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Iceberg Detection in Open and Ice-Infested
Waters Using C-Band Polarimetric
Synthetic Aperture Radar
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Abstract— Icebergs can cause a significant threat to shipping,
offshore oil and gas production facilities, and subsea pipelines.
Synthetic aperture radar (SAR) is a well-established tool for
detecting and monitoring sea-ice objects in the often dark
and cloud-covered polar regions. However, detection of small
icebergs floating in nonhomegeous sea clutter environments is
still a challenging task. We propose a new methodology for
automatic identification of potential icebergs in high-resolution
polarimetric SAR images. The algorithm adopts to various seaice conditions and it tackles high iceberg density situations and
heterogeneous background conditions in the marginal ice zone.
Results from a time series of RADARSAT-2 data containing
numerous icebergs broken off from glaciers in Kongsfjorden on
Svalbard demonstrate that the approach is viable.
Index Terms— Feature extraction, iceberg detection,
ice-infested water, near real-time (NRT) services, polarimetry,
sea state, segmentation, synthetic aperture radar (SAR).

I. I NTRODUCTION
ALVING of icebergs at the tidewater glacier fronts is a
component of the regular mass loss from glaciers and ice
sheets in Arctic regions [1]. Studying the regional distribution
of icebergs, their volume, motion, and interaction with the
environment is of interest. This interest is driven by the need
for: 1) short-term iceberg drift predictions as a key to risk
mitigation in shipping [2] and 2) more knowledge about the
role of icebergs in long-term climate change [3]. Due to the
vast Arctic regions to be monitored, the lack of light during
the polar night, harsh weather conditions, and spaceborne
synthetic aperture radar (SAR) is the preferred sensor for
iceberg detection.
The potential of SAR remote sensing for iceberg detection
depends on several factors: 1) physical properties of the
iceberg itself, such as size, shape, and structure; 2) SAR
sensor specific properties, such as incidence angle, resolution,
frequency, and polarization; 3) geophysical parameters, such
as winds, sea state, surface currents, temperature, and seasons;
and 4) the backscatter of the surrounding sea ice or open
water [4].
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Many studies have demonstrated the potential of singlechannel SAR images for icebergs detection and characterization [5]–[8]. However, RADARSAT-2 (RS-2) and the recently
launched Sentinel-1 provide dual- and quad-polarization SAR
data, respectively. It is shown, for instance, in [9]–[11], that the
additional information contained in such multipolarization data
improves iceberg characterization and classification. When
monitoring sea-ice regions by polarimetric SAR (PolSAR)
systems, a variability in the radar backscatter between classes
is observed due to differences in the geometrical and dielectric
characteristics of the objects [12]. This property can be used
to differentiate water (with low backscatter due to specular
reflection of the signal on the flat surface) and ice (with
higher backscatter) and potentially classify different types of
ice according to the variability of scattering (depending on
the roughness, structure, and salinity of the ice). The radar
backscatter of the sea surface is determined by the sea surface
roughness caused by the wind and the sea state. Icebergs and
sea ice have different characteristics and properties, and it is
important to separate these two types of ice. Pieces of sea
ice have lower average backscattering than icebergs due to a
smoother surface on sea ice [13]. This means that icebergs
are expected to stand out from sea ice as brighter objects.
Under cold conditions with icebergs situated in calm open
water or in young undeformed sea ice, the radar signature
contrast between the icebergs and the background clutter is
high enough to accurately identify icebergs. However, snow
on the surrounding sea ice or water on the surface of the
iceberg can decrease the contrast between these two, which
makes the discrimination more difficult [8], [9].
Marino et al. [11] recently proposed a new iceberg detector
to identify small icebergs in sea ice using dual-polarization
SAR images named the dual-polarization ratio anomaly detector (DPolRAD). The algorithm is based on the combination of
cross- and co-polarized channels. The DPolRAD was extended
to HV-DPolRAD for improving the contrast between icebergs
and sea ice by multiplying the detector by the intensity of
cross-polarization HV channel. The rational for this detector
is that small icebergs are supposed to have a stronger cross
polarization and higher cross- over co-polarization ratio than
surrounding open and ice-infested water. Beyond this, there
has not been too much research on iceberg detection with
PolSAR. Kim et al. [10] studied the potential of different
polarimetric parameters derived from Freeman–Durden and
H/A/alpha decompositions to distinguish icebergs and sea ice.
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Fig. 1. Radar scattering mechanisms for iceberg and its surrounding open
water and sea ice.

