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Abstract: Arctic sea ice detection is very important in global climate research, Arctic ecosystem pro-
tection, ship navigation and human activities. In this paper, by combining the co-pol ratio (HH/VV)
and two kinds of cross-pol ratio (HV/VV, HV/HH), a novel sea ice detection method is proposed
based on RADARSAT-2 quad-polarization synthetic aperture radar (SAR) images. Experimental
results suggest that the co-pol ratio shows promising capability in sea ice detection at a wide range
of incidence angles (25–50◦), while the two kinds of cross-pol ratio are more applicable to sea ice
detection at small incidence angles (20–35◦). When incidence angles exceed 35◦, wind conditions
have a great effect on the performance of the cross-pol ratio. Our method is validated by comparison
with the visual interpretation results. The overall accuracy is 96%, far higher than that of single
polarization ratio (PR) parameter-based methods. Our method is suitable for sea ice detection in
complex sea ice and wind conditions.

Keywords: sea ice detection; RADARSAT-2; synthetic aperture radar (SAR); polarization ratio

1. Introduction

As an important component of the Arctic, sea ice plays an essential role in Arctic
climate and ecosystems. Changes in Arctic sea ice have significant effects on global tem-
perature, ocean currents and biodiversity [1–3]. Long time-series satellite observations
and climate model predictions have demonstrated a decrease in sea ice cover and thick-
ness [4–8], due to global warming caused by emissions of massive amounts of greenhouse
gases. An examination of nearly four decades of pan-Arctic sea ice drift data obtained from
satellite sensors indicates a general rise in the intensity of ocean currents in the Beaufort
Gyre and Transpolar Drift [9]. This notable upward trend in ice drift speeds, amounting to
approximately 20% per decade, cannot be attributed to the comparatively weaker trend in
wind speeds. Rather, it is linked to the substantial trend in regions experiencing multiyear
ice depletion and exhibiting relatively low ice concentrations. Due to the reduction in sea
ice, sea-ice fauna, endemic fish and megafauna are experiencing a decline. However, the
phytoplankton biomass may increase due to increasing light penetration [2].

Significant changes have been observed in the Arctic climate. A recent study suggests
that Arctic temperatures are increasing four times faster than global warming [10]. More-
over, some abnormal weather events have occurred in the Arctic region [11,12], such as
abnormal heat, fires, increased rainfall, etc. These events have had a significant impact on

Remote Sens. 2024, 16, 515. https://doi.org/10.3390/rs16030515 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs16030515
https://doi.org/10.3390/rs16030515
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0009-0009-5519-9241
https://orcid.org/0000-0002-2070-8343
https://orcid.org/0000-0002-3598-2791
https://orcid.org/0000-0002-7514-3212
https://doi.org/10.3390/rs16030515
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs16030515?type=check_update&version=1


Remote Sens. 2024, 16, 515 2 of 25

the local environment, ecosystems, economies and communities. Furthermore, the acceler-
ating sea ice melting is driving an increase in Arctic activities, such as fishing, tourism and
shipping through the Northeast Passage between the Atlantic and Pacific Oceans. From the
viewpoint of both navigation security and efficiency, this leads to the urgent demand to
provide near-real-time sea ice detection maps in support of these activities.

In recent decades, Arctic countries, such as Canada, America, Russia and Norway,
have been continuing to provide daily or weekly sea ice charts based on manual visual
interpretation of multisource satellite imagery. Synthetic aperture radar (SAR) images are
more often used to produce sea ice charts due to their high resolution, wide coverage and
the capability of working day and night. Other observation data from passive microwave
radiometer (MWR) and optical sensors will also be analyzed by ice experts to provide
complementary sea ice information if they are available. Because the albedo of sea ice is
much higher than that of open water (OW), it is quite easy to discriminate bright sea ice
from dark OW in optical imagery. However, its strong dependence on sun illumination
and cloud-free weather conditions restricts its use in practical sea ice charting. The MWR
data have been widely used for producing operational global sea ice concentration (SIC)
products based on a series of mature retrieval algorithms [13–19], but their coarse resolution
(in the order of tens of kilometers) cannot meet the practical demands of society, such as
Arctic navigation.

The backscattering signatures of OW and different sea ice conditions are quite com-
plex in SAR images. Moreover, they easily become ambiguous in high wind conditions.
In particular, various sea ice types and OW can have very close backscatter signatures.
Therefore, professional knowledge is needed to produce high-quality sea ice detection
products. In addition, it is labor-intensive and time-consuming for ice experts to interpret a
large amount of SAR images. Specifically, it usually takes 6–12 h or more time to deliver sea
ice maps to users, which reduces their value, especially in the rapidly changing marginal
ice zone (MIZ). Generating high-resolution sea ice maps from SAR imagery using auto-
matic methodologies can significantly shorten this process, and thus make better use of
their value.

