0.0348

15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100 105 110

Pixel

(@)

B3 reflectance ——

= 20.69
®s3 Mp3+20p3 ——

Mean pp3

0.04

0.02

0.00

Pixel

(b)

Figure 9. The graphs show the signal trend along transept 1; (a) shows the spatial distribution of
reflectance in band 8 (NIR) along “Transeptl” within the image acquired by S2, as well as the
corresponding thresholds proposed by Moyer [41] and Fisser [46]. Green-bordered squares indicate
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the pixels (nos. 14, 51 and 107) where false negatives occur. Graph (b) highlights the spatial trend of
the parameters used by the RST approach for the identification of anomalous pixels. In this case,

anomalies are detected at pixels 14, 51 and 107.

3.2. Additional Case Study— Newfoundland and Labrador Region, Canada

As described in Section 2 (“Materials and Methods”), an additional test was carried
out in a sector of the Labrador Sea, off the northeastern coast of Canada, in order to
evaluate the performance of the considered iceberg detection method in different
environmental and seasonal conditions.

For the Labrador Sea AQ], the information provided by the IIP, whose 2021 database
indicates the presence of five large icebergs on the selected date and area of interest, was
considered for validation. Figure 10 shows the results obtained using the RST approach:
13 icebergs are identified already at @ss > 10, with &ss values generally higher than 30
(reaching up to 107 at a pixel belonging to iceberg n. V). This means, higher and higher
reliability, as higher and higher values of the Alice index, corresponds to more and more
rare events.

-61.9 -61.8

RST

B 10 < @B3 <30
B 30 < ®@B3 <50
m > 50

. .
-61.9 -61.8

Figure 10. Application of the RST approach to the S2 image of 10 August 2021 at 15:39 (UTC) within
the Labrador Sea (RGB in background). The spatial distributions of ®ss values around the icebergs
identified at ®ss > 10 are displayed in the insets on the right (A-]), together with their RST identifier
numbers (I to XIII).

Among them:

e  The ones numbered from I to V correspond to the five icebergs reported by the IIP.
As can be seen in Figure 11, the positions of the icebergs identified in the image
utilised for change detection do not coincide exactly with those indicated in the IIP
database due to the time difference between the sighting time recorded by the IIP
and the time at which the Sentinel-2A platform passed the area. In fact, the first case
involves a radar/visual sighting by the Canadian Coast Guard (CGBT) at 08:52 UTC,
while the satellite image was acquired approximately six and a half hours later, at
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15:39 UTC, on the same day. During this time, the five icebergs may have been carried
southwest by the Labrador Sea’s cold currents, which typically move from north to
south along Canada’s east coast [78], winds and waves. The distances traversed by
the icebergs examined, all along the same direction (southwest), ranging from 1.89
km to 8.83 km approximately (see Figure 11), are in fact in line with Dalton’s
conclusions in 2025 [3], who stated in his study that icebergs can reach top speeds of
up to 2.3 m/s.

The ones numbered from VI to XIII correspond to eight potential additional ice blocks
detected, with wide widths ranging from 10/20 to 70 metres, for a total of 167
anomalous pixels. Therefore, these smaller additional “candidate icebergs” appear to
fall into the category between “Bergy Bits”, which have widths between 5 and 14
metres, and “Medium Bergs”, which range from 61 to 122 metres [93].

-62.0 -61.9 -61.8
. 0 .

Distance (Km)
o IIP Database 2021
Iceberg ID

" ' .
-62.0 -61.9 -61.8

Figure 11. Distance between the positions of the five icebergs recorded in the IIP database, sighted
at 08:52 UTC on 10 August 2021 in the Labrador Sea AQI, and the ones (numbered from I to V)
detected by RST within the image acquired by S2 on the same day at 15:39 UTC (RGB background).