They showed that the radar signatures of most icebergs are
dominated by volume scattering and/or multiple reflections,
whereas radar backscatter from open water and saline sea ice
is mainly determined by surface scattering and/or specular
reflection, as shown in Fig. 1. In those cases, icebergs could
be successfully distinguished from sea ice and open water.
However, there are also cases in which the backscattering signatures of icebergs resembled those of thick and/or deformed
sea ice. Dierking and Wesche [9] investigated polarimetric
signatures of drifting and grounded icebergs in sea ice. In order
to effectively distinguish them from sea ice, various polarimetric parameters were extracted and combined. The analyses of
the co- and cross-polarization ratios, the phase difference and
correlation between the co-polarized channels, and H/A/alpha
decomposition were proved to be able to successfully distinguish between open water, sea ice, and icebergs. Yet there
were some icebergs classified as sea ice.
Our study is devoted to the potential of PolSAR data in
providing enhanced detection capabilities of icebergs under
challenging conditions.
A. Motivation and Objective
In the literature, there are many algorithms aiming at target
detection in SAR imagery. Among these algorithms, the wellknown constant false alarm rate (CFAR) detector has been
extensively used and applied for ship detection. The CFAR
target detectors adaptively determine the detection threshold
based on accurate statistical modeling of the local background
clutter measurements [14]. The CFAR approach is often implemented with the sliding window technique, and the parameters
of the hypothesized model are estimated within this local
reference window. But, in practice, even with a homogeneous
background, the sea clutter confined by the standard sliding
window is often contaminated, i.e., nearby targets can reduce

Fig. 2.
Example of RS-2 geometric brightness image of Kongsfjorden,
April 20, 2015. Icebergs are seen floating or grounded on a heterogeneous
background. A: area with high iceberg density. B: area with nonuniform wind
conditions. C: icebergs surrounded by ice-infested waters. D: one of the seven
islands and islets of Lovenøyane.

the sensitivity by contaminating the estimation window [15].
One common source of contamination is high iceberg density
areas, which usually occurs at the tidewater glacier fronts.
When there are too many icebergs in the local reference
window (see area A in Fig. 2), no longer statistical modeling
of the sea clutter is estimated, but of a mixture of sea clutter
and icebergs [16], which can result in severe degradation of the
CFAR detector performance causing missed icebergs. In target
detection context, this is generally known as the capture
effect [15], [17], [18].
Another challenge in iceberg detection is the heterogeneous
clutter that is caused by background intensity transition due
to meteorological and oceanic phenomena, e.g., transitions
between regions with different wind conditions and surrounding sea ice (see areas B and C in Fig. 2). This is referred to as
the clutter edge effect in [19] and [20]. This challenge raises
the number of false alarms and lowers the reliability of an
automatic detection result.
The typical issue in different types of conventional detectors
is that shoals, rocks, small islands, and islets can cause high
number of false alarms (see area D in Fig. 2). Hence, it is
important to include an initial stage in which land areas are
masked out of the image being processed [4]. In addition,
we note that the CFAR technique is adopted to identify bright
targets against a sea-clutter background, as long as these
targets are smaller than the sliding window used. The larger
icebergs vary widely in size and are frequently embedded in
sea-ice background, especially in winter, which adds to the
complexity of the problem.
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An outline of this paper was briefly described in [21]. With
the above described background in mind, the main objectives
of this paper are as follows.
1) Describe an iceberg detection system, especially for
coastal regions with fjords and islands containing a
mixture of open and ice-infested water under different
wind conditions.
2) Demonstrate the capability of the detection algorithm to
handle the capture effect and the clutter edge effect.
3) Demonstrate the benefit of utilizing the information contained in the polarimetry of the radar signal, as icebergs
are expected to exhibit different polarimetric behavior compared with other targets and the ambient
surroundings.
4) Exemplify how secondary information (estimated
iceberg size and iceberg density) can be directly derived
from the detection results.
B. Contribution of This Paper
To sum up, in situations with high iceberg density,
heterogeneous background clutter, and icebergs varying by
size or embedded in sea ice, the standard CFAR detector
may not be successful. To tackle all these challenging tasks,
an efficient, reliable, and fast detection algorithm is proposed
based on PolSAR data that could eventually be used for
operational purposes. An operational iceberg detector should
be fast and reliable and not excessively reliant upon a high
computational burden [11]. For this reason, the algorithm uses
a simple feature-based segmentation stage to produce distinct,
homogenous regions corresponding to ice and water from
which different attributes such as area, mean backscatter value,
and shape can be determined. The number of classes in the
segmentation algorithm is determined by an automatic strategy
based on information contained in the goodness-of-fit (GoF) of
the data to the estimated model. The proposed detector makes
use of different polarization channels; the differences between
clutter and targets can be magnified based on the responses at
different polarizations, which helps detection or classification.
The segmentation returns several clusters, but not all are
icebergs. The discrimination step uses the clustering results
to select the ones corresponding to icebergs. Compared with
the conventional CFAR detector, the proposed iceberg detector
has some advantages as follows.
1) It uses more information, because it models both clutter
and the targets, while CFAR detectors model only the
background clutter [22].
2) It can handle different sea stages and clutter-edge effects
automatically through segmentation [15], without needing window processing and tuning parameters of CFAR
(e.g., the user-specified false alarm rate and the size of
the reference window required in the CFAR approach).
3) The pixelwise segmentation automatically handles high
iceberg density situations.
The usefulness and effectiveness of the proposed method
for the detection of small icebergs are explored using full
polarimetric data from RS-2 in Kongsfjorden (Ny-Ålesund,
Svalbard) under different wind conditions and open water
and/or sea-ice target situations.
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This paper is organized as follows. Section II gives an
introduction to PolSAR data. Section III introduces our iceberg
detection methodology. The study area and data set are
described in Section IV, and the results of the analysis
are given in Section V. The conclusions drawn from the study
are presented in Section VI.
II. BACKGROUND ON P OLARIMETRIC SAR
A full-polarimetric imaging radar measures the amplitude
and phase of backscattered signals coherently in the four
combinations of the linear receive and transmit polarizations:
HH, HV, VH, and VV. These signals are used to form a
complex scattering matrix, denoted S = [Srt ] ∈ C2×2 ,
associated with each resolution cell in the image, which
relates the incident and the scattered electromagnetic fields
as follows [23]:
 s
 i 