A series of SAR-based sea ice detection methods have been proposed in the past thirty
years, such as feature-based machine learning (ML) methods and deep learning (DL) meth-
ods. Typical ML methods consist of a two-stage process. First, various polarimetric and
texture features are derived from SAR images [20,21]. Specific polarimetric features include
normalized radar cross section (NRCS), polarization ratio (PR), phase difference, correlation
coefficient and parameters calculated based on eigenvalue decomposition, Pauli decom-
position or Freeman–Durden decomposition methods [22–25]. Gray-level co-occurrence
matrices (GLCMs) are the most popular methods for texture feature extraction [24,26–29].
After feature extraction, a ML model is then employed to classify sea ice, such as random
forest (RF) [29,30], k-means [22,24], supporting vector machine (SVM) [26–28,31–34], deci-
sion tree [23] and Bayesian methods [35]. The main drawback of these methodologies is
that the complicated feature engineering methodologies require a high level of professional
knowledge and a large amount of time to pick up the optimal features. DL methods can
deal with this challenge. Convolutional neural networks (CNNs) have been widely used in
SAR-based sea ice detection, and have shown promising results [36–44]. The main disad-
vantage of DL methods is the lack of explanation of the physical mechanisms. Consequently,
DL methods may sometimes experience robustness and generalization issues.

The PR method, defined as the ratio of two polarization channels, is related to radar
parameters (center frequency, incidence angles), physical characteristics of sea ice and OW
(salinity, relative dielectric constant, surface roughness, etc.) and environmental conditions
such as wind conditions. Because of the large PR difference between sea ice and OW,
the PR method has been employed in numerous previous research studies to distinguish
between sea ice and OW [22–24,45,46]. For instance, Geldsetzer and Yackel utilized a
decision-tree classifier to differentiate sea ice and OW based on twenty ENVISAT ASAR
dual co-polarized medium-resolution images [23]. They determined that the classification
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accuracy for OW is 50% when employing a co-pol ratio (VV/HH) threshold of 2 dB. The
discrimination between multiyear ice and smooth first year ice was found to be more than
99% accurate. However, 50% of the pixels were misclassified as thin ice. They also found
that the co-pol ratio threshold cannot be used to detect sea ice and OW at small incidence
angles because of the relatively small co-pol ratio difference between sea ice and OW. Gill
and Yackel evaluated the potential of polarimetric parameters for classifying three ice
types and OW based on nine RADARSAT-2 quad-pol SAR images [22]. A single-parameter
supervised k-means classification was conducted on an image obtained on 4 May 2008, with
an incidence angle of 27◦. The overall classification accuracy of the co-pol ratio (HH/VV)
and cross-pol ratio (HH/HV) was 43.83% and 42.92%, respectively. Although they also
analyzed the classification potential of two-parameter and three-parameter combinations,
the combination of co-pol ratio and cross-pol ratio was not included in the evaluation. Xie
et al. proposed a theoretical co-pol ratio (VV/HH) model based on an X-Bragg model [47].
The theoretical co-pol ratio model was built as a function of incidence angles, dielectric
constant, orientation angle shift and its standard deviation. Hence, the backscatter of the
ocean surface could be distinguished as either OW or sea ice through a comparison of
the measured co-pol ratio with a theoretical model for the co-pol ratio. Six RADARSAT-2
quad-pol SAR images with incidence angles ranging from 28.10◦ to 49.50 were used to
validate the algorithm. The overall accuracy was 96%.

Based on the above analysis, we found that there are several limitations in these
studies. Firstly, the small datasets are not large enough to produce convincing statistical
results. Secondly, since the PR is associated with incidence angles and wind conditions,
the dataset should include a wide range of incidence angles and wind conditions. Lastly,
the classification potential of a combination of co-pol ratio and cross-pol ratio needs to be
investigated in sea ice detection based on quad-pol SAR images.

To solve these limitations, in this paper a total of 131 RADARSAT-2 quad-pol SAR
images are used to study the characteristics of co-pol and cross-pol ratio with respect to a
wide range of incidence angles and wind conditions. Then, an automatic sea ice detection
algorithm has been developed based on co-pol and cross-pol ratio parameters derived from
RADARSAT-2 quad-pol SAR images. By comparison to visual manual interpretations and
other previous similar algorithms, our method is evaluated and validated comprehensively.

The remaining paper is organized as follows: data and methods are described in
Section 2. Results and discussion are given in Sections 3 and 4, respectively. Finally,
conclusions are summarized in Section 5.

2. Materials and Methods
2.1. Study Area and Data

We collected 131 RADARSAT-2 fine quad-polarization (HH/VV/HV/VH) single look
complex (SLC) SAR images in the MIZ of the Beaufort Sea and Chukchi Sea, and off the
east coast of Greenland during 2013–2019. These images were selected to cover both OW
and various sea ice types: young ice, first-year ice and multi-year ice under different wind
and sea conditions (rough and calm OW). Wind conditions were derived from ECMWF
(European Centre for Medium-Range Weather Forecasts) Reanalysis v5 (ERA5) datasets.
The wind speed is in the range of 1.6–20.4 m/s.

The footprints of these SAR images are shown in Figure 1. Details about the RADARSAT-
2 quad-polarization SAR images used in this study are given in Table 1. The fine quad-
polarization mode is able to provide VV, HH, HV and HV polarized SAR images with a
low noise floor (−36.5 ± 3 dB). The nominal range and azimuth resolution are 5.2 m and
7.6 m, respectively. The range of incidence angles is between 19◦ and 49◦. The incidence
angles vary by about 1.5◦ across a swath of 25 km.
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Figure 1. Outline of the study area, where the red rectangles show the spatial extent of the
RADARSAT-2 quad-polarization SAR images used in this study.

Table 1. Specifics of the RADARSAT-2 quad-polarization SAR images used in this study. The range
(RG) and azimuth (AZ) values are given as nominal values.