Comparing these results, once again, with the ones of the fixed-threshold

methodologies discussed earlier, it is important to note that:

By using the s index proposed by Heiselberg P. and Heiselberg H. [40], it would have
been possible to identify the five icebergs recorded by the IIP, but at the same time,
this would have resulted in dozens of false positives, as shown in Figure 2 in the
introduction;

By applying the thresholds proposed by Moyer [41] and Fisser [46] —which in this
case are almost identical, as the image analysed was acquired in August (meaning
that Moyer’s threshold changes from 0.3 to 0.13, whilst Fisser’s remains at 0.12) —it
would be possible to identify all the icebergs present in the IIP dataset, and just one
of the small icebergs not recorded by the organisation operating along the Canadian
coast, bringing the total to six;
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e  The RST methodology, applied to the B3 band, enabled the identification of the
largest number of icebergs (13) present in the area under investigation, while at the
same time avoiding false positives.

For this second case study, two further transepts, “Transept 2” and “Transept 3",
were drawn across the 52 image of the Labrador Sea collected on 10 August 2021. The
location of “Transect 2” is shown in Figure 12. In Figure 13, the values of the I+ index—
computed following Heiselberg P. and Heiselberg H. [40]—across “Transept2” are
depicted.

-62.0 -61.9 -61.8

— Transept2

60.9
60.9

Inset box

Inset box

-62.0 -61.9 -61.8
@) (b)
Figure 12. MSI-S2 image acquired in the Labrador Sea AOI on 10 August 2021 (RGB in background):
(a) geographical location of “Transept2” (dashed white box) and (b) close-up view of the green
transept that intersects the iceberg (IIP n. 186, RST id n. IV).

The graph in Figures 13 and 14 shows that, by applying both the Heiselberg P. and
Heiselberg H. [40] fixed-threshold method and the RST approach, the iceberg reported as
n. 186 by the IIP is correctly detected at pixels 190,192-194 along the transept.

However, in Figure 13, around pixel 18 (highlighted by the black-bordered box),
over-threshold s values seem to indicate the presence of an object on the sea surface which
apparently does not exist. In fact, fixed-threshold methods can be prone to false positives
related to the natural variability of the sea surface that, in particular conditions (e.g., sea
roughness caused by adverse weather, sun-glint phenomenon, bathymetry changes due
to tidal cycles) can reach over-threshold values even in the absence of any superficial
object.

The same does not happen when the RST approach (Figure 14) is applied. In fact,
around pixel 18, over-threshold ®ss values are not reached thanks to the higher value of
os3(x,y) —typically associated with locations/periods characterised by high signal
variability —that, in Equation (1), prevents ®ss(x,y,t) from reaching higher and higher
values as far as the values of the denominator oss(x,y). For this reason, false positives can
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be avoided by RST, even in the presence of high B3 reflectance measured in particular sea
surface conditions.

Heiselberg approach - Transept2

Iy Index ——

Heiselberg thresholds (I4 > 500) —-—

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200 210 220
Pixel
Figure 13. The plot shows the spatial distribution of the I+ index proposed by Heiselberg P. and
Heiselberg H. [40] along “Transept2”; the black-bordered square indicates the pixel (no. 18) where

a false positive occurs.

RST methodology - Transept2

045

B3 reflectance ——

040
Mp3+100p3

035 Mean pg3

0.30

0.15

0.10 W
s et S A |

0.00
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200 210 220

Pixel

Figure 14. The graph highlights the spatial distribution, along the “Transept2” of the parameters
used in the RST methodology to identify anomalous values associated with icebergs. The black-
bordered square indicates the pixel no. 18 with no associated anomalies. Note that the large iceberg
reported as n. 186 by the IIP is correctly identified by RST (as. n. IV) at pixels 190, 192-194, with ®egs
values well above 10 (from 20 up to 70).