e− j k R Shh Shv
Eh
Eh
=
.
(1)
s
Ev
Svh Svv
R
E vi
Here k denotes the wavenumber, R is the (radial) distance
√
between the radar antenna and the target, and j = −1
is the imaginary unit. The superscript of the electromagnetic field components indicates incident (i ) or scattered (s)
wave. The scattering coefficients Srt are subscripted with the
associated receive (r ) and transmit (t) polarization, which is
horizontal (H) or vertical (V). The term (e− j k R /R) considers
the propagation effects both in amplitude and phase. The
scattering matrix S, which holds the scattering coefficients
in (1), can be vectorized and represented as the scattering
vector S
S = [Shh , Shv , Svh , Svv ]T ∈ C4

(2)

where the superscript T denotes the transpose of a vector or a
matrix. Assuming that the target reciprocity condition is satisfied (i.e., Shv = Svh ), the lexicographic scattering vector, ,
with dimension d = 3 can be extracted from the scattering
matrix as
√
(3)
 = [Shh , 2Shv , Svv ]T ∈ C3
where the elements represent the complex backscattering
√
coefficients in the three polarimetric channels and 2 arises
from the requirement to conserve the total scattered power.
The vectors S and  are single-look complex (SLC) format
representations of PolSAR data. Single- and dual-channel
polarimetric data can be treated in a similar way as subsets of
lesser dimension and, most likely, proportionally less information. The polarimetric sample covariance matrix can be
calculated from the lexicographic scattering vector, which is
given as
L
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(4)

Here L is the nominal number of looks used for averaging,
(·) H and (·)∗ mean the Hermitian transposition operator and

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
4

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

1) preprocessing (multilooking and geocoding);
2) land masking;
3) polarimetric feature extraction;
4) segmentation;
5) discrimination.
They are sequentially explained in detail hereinafter. The
simple nature of the proposed method means that a new scene
can be imported, preprocessed, features extracted, segmented,
and icebergs identified in less than 10 min and, therefore, falls
well within the NRT processing desired for operational use.
It is worthy to note that the proposed methodology should also
work for dual-polarization data, although fewer polarimetric
features are available.
A. Preprocessing
The processing chain begins with the input of a
full-polarimetric SLC SAR image. The raw SLC data are
multilooked to obtain the complex covariance matrix data
and are then geocoded in an integrated processing stage. The
multilooking is done to obtain a reduction in speckle, while
geocoding is a necessary operation before subsequent land
masking.

Fig. 3. Methodology for the NRT iceberg detection processing chain based
on PolSAR images.

complex conjugation, respectively, and · denotes spatial
sample averaging. Hence, after multilooking, each pixel in the
image is a realization of the d × d stochastic matrix variable
denoted as [C], and the image is referred to as the multilook
complex (MLC) covariance image.