Frequency band C-band (5.405 GHz)
Product type Single Look Complex (SLC)
Beam mode Fine Quad Polarization
Polarization HH VV HV VH

Incidence angle range 19–49◦

Scene size (Rg × Az) 25 × 25 km
Pixel spacing (Rg × Az) 4.7 × 5.1 m

Spatial resolution (Rg × Az) 5.2 × 7.6 m
Noise equivalent sigma zero (NESZ) −36.5 ± 3 dB

Revisit time 24 days

2.2. SAR Polarimetric Parameters

The scattering matrix serves as the fundamental observation of the SAR full polari-
metric mode at individual pixels. It comprises four complex elements that characterize the
polarization transformation of an incident wave pulse, upon interaction with a reflective
medium, to the polarization of the backscattered wave. The scattering matrix for the
quad-pol mode can be written as:

S =

[
SHH SVH
SHV SVV

]
(1)

where SHH, SVH/SHV, SVV are complex scattering coefficients, corresponding to hori-
zontal polarization (HH-pol), cross polarization (HV/VH-pol) and vertical polarization
(VV-pol), respectively.
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Then, the normalized radar cross section (NRCS) can be calculated by multiplying the
polarimetric scattering coefficients and their conjugate values, which are given as follows:

σ0
pq =

〈
SpqS*

pq

〉
(2)

where p, q denote horizontal (H) or vertical (V) polarization, and * is complex conjugation.
⟨·⟩ indicates the ensemble averaging to reduce speckle noise. The window size for averaging
is 10 × 10 pixels in this study.

The dominant scattering mechanism of OW is Bragg scattering for VV- and HH-pol,
whereas the nature of scatter contributions to cross-pol is quite different. The cross-pol
signals are more sensitive to local out-of-plane of incidence tilting effects [48]. For sea ice,
VV- and HH-pol are typically related to the surface scattering, while the cross-pol mainly
provides information about volume scattering.

The PR parameters can be derived from the scattering matrix directly. The co-pol ratio
is defined as:

PRHHVV =
σ0

HH
σ0

VV
. (3)

Two kinds of cross-pol ratio are defined as follows:

PRHVVV =
σ0

HV
σ0

VV
(4)

PRHVHH =
σ0

HV
σ0

HH
(5)

The co-pol ratio and cross-pol ratio of sea ice and OW have different responses to
incidence angle effects, and therefore can be used to discriminate sea ice and OW. In this
paper, an automatic sea ice detection algorithm is developed based on the combination of
the co-pol and cross-pol ratios.

2.3. Sea Ice Detection Method Based on PR

The flow chart for our sea ice detection algorithm is given in Figure 2.
The key processing steps include:

(1) SAR image pre-processing:

To obtain the NRCS in HH, VV-, HV- and VH-pol, radiometric calibration is performed
for all quad-polarization SAR images by using the following formula:

Calibrated value =
|DN|2

A2 (6)

where DN is the complex scattering coefficient in the scattering matrix, and A is the gain
value recorded in the ‘lutSigma.xml’ file.

Then, the 3 × 3 Lee filter [49] and a boxcar averaging operation is applied to reduce
speckle noise and smooth the image to 50-m pixel spacing. After that, the co-pol ratio and
two kinds of cross-pol ratio are calculated according to Equations (3)–(5). The NRCS and
PR are converted to dB units by convention.

(2) Low backscatter area detection:

As shown in Figure 3a,e, low backscatter areas are sufficiently darker than the neigh-
boring areas to be suitable for our methodology. The former are related to small sea surface
roughness resulting from low wind speed, or alternatively oil spill areas. They have rel-
atively low co-pol ratios (Figure 3b,f), but rather large cross-pol ratios (Figure 3c,d,g,h)
which are close to those of sea ice. Therefore, they have a significantly negative effect on the
classification accuracy and can be detected accurately. Most of the existing low backscatter
detection methods are mainly based on local statistics for determining the darkness degree
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with respect to the neighboring areas [50–52]. In this work, a fixed global threshold is used
to determine the low backscatter areas: if the HV-pol NRCS of a pixel is less than −30 dB,
then the pixel is identified as belonging to a low backscatter area.
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(3) PR threshold estimation:

The classic and effective threshold selection method OTSU [53] is used for automatic
PR image segmentation. It is based on the zeroth- and the first-order cumulative moments
of gray-level histograms. The core idea of OTSU is to maximize the between-class variance:

σ2
B(T) =

[µ(L)ω(T)− µ(T)]2

ω(T)[1 − ω(T)]
(7)

where ω(T) and µ(T) are the zeroth- and the first-order cumulative moments of the
histogram up to the Tth level, respectively. µ(L) is the total mean level of the original image.

The optimal threshold T∗ is:

T∗ = max
1≤T≤L

σ2
B(T) (8)

It should be noted that low backscatter areas are excluded in the PR threshold estimation.

(4) Segmentation of PR images:

After determining the optimal segmentation threshold for each PR image, one can
differentiate OW from sea ice based on PR. We first segment the PR image into two parts,
A (PR ≤ T) and B (PR > T). Then, the HV-pol NRCS is used to help discriminate sea ice
and OW. The discriminating criterion is: if

〈
σ0

HV(A)
〉
>

〈
σ0

HV(B)
〉
, A is sea ice and B is OW,
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else A is OW and B is sea ice. The symbol ⟨·⟩ denotes the averaging operator. Finally, low
backscatter areas are recognized as OW.