On a further transept—“Transept3”, plotted within the same image in Figure 15—the
performance of the other two fixed-threshold methods (Figure 16) proposed by Moyer et
al. [41] and by Fisser [46], as well as the ones achieved by the RST approach (Figure 17),
were analysed.
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-62.0

-61.9 -61.8

— Transept3
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-61.9 -61.8

(@) (b)
Figure 15. MSI-S2 image acquired in the Labrador Sea AOI on 10 August 2021 (RGB in background):
(a) geographical location of “Transept3” (dashed white box) and (b) a detailed view of the area of
the dashed white box depicted on the left: the green line (“Transept3”) intersects four icebergs in

the area.

From an inspection of Figures 16 and 17, it can be concluded that:

e All considered methods appear capable of detecting the largest iceberg at the bottom
of the inset in Figure 15b, corresponding to the iceberg reported as n. 186 by the IIP
and also included in the previous “Transept2”. It is detected by RST (applied to B3
reflectances), at pixels from 142 to 149 along “Transept3” and at pixels from 144 to
148, by using the Moyer and Fisser thresholds applied to NIR band 8 (B8). The
apparent minor extension of the iceberg detected using the B8 band is not surprising
considering the higher penetration in the sea water of B3 radiation (compared with
the B8 one) [94-97] which allows us to receive the reflected signal even from the
submerged part of the iceberg itself.

e Inaddition, along the upper section of “Transept3”, three further objects can be easily
recognised on the sea surface (Figure 15b) as further small “candidate icebergs” not
included in the IIP dataset. Regarding these three objects, from Figure 16 it is evident
that both the two fixed-threshold approaches may have resulted in false negatives,
i.e., missed icebergs. On the contrary (arrows in Figure 17), they are detected at pixels
5, 55-56 and 63, by RST (with quite significant ®ss values from 11 up to more than
16) as the icebergs n. IX, X and XI of Figure 10.
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Moyer and Fisser approaches - Transept3
035

B8 (NIR) reflectance ——
0.30 Moyer (B8 > 0.30)
Fisser (B8 > 0.12) — - -
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Pixel
Figure 16. Spatial distribution along “Transept3” of reflectance values in the NIR band (B8 of 52)
and the corresponding thresholds set by Moyer [41] and Fisser [46] for iceberg detection. The purple

boxes highlight the pixels corresponding to the three “candidate icebergs” not identified by the two
fixed threshold methods.

RST methodology - Transept3
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B3 reflectance ‘ ‘
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Figure 17. Spatial distribution along “Transept3” of reflectance values in the VIS band (B3 of S2) and
related parameters used by the RST-based iceberg detection. The arrows highlight the pixels (with
®s3> 10) identified as “candidate icebergs,” also reporting the associated ®ss value.

4. Discussion

The early detection of drifting icebergs is crucial for navigation safety and offshore
activities, as it helps to prevent accidents and, at the same time, allows for the monitoring
of their evolution in space and time, providing the opportunity to take precautions or
corrective action. In order to provide timely information, a constellation of polar satellites
was selected. In fact, satellite observations from polar-orbiting constellations are
particularly suitable for monitoring high latitudes where they can achieve much shorter
revisit times, enabling daily monitoring of large oceanic areas.

The present study provides an initial validation of this iceberg-specific RST
configuration. The RST methodology is applied for the first time to the visible band B3 of
52-MSI for the timely and automatic detection of icebergs in the polar regions. Its intrinsic
and easy exportability to different geographic areas, periods, and sensors represents one
of the main advantages of the proposed approach, which will allow the results of the
preliminary tests presented in this study to be extended to a more extensive data set. In

https://doi.org/10.3390/rs18203526



Remote Sens. 2026, 18, 3526

21 of 30

the present study, and in comparison with traditional fixed-threshold methods, RST
demonstrated a higher sensitivity (in detecting even very small icebergs) with a negligible
number of false positives (about zero if all the other objects representing a danger for
navigation are considered).