B. Land Masking
A recommended method of land masking is to use a highresolution land boundary map or a shoreline database [4].
This is important not only for the obvious reason that only
icebergs in the open water are of interest but also because
iceberg detector can produce high number of false alarms
caused by strong radar returns from the land. Accurate land
masking is generally difficult due to inaccuracy of recorded
coastlines, geocoding errors of SAR images, eroding coastlines, unmapped rocks, and tidal variations [25]. In this
case, automatic land detection algorithms need to be considered [26]. In this paper, land masking is performed with the
help of auxiliary data produced by the Mapping Section of the
Norwegian Polar Institute.
C. Polarimetric Feature Extraction
A number of intensity and multipolarization SAR features
are extracted from the local covariance matrix [C] using a
sliding window technique. These features are directly related
to the physical properties of the scattering medium.
1) Backscatter Intensities:

III. N EAR R EAL -T IME I CEBERG
D ETECTION M ETHODOLOGY

[C]11 = |Shh |2 
[C]22 = |2Shv |2 

(5)
(6)

The proposed iceberg detector aims at differentiating icebergs, open water, and sea ice based on quadpolarimetric (quad-pol) SAR images. The proposed processing
chain is also capable of providing results in the near real
time (NRT). The NRT service for SAR oceanographic applications means delivery of the final product within 30 min after
the image acquisition time [24]. The workflow of the proposed
NRT methodology for iceberg detection is shown in Fig. 3. The
iceberg-detection system in this paper consists of five major
stages as follows:

[C]33 = |Svv |2 

(7)

are found on the diagonal of the covariance matrix (4).
2) Geometric Brightness (GB):

(8)
μ = d det([C])
is a measure of the combined intensity in the polarization
channels [27]. μ is similar to the span but is equivalent
to the geometric mean of the eigenvalues rather than
the sum. The GB is expected to be sensitive to surface
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Fig. 4. (Left) Location of the study area in Kongsfjorden, Svalbard (red square). (Right) A zoomed-in map of Kongsfjorden adapted from [32]. The coast
and grounding lines are taken from https://data.npolar.no/dataset/645336c7-adfe-4d5a-978d-9426fe788ee3.

TABLE I
D ISCRIMINATION F EATURES AND R ANGES U SED
IN THE I CEBERG C LASSIFIER

roughness and volume scattering, aiding discrimination
between icebergs, thin sea ice, and open water.
3) Cross-Polarization Ratio:
γ =

|2Shv |2 
[C]22
=
[C]11
|Shh |2 

(9)

gives an estimate of depolarization of the SAR
signal [28]. The ratio is expected to be higher for
icebergs than thin sea ice and open water [9].
4) Relative Kurtosis (RK):

2
1
H [C]−1 
RK =
Ld(d + 1)
L

(10)

=1

is a statistical measure of the shape of a distribution
relative to a Gaussian distribution [29] and is expected
to be higher for icebergs and thick/deformed sea ice than
thinner/undeformed sea ice and open water [30].
These features are chosen based on the observation that
the iceberg or thick/deformed sea ice exhibits a different
polarimetric behavior compared with thinner sea ice or open

water. Note that numerous features have in the literature been
derived from SAR and proposed for sea-ice studies. However,
we confine our work to the above mentioned ones, as these
multipolarization features provide complementary information
and jointly hold strong discrimination power.
The extracted features do to a certain extent have a
non-Gaussian spreading. The features are therefore transformed, by, e.g., logging the parameters [31], to make their
sample distributions more symmetric and cause their spreading
to be closer to a Gaussian distribution. By incorporating
this transformation stage, simple segmentation methods, such
as a mixture of Gaussians, become applicable. Ignoring the
non-Gaussian nature of the clusters would have also caused
the Gaussian-based GoF testing to be a misconception; logging
the extracted features solves this issue.
D. Segmentation
The objective of this step is to segment the image into
distinct regions. We choose an already established methodology reported in [33] that is generic and relatively simple
to use. The input to the unsupervised segmentation method is
a vector containing the log-transformed intensities and multipolarization features from the PolSAR data in the previous
step
X = [|Shh |2 , |2Shv |2 , |Svv |2 , μ, γ , RK].