Remote Sens. 2024, 16, x FOR PEER REVIEW 8 of 25 
 

 

 
Figure 3. Two cases of SAR images including low backscatter area: (a–d) are HV-pol NRCS, co-pol 
ratio and two kinds of cross-pol ratio of the SAR image acquired on 11 March 2015; (e–h) are HV-
pol NRCS, co-pol ratio and two kinds of cross-pol ratio of the SAR image acquired on 1 July 2013. 
Low backscatter area is highlighted by a red rectangular box. The RADARSAT-2 data are products 
of MacDonald, Dettwiler and Associates, Ltd., Brampton, ON, Canada. 

In this study, the widely used structural similarity index method (SSIM) is used to 
assess the similarity between two images. The structural similarity image quality con-
cept is founded on the idea that the human visual system is well-suited for extracting 
structural details from a scene. As a result, a measure of structural similarity can effec-
tively approximate perceived image quality. This approach captures the characteristics 
of object structure within a scene and represents distortion as a composite of three dis-
tinct elements: luminance, contrast and structure. Specifically, SSIM utilizes the mean in-
tensity to approximate luminance, the standard deviation to estimate contrast and covar-
iance to quantify structural similarity. SSIM is measured by combining three compo-
nents, and is defined as [54]: 

Figure 3. Two cases of SAR images including low backscatter area: (a–d) are HV-pol NRCS, co-pol
ratio and two kinds of cross-pol ratio of the SAR image acquired on 11 March 2015; (e–h) are HV-pol
NRCS, co-pol ratio and two kinds of cross-pol ratio of the SAR image acquired on 1 July 2013. Low
backscatter area is highlighted by a red rectangular box. The RADARSAT-2 data are products of
MacDonald, Dettwiler and Associates, Ltd., Brampton, ON, Canada.

(5) Determination of the optimal sea ice detection result:
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The methodology to automatically determine the optimal sea ice detection result from
the three segmentation results obtained in step (4) is crucial in our method. We find that
the HV-pol SAR images can exhibit sea ice/OW contrast clearly in most cases. Therefore,
a naïve idea is that the optimal sea ice detection result should be similar to the HV-pol
SAR image, visually. Consequently, the problem can be simplified to that of measuring the
similarity between each sea ice detection result and the HV-pol SAR image. There exist
numerous techniques for evaluating the likenesses between two images.

In this study, the widely used structural similarity index method (SSIM) is used to
assess the similarity between two images. The structural similarity image quality concept
is founded on the idea that the human visual system is well-suited for extracting struc-
tural details from a scene. As a result, a measure of structural similarity can effectively
approximate perceived image quality. This approach captures the characteristics of object
structure within a scene and represents distortion as a composite of three distinct elements:
luminance, contrast and structure. Specifically, SSIM utilizes the mean intensity to approxi-
mate luminance, the standard deviation to estimate contrast and covariance to quantify
structural similarity. SSIM is measured by combining three components, and is defined
as [54]:

SSIM(x, y) = [l(x, y)]α·[c(x, y)]β·[s(x, y)]γ (9)

where l(x, y), c(x, y) and s(x, y) are luminance, contrast and structure comparison functions,
respectively. α, β and γ are used to adjust the relative importance of these three components.
We set α = β = γ = 1 in this paper.

3. Results
3.1. Polarimetric Characteristics of Sea Ice and OW
3.1.1. Backscattering Characteristics of Sea Ice and OW

Figure 4a–c shows the NRCS of sea ice and OW in VV-, HH- and HV-pol, versus
various radar incidence angles. It is clear that the NRCS of sea ice and OW in VV- and
HH-pol have strong monotonically decreasing dependencies on incidence angles, while the
incidence angle dependence of NRCS in HV-pol is relatively small. Figure 4d–f shows the
NRCS difference (∆σ0 = σ0

Seaice − σ0
OW) in VV-, HH- and HV-pol, versus incidence angles.

Obviously, NRCS in VV- and HH-pol are not ideal indicators for discriminating OW from
sea ice. As shown in Figure 4f, the HV-pol NRCS of sea ice is larger than that of OW for all
incidence angle conditions. This indicates that HV-pol NRCS is a good discriminant factor
for the sea ice detection task.

3.1.2. PR Characteristics of Sea Ice and OW

Figure 5a–c shows the PR of sea ice and OW versus incidence angles. The black and
blue dashed lines represent the second-order fitting of the PR of sea ice and OW, respectively.
For sea ice, incidence angles have a very small effect on the co-pol ratio (PRHHVV) which is
roughly distributed in the range of (−1, 1) dB. However, the co-pol ratio of OW decreases
significantly with increasing incidence angles. For both sea ice and OW, a conspicuous
monotonic increase can be found in the influence of incidence angles on two kinds of
cross-pol ratio (PRHVVV, PRHVHH), as shown in Figure 5b,c.
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Figure 4. NRCS of sea ice and OW in VV-, HH- and HV-pol (a–c) and their difference (d–f) versus
incidence angles.