False positives were particularly considered in the Nuuk test-case, where not just
icebergs but also other kinds of objects that are potentially dangerous for navigation [98—
100], such as vessels and shallow features (e.g., reefs) emerging near the coastline, were
detected by RST. Vessel movements are generally monitored through the Automatic
Identification System (AIS); however, in polar regions some ships may transmit weak or
unreliable signals due to technical limitations or environmental conditions. In other
situations, AIS transmitters may be deliberately switched off in order to avoid geolocation,
a practice often associated with so-called “shadow fleets” [101]. In both cases, vessels may
remain undetected by conventional monitoring systems and therefore represent potential
hazards for navigation that are comparable to drifting icebergs. Additionally, the
obligation to communicate via AIS is not applicable to small vessels and military ships
[45]. For these reasons, it is frequently challenging to obtain frequent and up-to-date
information about icebergs and ships at high latitudes. In this context, satellite-based
anomaly detection may also contribute to the identification of surface objects that could
otherwise remain unnoticed. Anomalies associated with reefs or shallow waters were
identified exclusively near the coast and, specifically, within the port area, where vessels
typically operate with greater caution and at limited speeds. RST methodology, applied
to the B3 band, allows the identification of a large number of potential icebergs, even at
the expense of including other surface objects such as vessels or shallow features;
however, this is useful for safe navigation purposes.

Conversely, the analysis conducted in the Labrador Sea regards a scenario that is
different from the one previously analysed, with no shallow waters or vessels. In a less
disturbed context, icebergs were detected at very high relative intensities (from &ss > 10
up to @s3>107 on the icebergs also reported by the IIP), allowing the detection of even
very small ice objects (not listed in the IIP database) with high confidence and zero false
positives.

The RST methodology was successfully applied to the detection of icebergs by using
a single S2 spectral band (B3), and the findings demonstrate that results achieved in this
way are comparable or better than those achieved, on the same data, by prior research
employing fixed-threshold approaches to one S2 band, or even more.

Compared with their first application, when applied to different geographic areas,
all the considered fixed-threshold methods were the worst performing, showing a
proliferation of false positives and/or of missed detections.

A further salient aspect pertains to the method’s capacity to deliver, with a non-
supervised classification, results in a timely manner thanks to the shorter revisiting time
of polar-orbiting satellites at high latitudes and to the large volume of open-access ESA
data available within the GEE environment. When suitable satellite acquisitions are
available, this may represent a significant advantage compared to traditional in situ
reconnaissance activities (e.g., aerial and naval surveys) carried out by the IIP along the
Canadian east coast, which are both time-consuming and costly. Moreover, even when
the IIP uses data from satellite constellations equipped with radar instruments (e.g., ESA
Sentinel-1, RADARSAT Constellation Mission) to detect icebergs, this does not guarantee
that the results of the identification process will be available within a short timeframe.
Indeed, the data from the previous 24 h must first be downloaded by analysts, who must
then process it manually, one by one, to verify which objects are actually icebergs and
which are not [35]. This highlights the value of having an intrinsically exportable
methodology such as RST (e.g., [55,56,58,102,103]), which, together with a tool such as
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GEE, could enable straightforward, efficient and timely investigations on icebergs on a
global scale in any geographical area, at any time and by using different sensors. This
would facilitate analysis in remote and large areas in which obtaining data through in situ
investigations would be particularly complex or, in some cases, impossible.

Limitations and Future Developments

Despite the promising results, it is important to take into account some limitations
associated with the optical iceberg detection in the Arctic marine environment, such as
the frequent cloud cover, which can prevent observation of the sea surface [104].

In addition, multispectral instruments operating in the Solar Reflectance spectral
region require daylight conditions and, at high latitudes, during the winter months, low
solar elevation angles (SZA =~ 90°) limit the availability of the reflectance data. Regarding
the RST approach, one of the main challenges is managing the large size of the dataset
required for its application. In this study, a minimum of 15 images for the same month
over the reference period (e.g., 2016-2025) was considered sufficient to obtain quite stable
u(x,y) and o(x,y) reference fields. However, larger datasets (~80 images) have been
suggested (e.g., [105]) to ensure their actual stability.