(11)

This unsupervised segmentation method groups all pixels
with similar statistical properties in the same cluster. The
advantage of this approach is its simplicity and speed, being
able to segment full scenes into meaningful class segments in
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TABLE II
RS-2 F INE Q UAD -P OL A CQUISITIONS I NVESTIGATED IN T HIS PAPER AND R ELATED AUXILIARY I NFORMATION AT THE K ONGSFJORDEN
M ETEOROLOGICAL S TATION D URING RS-2 OVERPASSES . S OURCE : W EATHER F ORECAST FOR N ORWAY AND THE
W ORLD F ROM THE N ORWEGIAN M ETEOROLOGICAL I NSTITUTE (M ET ) AND THE N ORWEGIAN
B ROADCASTING C ORPORATION (NRK) (https://yr.no)

a matter of minutes. The automatic segmentation is achieved
through a finite mixture model estimated with an expectation
maximization (EM) algorithm [34], which is shown as
f (X; ) =

K̂


πk f k (X; θk )

(12)

k=1

where X is the real M-D feature vector, K̂ is the number of clusters determined automatically with the GoF-based
approach in [35], πk are positive mixing weights summing
to one,  = (π1 , . . . , π K , θ1 , . . . , θ K ) is the collection of
all model parameters, and f k are the individual class model
pdfs, which is usually chosen as the multivariate Gaussian
component defined by


exp − 12 (X − μk )T  −1
(X
−
μ
)
k
k

(13)
fk (X; θk ) =
M
(2π) det( k )
with the mean vector μk = (μ1 , . . . , μ M ) and the M × M
covariance matrix  k , and θk = (μk ,  k ).
The initial state and the number of classes are addressed
with an automatic strategy by consistently starting as one class
and adaptively splitting classes until a statistical criterion is
satisfied in the GoF test. There is also an optional subsampling
procedure for reduced computation time [35]. It is simply conducted by taking every sth sample in the converted image sample vector. Fewer samples lower the sensitivity of the test, but
also dramatically speed up the segmentation. Finally, Markov
random field (MRF)-based contextual smoothing [36]–[38] is
applied after clustering to improve the quality and smoothness
of the final image.
The segmented image is the input to the discrimination step
where we separate icebergs from other classes.
E. Discrimination
The segmentation of a PolSAR image results in a number
of segments, corresponding to homogeneous regions in the
open water, sea ice, or icebergs. The clustering result does
not provide us the class labels. The discrimination step uses
the segmentation result to select the segments corresponding
to icebergs [39]. From the segmented image, it is possible
to extract effective features to distinguish icebergs from other
objects. A simple rule classifier is used to identify icebergs by

applying a set of parameters based on the brightness, geometry, and shape of the segmented region. Information about
the brightness of the segment is considered in the first set.
In the second set, the shape and geometry of the object are
analyzed. Looking in more detail, the following descriptors
are accordingly adopted.
1) Brightness: Icebergs generally represent higher brightness than that of the surrounding open water and/or
sea ice. Nevertheless, the overlap of iceberg and seaice radar backscatter coefficients indicates that using
the brightness alone could be a widespread problem to
detect all icebergs in a sea-ice cover, even if polarimetric
data are available. To avoid erroneous iceberg identification, an approach forward is to add information about
the shape of the objects under evaluation.
2) Maximum Target Size: The total number of pixels within
a segment is calculated and segments with a size larger
than a given threshold are eliminated.
3) Eccentricity: It is expressed as the ratio of the major to
the minor axes of an object approximated by its best fit
ellipse [40].
4) Compactness: It describes the object shape based on the
area A and perimeter P of candidate regions [40]. It is
defined as
4π A
.
(14)
C=
P2
The most compact region in Euclidean space is a circle.
Compactness takes the value of 1 if the segment has
a circular shape, while a much less value for complex
shaped regions.
Each segment is classified as an iceberg if all the above
discrimination features fall within the ranges specified by
the user. Table I presents the ranges in the discrimination
step we have used for this paper. Parameters eccentricity and
compactness basically eliminate long and often convoluted
bright sea-ice ridges [39]. The output of the discrimination
step is a binary image where each pixel is considered either a
part of an iceberg or a part of the background clutter.
Subsequently, the icebergs are polygonized and various
shape properties, such as area, perimeter, orientation, and
major and minor axis length of each iceberg, are made available in tabular form. The area of each iceberg is calculated by
counting the pixels in each iceberg segment and multiplying by
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Fig. 5.
Geocoded Pauli RGB compositions of the quad-pol SAR acquisitions on (a) April 17, 2015, 5:58; (b) April 18, 2015, 7:09;
(c) April 19, 2015, 16:38; and (d) April 20, 2015, 06:10. Green dashed rectangles: ROIs of SAR acquisitions. RS-2 Data and Products MacDonald, Dettwiler
and Associates Ltd. (2015)-All Rights Reserved.