Figure 5d–f shows the PR difference between sea ice and OW (∆PR = PRSeaice −
PROW), versus incidence angles. The dashed lines denote the second-order fitting of the
PR difference. Clearly, the co-pol ratio difference (∆PRHHVV) increases with incidence
angles, while both kinds of cross-pol ratio difference (∆PRHVVV, ∆PRHVHH) decrease with
incidence angles and they have very similar variation trends. These results suggest that the
co-pol ratio should be a good parameter for discriminating OW from sea ice under large
incidence angle conditions, while the two kinds of cross-pol ratio have better differential
capability in the case of small incidence angles. Therefore, we can develop a sea ice
detection algorithm by realizing the full potential of the co-pol ratio and cross-pol ratios.
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3.2. Accuracy Assesment

To validate our proposed method, manual visual interpretations have been carried
out for all SAR images. In order to assess the effectiveness of the suggested approach for
distinguishing between sea ice and water, we employ both statistical validation and case
validation by comparing our classification results with manual visual interpretations. An
overall accuracy metric is used to evaluate the classification accuracy. The overall accuracy
is calculated as the proportion of correctly classified sea ice and open water pixels to the
total number of pixels used for classification.

3.2.1. Statistical Validation

The classification accuracy of different classification methods based on a single PR
parameter or PR combinations (ours) is evaluated by comparison with the visual interpre-
tation results. The assessment results are shown in Table 2. The overall accuracy of the
co-pol ratio and the two cross-pol ratios are 0.83, 0.79 and 0.77, respectively. Clearly, the
classification accuracy of the co-pol ratio is higher than that of the two kinds of cross-pol
ratio. Based on the combination of the co-pol ratio and the two kinds of cross-pol ratio,
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our proposed sea ice detection method achieves the best performance. The accuracy of our
method is 96%, and improves 15.6–24.7% over single PR parameter-based methods.

Table 2. Overall accuracy of different classification methods.

PR Used Overall Accuracy

Co-pol ratio: HH/VV 0.83
Cross-pol ratio: HV/VV 0.79
Cross-pol ratio: HV/HH 0.77

PR combinations: HH/VV + HV/VV +
HV/HH 0.96

To study the incidence angle effects on the classification accuracy, we divide incidence
angles into 11 equal intervals (2.9◦) and perform accuracy evaluation over them. Figure 6
shows the overall accuracy of four PR methods at different incidence angles. As shown in
Figure 6a–c, the co-pol ratio has high overall accuracy at large incidence angles, while the
two cross-pol ratios perform better at small incidence angles. Based on the combination of
the co-pol ratio and the two cross-pol ratios, our proposed method achieves high accuracy
(>0.9) at almost all incidence angles.
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3.2.2. Case Validation

Figure 7a–c shows RADARSAT-2 VV-, HH- and HV-pol SAR images acquired on 11
July 2014, respectively. The incidence angles are in the range of 48.4◦ to 49.5◦. Based on the
C2PO wind speed retrieval model [55], we estimate the wind speed over the OW area from
the HV-pol SAR image. The mean wind speed across the OW areas is 16.6 m/s. Under high
wind conditions, the HH-pol SAR image shows a higher contrast between wind-roughened
OW areas and sea ice than the VV-pol SAR image, due to its greater ability to suppress the
sea cluster. For the HV-pol SAR image, radar returns from some ice-covered regions are
very similar to those from OW areas. This is likely due to a decrease in volume scattering
caused by a portion of the ice surface that is undergoing melting, or by a mixture of some
ice floes and OW under strong wind conditions. Therefore, HH-pol is more suitable for
sea ice detection than VV- and HV-pol in this case. Figure 7d–f shows the co-pol ratio and
two kinds of cross-pol ratio images, respectively. Clearly, the co-pol ratio is more suitable
for sea ice detection than the cross-pol ratios, due to a relatively larger difference between
the co-pol ratio of sea ice and OW, at large incidence angles. To be specific, the average PR
differences between sea ice and OW are 2.2 dB (HH/VV), 1.2 dB (HV/VV) and −1.0 dB
(HV/HH), respectively. This high contrast characteristic of the co-pol ratio is very useful in
sea ice detection, especially at high incidence angles (see Figure 5).

Figure 8a–c shows histograms of the co-pol ratio and the two cross-pol ratios corre-
sponding to Figure 7d–f. The histogram of the co-pol ratio has two obvious peaks indicating
sea ice and OW, which can be determined using the HV-pol SAR image, as mentioned
in Section 2.3. In contrast, the histograms of the two cross-pol ratios have only one peak,
making it hard to discriminate sea ice from OW. After applying the OTSU segmentation
algorithm to the three PR images, we obtain three PR thresholds: −1.6 dB (HH/VV),
−8.2 dB (HV/VV) and −6.6 dB (HV/HH). The corresponding segmentation results are
shown in Figure 8d–f, respectively. Then, the SSIM values between the three detection
results and HV-pol SAR image are estimated to determine the optimal sea ice detection
results from the three PR-based segmentation results, automatically. They are 0.181, 0.001,
0.000 for the three detection results, respectively. Therefore, in this case, the best sea ice
detection result is the co-pol ratio-based segmentation result. By comparing this sea ice
detection result and the manual visual interpretation result, the overall accuracy is 0.97.