Discussing the results obtained by the method in the context of the existing
challenges of detection in marine areas near the Arctic, although RST reduces false alarms
associated with the normal spatial and temporal variability of the sea surface, further
validation is also needed in the presence of sea ice or brash ice and under highly variable
sea states or strong sun-glint conditions.

In relation to the above limitations, future developments of this study —with further
analyses to be carried out in other geographical contexts—include the integration of the
iceberg monitoring system with image datasets provided by other optical satellite sensors,
whilst also considering applying the RST methodology to other spectral bands, and in
particular:

1. The ones operating on the Landsat 8 and Landsat 9 satellite platforms (launched in
February 2013 and September 2021, respectively). Both platforms are equipped with
an Operational Land Imager (OLI), a multispectral sensor operating in the visible and
NIR at 30 m, and a Thermal Infrared Sensor (TIRS), which acquires thermal infrared
(TIR) data at 100 m (resampled to 30 m to match OLI data). At latitudes above 60°,
Landsat satellites provide images with a revisit time well below 8 days (frequency at
the equator), achieving up to 85 per cent swath overlap at the highest latitudes [106].
Their Mean Local Solar Time (MLST) value is very close to the overflight time of the
S2 constellation satellites (10:00 a.m. +15 min for Landsat 8/9, 10:30 a.m. for S2). This
temporal compatibility may facilitate the integration of multispectral datasets
acquired from the two constellations, enabling the acquisition of a greater number of
consecutive images in the optical band this way, increasing the possibility of cloud-
free observations as well as monitoring continuity. Moreover, the RST strategy could
be extended to TIR sensors like LANDSAT/TIRS (e.g., [61]), leveraging the
complementary value of jointly exploiting optical and thermal information [107] to
also detect icebergs during the polar nights. Again, the higher temporal repetition
guaranteed for polar satellite sensors in polar regions makes possible what will be
very complicated to achieve at lower latitudes (mostly because of the insufficient
number of images available for reference field computation).

2. The Visible Infrared Imaging Radiometer Suite (VIIRS), flying on board the Suomi
National Polar-orbiting Partnership (NPP) and NOAA-20 and -21 platforms. It has
an extremely sensitive panchromatic band, known as the Day/Night Band (DNB),
which spans from the visible spectrum (0.5 pm) to the near-infrared (0.9 pm) and is
capable of collecting spectral data both during the day and at night, even under very
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low light conditions [108,109]. In fact, it is capable of utilising not only sunlight but
also sources such as light from the moon, the aurora borealis and atmospheric glow,
making it a useful tool for collecting information both at night and during those
periods of the year (late November to early January) when the sun is very low on the
horizon in the polar regions. Using the constellation of three VIIRS satellite sensors,
it would be possible to obtain, at latitudes greater than 55°, more than eight images
per day with a native spatial resolution of approximately 375 metres [108]. Such
extraordinary VIIRS-DNB capabilities, together with the enhanced sensitivity
guaranteed by the RST approach, could compensate for the loss of signal intensity
associated with the lower spatial resolution compared with both the S2 and
LANDSAT sensors, and could, for example, enable the detection and tracking of
large bergs even in the absence of sunlight.

5. Conclusions

Despite considerable advances in the field of sensors and remote sensing techniques,
iceberg detection remains a particularly complex and challenging task. Icebergs represent
a significant hazard, particularly in the context of navigation safety and offshore activities.
In this study, the RST methodology was employed for the first time to identify icebergs,
using Sentinel-2 optical data acquired by the MSI sensor and, specifically, using only the
B3 band centred at 560 nm.