the known pixel spacing. The major axis length is determined
from the longest distance between two vertices in an iceberg
polygon. The position of an iceberg is determined from the
centroid of the iceberg polygon. These may be converted into
geographical latitude and longitude using the geographic information of the geocoded PolSAR image. Eventually, geographic
positions and shape properties of icebergs can be delivered in

a standard format (e.g., shape file) to the NRT operational
services.
IV. S TUDY A REA AND DATA S ET D ESCRIPTION
In this paper, in order to increase the probability of observing icebergs, the data were acquired over Kongsfjorden in
Ny-Ålesund, Svalbard (see Fig. 4). Kongsfjorden is located
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Fig. 6.
Geocoded Pauli RGB compositions of the quad-pol SAR acquisitions on (a) September 23, 2015, 15:19; (b) September 25, 2015, 16:00;
(c) September 26, 2015, 07:13; and (d) September 27, 2015, 06:44. Green dashed rectangles: ROIs of SAR acquisitions. RS-2 Data and Products MacDonald,
Dettwiler and Associates Ltd. (2015)-All Rights Reserved.

at about 79◦N and 12◦ E on the west coast of Spitsbergen.
It is noted that two tidewater glaciers Kronebreen/Kongsbreen
terminating in Kongsfjorden are capable of delivering icebergs
to the fjord. Kongsfjorden was selected as a study site for
the following reasons: 1) multiple processes are present in
Kongsfjorden including wind, freshwater discharge, tide, and

ice formation and melting and its relation with the tidewater
glaciers Kronebreen/Kongsbreen [32], [41] and 2) different
environmental conditions such as freezing and melting, different sea-ice types, and different sea states. Changing conditions
affect the absolute radar backscatter as well as the relative
contrast between the icebergs and the surrounding open water
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Fig. 7. Polarimetric features extracted from land-masked RS-2 subscenes as highlighted in Fig. 5 estimated from spatially averaged data (4 × 4) containing
icebergs in open and/or ice-infested water background. (a)–(d) Geometric brightness, log(μ). (e)–(h) Relative kurtosis, log(RK). (i)–(l) Scatter plots of the
geometric brightness (x-axis) versus relative kurtosis (y-axis). White region: land. (a) GB, April 17, 2015. (b) GB, April 18, 2015. (c) GB, April 19, 2015.
(d) GB, April 20, 2015. (e) RK, April 17, 2015. (f) RK, April 18, 2015. (g) RK, April 19, 2015. (h) RK, April 20, 2015. (i) GB versus RK, April 17, 2015.
(j) GB versus RK, April 18, 2015. (k) GB versus RK, April 19, 2015. (l) GB versus RK, April 20, 2015.

and/or sea-ice background. The inner part of Kongsfjorden is
influenced by sea ice most of the year. From early autumn
in September to early summer in June, the study area is
more or less covered with sea ice. The outer part of the fjord
was either ice-free or covered with drift ice. The dominant
ice type in Kongsfjorden in winter is young ice, later in early
spring, it is first-year fast ice, and after the onset of melting,

it is a combination of fast ice and drift ice. In addition, icebergs
and ice pieces from surrounding glaciers can be found frozen
into the fast ice or drifting in open water. The latter is a typical
situation once all fast ice disappears in summer [32].
The satellite data included in this paper consist of ten fine
quad-pol C-band SAR scenes from the Canadian RS-2 satellite
from both ascending and descending orbits over a range of
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Fig. 8.
Polarimetric features extracted from land-masked RS-2 subscenes as highlighted in Fig. 6 estimated from spatially averaged data (4 × 4)
containing icebergs in open and/or ice-infested water background. (a)–(d) Geometric brightness, log(μ). (e)–(h) Relative kurtosis, log(RK). (i)–(l) Scatter
plots of the geometric brightness (x-axis) versus relative kurtosis (y-axis). White region: land. (a) GB: September 23, 2015. (b) GB: September 25, 2015.
(c) GB: September 26, 2015. (d) GB: September 27, 2015. (e) RK: September 23, 2015. (f) RK: September 25, 2015. (g) RK: September 26, 2015.
(h) RK: September 27, 2015. (i) GB versus RK, September 23, 2015. (j) GB versus RK, September 25, 2015. (k) GB versus RK, September 26, 2015.
(l) GB versus RK, September 27, 2015.