Figure 9a–c shows RADARSAT-2 VV-, HH- and HV-pol SAR images acquired on 1
December 2013. For this case, the incidence angles range from 18.6◦ to 20.4◦. The wind
speed in OW areas is estimated from the HV-pol SAR image, based on the C2PO model.
The average wind speed is 14.5 m/s. As shown in Figure 9a,b, the VV- and HH-pol NRCS
values of OW are even higher than those of the sea ice area due to high wind speeds. In the
MIZ, the wind-roughened OW and sea ice have very similar radar intensities for both VV-
and HH-pol. Consequently, it is quite difficult to use only VV- and HH-pol SAR images
to detect sea ice and OW. By contrast, the HV-pol SAR image shows a higher contrast
between sea ice and OW, because the HV-pol backscatter does not saturate at high wind
speeds [55]. As such, the HV-pol is more appropriate for sea ice detection than VV- and
HH-pol. Figure 9d–f shows the co-pol ratio and the two cross-pol ratio images, respectively.
The OW and sea ice have very similar co-pol ratios, especially in the complicated MIZ, as
shown in Figure 9d. Consequently, many sea ice details are lost in the MIZ in the co-pol
ratio image. For the two cross-pol ratio images shown in Figure 9e,f, there is a higher
sea ice-OW contrast. Moreover, the fine MIZ details can also be captured by these two
cross-pol ratio images. Small ice floes are clearly seen in them. In particular, the average
PR differences between sea ice and OW are calculated to be 0.8 dB for HH/VV, 6.1 dB for
HV/VV and 5.3 dB for HV/HH. Therefore, the two cross-pol ratios are more suitable for
identifying sea ice and OW than the co-pol ratio, especially at small incidence angles (see
Figure 5).
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Figure 10a–c shows histograms of the co-pol ratio and the two cross-pol ratios corre-
sponding to Figure 9d–f. The co-pol ratio exhibits a unimodal distribution, while the two
cross-pol ratios have two distinct peaks which represent OW and sea ice. This indicates
that, in this case, the two-cross pol ratios are more suitable for sea ice monitoring. Upon
implementation of the OTSU segmentation algorithm on three PR images, three PR thresh-
olds are derived: 0.0 dB for HH/VV, −21.1 dB for HV/VV and HV/HH. The resultant
segmentation outcomes are depicted in Figure 10d–f, correspondingly. Next, the SSIM
is calculated to assess the correspondence between the HV-pol SAR image and the sea
ice detection results obtained from the three PR-based segmentation methods. The SSIM
values for the three detection results are 0.012, 0.238 and 0.234, respectively. This means the
sea ice detection results derived from the two cross-pol ratio images are better than those
from the co-pol ratio images. The overall accuracy of the classification results is 0.95 for
two cross-pol ratio-based detection results. In the MIZ, a small proportion of sea ice pixels
are misclassified as OW.
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4. Discussion
4.1. The Effectiveness of SSIM

As an important component of our method, how to determine the optimal sea ice
detection result from single-PR-based results is critical. In this study, we use the SSIM index
to determine the best classification result. This is necessary to evaluate the accuracy of this
approach. Table 3 shows the accuracy evaluation matrix of the optimal result determination
method, based on SSIM. The overall accuracy reaches 0.95, indicating the high reliability
and accuracy of the method.
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Table 3. Accuracy evaluation matrix of the optimal result determination method based on SSIM. The
rows indicate the truth data and the columns the predicted results.

PR Used HH/VV HV/VV HV/HH

HH/VV 51 3 0
HV/VV 3 62 0
HV/HH 1 0 11

Number of SAR images 54 65 11
Accuracy 0.93 0.95 1

Overall accuracy 0.95

4.2. Effect of Incidence Angles on PR Threshold

As the variation of incidence angles in RADARSAT-2 quad-polarization SAR images
is quite small (~1.5◦), the central incidence angle can be considered as the incidence angle
of each SAR image. Figure 11 shows the variation of the optimal PR threshold with respect
to radar incidence angles. Linear incidence angle dependence is observed for three kinds of
PR threshold. The co-pol ratio threshold decreases with increasing incidence angles, while
the two kinds of cross-pol ratio threshold have an opposite trend. This is reasonable and
can be proven by Figure 5.
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On the other hand, it can be seen from Figure 11a,b that the distribution of co-pol ratio
thresholds and the cross-pol ratio (HV/VV) threshold are quite different with respect to
incidence angles. The cross-pol ratio (HV/VV) threshold is mainly distributed at small
incidence angles from 20◦ to 35◦, while the co-pol ratio threshold tends to be distributed
over a wider range of incidence angles from 25◦ to 50◦. These results are consistent with
the distribution of the PR difference between sea ice and OW, as shown in Figure 5d,e.

As shown in Figure 11c, the number of cross-pol ratio (HV/HH) thresholds is far less
than that of the cross-pol ratio (HV/VV) thresholds. Does this mean the performance of the
cross-pol ratio (HV/VV) is significantly higher than that of the cross-pol ratio (HV/HH)?
In fact, there is no significant accuracy difference between them, as shown in Table 2. To
explain this result, Figure 12 shows the SSIM difference (∆SSIM = SSIMHVVV − SSIMHVHH)
between the two kinds of cross-pol ratio. Obviously, there is no significant SSIM difference
between them at small incidence angles (<30◦). This can demonstrate that the cross-pol
ratio (HV/HH) is also able to achieve good performance at small incidence angles. For
large incidence angles, the cross-pol ratio (HV/VV) tends to perform better at high wind
speeds, while the cross-pol ratio (HV/HH) has a better performance at low wind speeds.
We will further explain the effect of incidence angles and wind conditions on PR in the
discussion section.
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4.3. The Wind Effects on PR

The co-pol and cross-pol NRCS of OW are dependent on incidence angles, wind
speeds and wind directions. Many electromagnetic scattering models have been developed
to estimate radar backscatters induced by OW, considering both incidence angles and
wind effects. For example, the composite surface Bragg (CB) model [56] and the small
slope approximation (SSA) model [57] are widely used in the simulation of electromagnetic
interactions with OW. However, a recent study has demonstrated that these models give
underestimates, especially for HH- and HV-pol NRCS due to neglect of the effect of breaking
waves. The contribution of breaking waves can achieve up to 60–70% of the total NRCS for
HH- and HV-pol, for all incidence angles at C-band [48].