Regarding detection performance, in the Nuuk test case, the RST approach identified
all the icebergs reported by Heiselberg P. and Heiselberg H. [40], together with additional
“candidate icebergs” and other objects on the sea surface, without generating false
positives related to permanent land pixels. It should be noted that the non-iceberg objects
(e.g., ships and reefs) identified by RST correspond to information that is usually already
available to navigators who can easily distinguish them from icebergs. However, such
information remains valuable, particularly at high latitudes where some vessels may not
reliably transmit their position through the AIS, thereby posing a potential risk to
surrounding maritime traffic. Conversely, the other two considered fixed-threshold
methods that showed, in this case study, very poor iceberg detection capabilities, missing
almost all the icebergs present in the area.

The analysis performed on the second testing area along the northeastern coast of
Labrador allowed us to test and compare the exportability of the iceberg detection
methodologies in different geographical and seasonal contexts. The RST method, applied
to the B3 band, confirmed its detection capability, successfully identifying all the icebergs
reported by IPP, as well as additional smaller “candidate icebergs”, without false
positives. By contrast, the fixed-threshold methods either missed several icebergs or
produced a very high number of false positives.

It should be emphasised that the RST approach is intrinsically and easily exportable
on different geographic areas, temporal periods and sensors, as widely demonstrated in
many other studies in which the methodology has been used. In fact, being solely based
on the satellite data at hand, the only requirement for its implementation is the availability
of a sufficiently long time series of satellite imagery collected in observational conditions
similar to the image at hand. As also shown in this study, no assumption and no
adjustment are required when moving from one test case to another, from one sensor to
another.

We have seen in this study how much the high temporal resolution of the S2
constellation at polar latitudes, in conjunction with the implementation of the RST
methodology within the GEE environment, facilitated and accelerated the automation of
the iceberg detection process, also opening to further practical implications. For instance,
as a future development, the possibility of implementing an automated plugin within the

https://doi.org/10.3390/rs18203526



Remote Sens. 2026, 18, 3526

24 of 30

GEE environment can be explored, which would be capable of providing maritime
operators with systematic updates on iceberg (and additional potentially dangerous
objects) presence along the main shipping routes in the Arctic regions.

Notwithstanding some limitations related to cloud cover and illumination conditions
and the need to perform further analyses in more complex environments (e.g., in the
presence of sea ice), the proposed approach provides a simple and scalable framework for
iceberg monitoring, offering a great trade-off between detection reliability and sensitivity.
Its applicability to different regions and the potential integration with additional satellite
datasets further support its use for large-scale and operational iceberg detection,
especially when considering the busiest Arctic shipping routes.

Supplementary Materials: The following supporting information can be downloaded at
https://www.mdpi.com/article/10.3390/rs18203526/s1. An additional file contains details about the
spectral reflectance profile in the Sentinel-2 B3 band (green at 560 nm, with a spatial resolution of 10

m) for those objects identified in the text as ‘candidate icebergs’.
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The following abbreviations are used in this manuscript:

iy International Ice Patrol
SAR Synthetic Aperture Radar
NIR Near-infrared

SZA Solar Zenith Angle

S2 Sentinel-2

MSI Multispectral Imager

RST Robust Satellite Techniques
RAT Robust AVHRR Techniques
ESA European Space Agency
AOI Area of Interest

GEE Google Earth Engine
S2-MSI  Sentinel-2/MSI

L1C Level-1C
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TOA Top Of Atmosphere

S2-CP Sentinel-2: Cloud Probability

ALICE Absolutely Llocal Index of Change of the Environment
NDWI Normalised Difference Water Index

S2A Sentinel-2A

CGBT Canadian Coast Guard

AIS Automatic Identification System
OLI Operational Land Imager

TIRS Thermal Infrared Sensor

TIR Thermal Infrared

MLST Mean Local Solar Time
VIIRS Visible Infrared Imaging Radiometer Suite

NPP Suomi National Polar-orbiting Partnership
DNB Day/Night Band
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