incidence angles from 23° to 50° as listed in Table II. The
images were delivered in the SLC slant-range format, which
are characterized by a nominal resolution of 5.2 m × 7.6 m in
slant range and azimuth, respectively, covering approximately
25 km × 25 km. RS-2 data containing icebergs in open water
and/or sea-ice background with different sea states are used to

evaluate the performance of the iceberg detection algorithm.
The SAR images were calibrated, multilooked, and geocoded
to a Universal Transverse Mercator grid to produce MLC
images with 20-m pixel spacing and 16 looks. Herein, spatial
averaging was performed by implementing a 4 × 4 moving
window in order to obtain the corresponding multilook data
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Fig. 9.
Results of iceberg detection within subsection from the archipelago Lovenøyane in Fig. 5. (Top to bottom row) April 17–20.
(a), (e), (i), and (m) Pauli Images. (b), (f), (j), and (n) Segmentation results produced by the segmentation processor. (c), (g), (k), and (o) Detection masks.
(d), (h), (l), and (p) Geometric brightness image with superimposed the centroids of the detected icebergs. White region: land.

based on a compromise between the minimum degradation
in spatial resolution and speckle reduction. Since we focus
on ocean regions, the calibration of the SAR images did not
include terrain correction.
Figs. 5 and 6 show the geocoded Pauli composite
(R = HH − VV, G = HV, and B = HH + VV) of the

RS-2 acquisitions in April and September 2015, respectively.
In the scene collected on April 17 [Fig. 5(a)], there are
some ice edges visible on the eastern part of Lovenøyane
within the region of interest (ROI) indicated with a green
dashed rectangle, while the outer part is mostly free of ice.
Ice edges can also be observed in Fig. 5(b) within the ROI.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
12

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

Fig. 10. Results of iceberg detection within subsection from the archipelago Lovenøyane in Fig. 5. (Top to bottom row) September 23 and 25–27.
(a), (e), (i), and (m) Pauli Images. (b), (f), (j), and (n) Segmentation results produced by the segmentation processor. (c), (g), (k), and (o) Detection masks.
(d), (h), (l), and (p) Geometric brightness image with superimposed the centroids of the detected icebergs. White region: land.

The triangle shape on the northern part of Lovenøyane
in Fig. 5(b) likely presents thin sea ice. The low incidence
angles (24.6°–26.4°) of this scene cause increased backscatter
from open water compared with the other scenes, and hence,
we get a lower contrast between icebergs and open water.

The scene collected on April 19 is affected by higher wind,
which results in an increase of the ocean surface roughness,
and thus radar backscatter [see Fig. 5(c)]. On the same scene,
young fast sea ice along the eastern coast of the fjord is also
visible, where some small icebergs are embedded in sea ice.
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Iceberg size distribution (area and length of object’s major axis) of automatically detected icebergs in the RS-2 data series.

The scene collected on April 20 [Fig. 5(d)] represents the
most challenging case, where different sea surface features
result in nonhomogeneous clutter. An obvious clutter transition
between different sea states is found across the scene. An area
of high iceberg density along the eastern coast of the fjord is
also observed. Mixture of sea ice and open water in the inner
part of fjord around Lovenøyane within the indicated the ROI
is also an explicit feature of the scene.
Fig. 6(a) and (d) demonstrates another common situation in
the outer part of the fjord, where the backscatter transitions
between different regions yield multiple clutter edges. Fig. 6(a)
also demonstrates an example area of high iceberg density. It is
also clearly seen an area of wind-roughened open water with
increased backscatter in the inner fjord in Fig. 6(d) within
the indicated ROI. Fig. 6(b) and (c) shows a combination
of fast ice and drift ice attached to the eastern shore of
the fjord and on the threshold between Lovenøyane and
Blomstrandhalvøya, which delimits the boundary between the
inner and intermediate fjord.
V. E XPERIMENTAL R ESULTS
This section examines the proposed iceberg detection performance in various real scenarios based on RS-2 PolSAR
images listed in Table II and discussed in Section IV.
We confine this paper to the ROI highlighted in Figs. 5 and 6
covering an area of 8 km × 7 km and 401 × 351 pixels
in size. The intensities and polarimetric features are then
extracted for every scene and transformed to logarithmic