As well as theoretical electromagnetic scattering models, many empirical geophysical
model functions (GMFs) have been proposed to model co-pol and cross-pol NRCS of OW,
with the inputs of incidence angles, wind speeds and wind directions. They are developed
based on SAR-measured NRCS and collocated winds from in situ buoys, scatterometers
and radiometers. As a result, the NRCSs derived from GMFs have better agreement with
SAR observations than those from electromagnetic scattering models. Therefore, we adopt
empirical GMFs to simulate the co-pol and cross-pol NRCSs of OW in this work. We employ
the CMOD5.N [58], CMODH [59] and C3PO [60] GMFs to estimate VV-, HH- and HV-pol
NRCS of OW, respectively. The formulations of these GMFs are given in Appendix A. Then,
the co-pol ratio and cross-pol ratio of OW can be calculated based on simulated NRCS
results. The PR of sea ice is estimated by fitting observational results.

As shown in Figure 13a,d,g, the wind effects can be neglected for the co-pol ratio. The
PR difference between sea ice and OW is small at small incidence angles and increases with
incidence angles. In particular, this implies that the ability of the co-pol ratio to distinguish
sea ice from OW increases with incidence angles.
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For the cross-pol ratio, the HV/VV and HV/HH results shown in Figure 13b,c,e,f,h,i
indicate that wind conditions have significant effects on the cross-pol ratio of OW. The cross-
pol ratio of OW increases with wind speeds. At small incidence angles, wind effects can
be ignored. A relatively large PR difference is observed between sea ice and OW at small
incidence angles (upwind and downwind: <35◦, crosswind: <30◦). This suggests that the
cross-pol ratio is better than the co-pol ratio for sea ice detection at small incidence angles.
When incidence angles exceed 35◦, wind speeds and wind directions will significantly
influence the ability of the cross-pol ratio to detect sea ice. For example, Figure 13b,e
suggests that the cross-pol ratio HV/VV has a better capability to distinguish OW at high
wind speeds, for upwind and downwind conditions. Figure 13c,f,i shows that the cross-pol
ratio HV/HH has a better performance at low wind speeds.

In summary, these results can be used to explain the experimental findings that were
presented in Sections 2 and 3.

4.4. Performance Comparison to Other Algorithms

Many PR-based sea ice detection methods have been developed for sea ice and OW
discrimination, such as decision tree [23], k-means [22,24] and the X-Bragg backscatter
model [47]. Since their classification performances were evaluated on small datasets,
it is necessary to reassess their accuracy using our larger datasets. Table 4 shows the
performance evaluation results for these different sea ice detection algorithms. It can be
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found that the performance of these methods based on a single PR parameter is significantly
poorer than our proposed algorithm. Due to the incidence angle effects on PR, as shown in
Figure 5, a single PR parameter cannot work well for all incidence angle ranges. However,
the combination of multiple PR parameters can solve this problem, almost perfectly, by
utilizing and combining their own individual advantages.

Table 4. Performance comparison of different sea ice/OW discrimination algorithms.

Method Reference Data Parameter Overall
Accuracy

Decision tree [23]
ENVISAT ASAR
dual-polarization

imagery

Co-pol ratio
(VV/HH) 0.85

K-means [22,24]
RADARSAT-2

quad-polarization
SAR imagery

Co-pol ratio
(HH/VV) 0.82

K-means [22,24]
RADARSAT-2

quad-polarization
SAR imagery

Cross-pol ratio
(HH/HV) 0.78

X-Bragg backscatter
model [47]

RADARSAT-2
quad-polarization

SAR imagery

Co-pol ratio
(VV/HH) 0.82

Our algorithm Our paper
RADARSAT-2

quad-polarization
SAR imagery

Co-pol ratio
(HH/VV),

Cross-pol ratios
(HV/VV,
HV/HH)

0.96

4.5. Future Work

The RADARSAT-2 quad-polarization SAR data have the advantage of very high
spatial resolution. The main limitation is its long revisit time, up to 24 days. Moreover, the
swath width of RADARSAT-2 quad-polarization SAR data is limited to a relatively small
range of 25–50 km because of the doubled pulse repetition frequency and the alternate
transmission of orthogonal linear polarization pulses, such as horizontal (H) and vertical
(V) polarizations. These disadvantages limit its application in large-scale sea ice detection.
More recently, the RADARSAT Constellation Mission has been launched successfully on 12
June 2019. The RCM represents an advancement of the RADARSAT program, aiming to
maintain the continuity of data from previous RADARSAT missions. RCM consists of three
identical C-Band SAR satellites. The arrangement of three satellites allows for frequent
coverage of Canada’s extensive land and maritime regions, including the Arctic, with up
to four passes per day. It can also provide daily monitoring of 90% of the Earth’s surface.
The RCM quad-polarization SAR range has a wide swath width, up to 250 km. Therefore,
the RCM quad-polarization data have rather good spatial and temporal resolution, as well
as a large swath width. We will further investigate the effectiveness of our method using
RCM quad-polarization data. In addition, the RCM compact polarimetry data can also be
used to develop a sea ice detection algorithm based on the basic idea of this work. We will
further investigate this topic in our forthcoming research.