scale within the ROI. Here, we use the geometric intensity,
and the relative kurtosis as input. Among the different
polarimetric features described in Section III-C, RK and
GB are the ones that produce the smoothest and less
speckled segmentation results. Figs. 7(a)–(h) and 8(a)–(h)
show the GB [see Figs. 7(a)–(d) and 8(a)–(d)] and RK
[see Figs. 7(e)–(h) and 8(e)–(h)] obtained from covariance
matrix data in 20-m resolution for April and September scenes,
respectively. Figs. 7(i)–(l) and 8(i)–(l) illustrate the 2-D scatter
density plots for the features GB versus RK to demonstrate
that a simple mixture of Gaussian clustering may be quite
appropriate. These scatter plots show one or two distinct
globular clusters in most cases with the details of two more
minor clusters.
The number of clusters is automatically determined using a
GoF test stage. For the proposed segmentation-based scheme
for iceberg detection, the confidence level is set to 99% in
the GoF test, and a subsampling factor of s = 2 is applied.
A discrete MRF contextual smoothing stage completes the segmentation by integrating contextual information to improve the
connectivity among the image segments. Finally, the cluster
labels are sorted in the order of GB. The top two segments
with the highest GBs are then taken to be analyzed by the
shape and geometric parameters described in Section III-E to
identify icebergs from the other segments.
As shown from the Pauli RGB images in
Figs. 9(a), (e), (i), and (m) and 10(a), (e), (i), and (m),
there are icebergs visible as bright points floating or grounded
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TABLE III
N UMBER , T OTAL A REA , D ENSITY OF D ETECTED I CEBERGS , AND
RT ON THE RS-2 S CENES W ITHIN THE ROI.
IB: I CEBERG . RT: RUNNING T IME

in the area. Figs. 9(b), (f), (j), and (n) and 10(b), (f), (j), and (n)
illustrate the clustering result of the EM-based segmentation
processor. Yellow and brown classes correspond to the
clusters with higher brightness than others. It shows that the
segmentation algorithm is able to separate sea ice, icebergs,
and open water. As seen in Fig. 9(m), the most challenging
case, the segmentation can automatically handle not only high
iceberg density but also inhomogeneities caused by sea ice
in the background clutter. In Figs. 9(c), (g), (k), and (o) and
10(c), (g), (k), and (o), we illustrate the effect of applying the
discrimination, as described in Section III-E, such that only
iceberg-like objects are retained. Iceberg centroids are overlaid
on the GB images, as seen in Figs. 9(d), (h), (l), and (p)
and 10(d), (h), (l), and (p). We have also produced detection
maps from the CFAR algorithm on the GB image but not
included them in this paper. Degraded performance was
observed in the most challenging cases resulting in missing
icebergs and higher false alarm rate compared with our
iceberg detection methodology. Table III summarizes the
number of icebergs for each scene within the indicated ROI
with an averaged density per square kilometer. The running
times (RTs) of the proposed iceberg detection methodology
are also presented in Table III. The experiments were
conducted using a Macbook Pro with Intel Core i7 CPU
of 2.5 GHz and memory of 16 GB. The program codes were
written in MATLAB.
Information about the size of detected icebergs represents
in many cases valuable knowledge. For this purpose, the size
distribution (area and length of object’s major axis) of the
confirmed targets within the ROI in the RS-2 data series is
plotted in Fig. 11. The overall size and major axis length
range between 400–9600 m2 and 20–260 m, respectively. Note
that these numbers for the amount and size of icebergs are
special for the Kongsfjorden area and for this season and this
might not be a situation what an operator could expect on a
regular basis. Unfortunately, ground-based measurements are
not available for these data sets and the interpretations of the
results are only qualitative.
VI. C ONCLUSION
In this paper, we proposed an NRT processing chain for
iceberg detection using high-resolution C-band PolSAR data.
We have looked into iceberg detection in nonhomogeneous
sea clutter environments. The frequently encountered issues
caused by the capture and clutter edge effects are primarily

responsible for the degradation of the CFAR detection
performance resulting in an increased number of false alarms
and/or missing icebergs. A segmentation-based iceberg detection methodology has been proposed, where the introduction of the polarimetric features and the segmentation stage
have proved to be favorable and beneficial in various real
complex situations. We tested the algorithm with a series
of quad-pol RS-2 images covering different sea states, wind
conditions, and incidence angles in open and ice-infested water
background and high iceberg density areas.
Compared with the conventional CFAR detector, the proposed iceberg detection scheme can handle different sea states,
sea-ice target situations, and high iceberg density situations
without window processing. In addition, the proposed methodology is tuned for operational NRT services with an average
processing time of less than 10 min for a fine quad-pol RS-2
scene. Quad-pol SAR imagery acquired by current missions
is confined to small swath widths. Besides monitoring fjords
and harbors, this is a limitation for iceberg detection services
since vast areas are to be covered. However, the methodology
proposed in this paper can be applied to dual-polarization
SAR data with larger swath widths, such as data provided
by the European Space Agency’s Sentinel-1 extra wide mode.
However, the reduction in dimensionality is expected to have
a negative impact on detection performance. As a concluding
remark, we note that there is an outlook for future satellite
missions capable of providing quad-pol SAR data with larger
swaths, such as the German Aerospace Center’s Tandem-L.
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