5. Conclusions

In this paper, we present an analysis of the polarimetric characteristics, such as
backscattering characteristics and PR characteristics, of sea ice and OW. The statistical
results indicate that the HV-pol NRCS is a useful parameter in sea ice detection (Figure 4f).
The co-pol ratio difference between sea ice and OW increases with incidence angles, while
the two kinds of cross-pol ratio difference decrease with incidence angles. The results
suggest that the co-pol ratio is suitable for sea ice detection at large incidence angles
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while the two kinds of cross-pol ratio are more applicable to sea ice detection at small
incidence angles.

Based on the above analysis results, an automatic sea ice detection method is proposed
based on co-pol and cross-pol ratios, as well as an auxiliary parameter: HV-pol NRCS. Com-
pared with visual interpretation results, our method shows promising results with a high
accuracy of 96%. As expected, there is a linear dependence between the PR threshold and in-
cidence angles. Experimental results show that the co-pol ratio has a better performance at
a wide range of incidence angles from 25◦ to 50◦, while the cross-pol ratio is more effective
in sea ice detection at small incidence angles, from 20◦ to 35◦. Based on the GMFs of OW,
the numerical results further validate our findings. Compared with previous works, the
accuracy of our method is much higher than that of single PR parameter-based methods.

The RADARSAT-2 quad-polarization SAR data have the benefit of extremely high
spatial resolution. However, RADARSAT-2 quad-pol data are limited due to the long revisit
time and small swath width, making it hard to perform large-scale sea ice detection. The
new generation RCM data shortens the revisit time to about one day, and the maximum
swath width for the quad-polarization mode can be 250 km. In the future, we will validate
the effectiveness of our method using RCM quad-polarization data. Furthermore, we will
also develop a sea ice detection algorithm based on RCM compact-polarization data.
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Appendix A

The CMOD5.N and CMODH GMFs are functions of incidence angles, wind speeds
and wind directions, which are given as [58,59]:

σ0(θ, v, ϕ) = B0(v, θ)p[1 + B1(v, θ)cos ϕ + B2(v, θ)cos 2ϕ]1.6 (A1)

where p = 1 for CMOD5.N and p = 1.6 for CMODH. B0, B1, B2 are functions of incidence
angles θ and wind speeds v. B0 is defined as:

B0 = 10a0+a1v f (a2v, s0)
γ (A2)

where:

f (s, s0) =

{
(s/s0)

αg(s0), s < s0
g(s), s ≥ s0

(A3)

where:
g(s) = 1/(1 + exp(−s)) and α = s0(1 − g(s0)). (A4)

https://www.eodms-sgdot.nrcan-rncan.gc.ca
https://www.eodms-sgdot.nrcan-rncan.gc.ca
https://www.ecmwf.int/
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The functions a0, a1, a2, γ, s0 depend on incidence angles only.

a0 = c1 + c2x + c3x2 + c4x3 (A5)

a1 = c5 + c6x (A6)

a2 = c7 + c8x (A7)

γ = c9 + c10x + c11x2 (A8)

s0 = c12 + c13x (A9)

where x = (θ − 40)/25.
B1 is defined as:

B1 =
c14(1 + x)− c15v(0.5 + x − tanh[4(x + c16 + c17v)])

1 + exp(0.34(v − c18))
(A10)

B2 is defined as:
B2 = (−d1 + d2v2)exp(−v2) (A11)

v2 is given by:

v2 =

{
a + b(y − 1)n, y < y0
y, y ≥ y0

, y =
v + v0

v0
(A12)

where:
y0 = c19, n = c20 (A13)

a = y0 − (y0 − 1)/n, b = 1/
[
n(y0 − 1)n−1

]
(A14)

v0, d1, d2 are functions of incidence angles.

v0 = c21 + c22x + c23x2 (A15)

d1 = c24 + c25x + c26x2 (A16)

d2 = c27 + c28x (A17)

The coefficients are given in Table A1.
The C3PO model is defined as [60]:

σ0
HV = [0.2983·u10 − 29.4708]·

[
1 + 0.07·ϑ − 34.5

34.5

]
(A18)

Table A1. Coefficients of CMOD5.N and CMODH.

Function Coefficients CMOD5.N CMODH

B0

c1 −0.6878 −0.7272
c2 −0.7957 −1.1901
c3 0.3380 0.3396
c4 −0.1728 0.0867
c5 0.0000 0.0030
c6 0.0040 0.0117
c7 0.1103 0.1291
c8 0.0159 0.0835
c9 6.7329 4.0925
c10 2.7713 1.2111
c11 −2.2885 −1.1197
c12 0.4971 0.5790
c13 −0.7250 −0.6045
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Table A1. Cont.

Function Coefficients CMOD5.N CMODH

B1

c14 0.0450 0.1183
c15 0.0066 0.0089
c16 0.3222 0.2196
c17 0.0120 0.0175
c18 22.700 24.442

B2

c19 2.0813 1.9834
c20 3.0000 6.7814
c21 8.3659 7.9479
c22 −3.3428 −4.6964
c23 1.3236 −0.4370
c24 6.2437 5.4712
c25 2.3893 0.6394
c26 0.3249 0.6733
c27 4.1590 3.4332
c28 1.6930 0.3670
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