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Abstract

Loss of multiyear ice (MY]) is of great importance for Arctic climate and marine systems and can be monitored using
active and passive microwave satellite data. In this paper, we describe an upgraded classification algorithm using the
data from the scatterometer and radiometer sensors onboard the Chinese Haiyang-2B (HY-2B) satellite to identify MYI
and first-year ice (FYI). The proposed method was established based on K-means and fuzzy clustering (K-means+FC)
and was used to focus on the transition zone where the ice condition is complex due to the highly commixing of MYI
and FYI, leading to the high challenge for accurate classification of sea ice. The K-means algorithm was applied to
preliminarily classify MYI using the combination of scatterometer and radiometer data, followed by applying fuzzy
clustering to reclassify MYT in the transition zone. The HY-2B K-means+FC results were compared with the ice type
products [including the Ocean and Sea Ice Satellite Application Facility (OSI SAF) sea ice type product and the Equal-
Area Scalable Earth-Grid sea ice age dataset], and showed agreement in the time series of MYI extent.
Intercomparisons in the transition zone indicated that the HY-2B K-means+FC results can identify more old ice than the
OSI SAF product, but with an underestimation in identifying second-year ice. Comparisons between K-means and K-
means+FC results were performed using regional ice charts and Sentinel-1 synthetic aperture radar (SAR) data. By
adding fuzzy clustering, the MYI is more consistent with the ice charts, with the overall accuracy (OA) increasing by
0.9%—6.5%. Comparing against SAR images, it is suggested that more scattered MY floes can be identified by fuzzy
clustering, and the OA is increased by about 3% in middle freezing season and 7%—20% in early and late freezing
season.
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1 Introduction in the Arctic, making up about 75% of the total ice extent
in the 1980s (Maslanik et al., 2011). However, with the
Multiyear ice (MY]) is defined as sea ice surviving at  climate warming and ice loss in the Arctic, MYI is now

least one summer melt. It used to be the dominant ice type  occupying less than one-third of the Arctic Ocean (Kwok,
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2018). The remarkable decline of MYI has had a pro-
found impact on the Arctic climate and marine systems,
and the human activities in ice-rich Arctic waters (Meier
et al., 2014, 2021; Bird et al., 2008; IPCC, 2022; Hovel-
srud et al., 2011). These impacts have motivated studies
on Arctic MYT identification and monitoring, which also
weaves the foundation for thoroughly understanding the
mechanism of Arctic sea ice loss, associated with the Arc-
tic amplification.

Microwave remote sensing is the primarily tool for sea
ice type and parameter retrieval as its signal can penetrate
through atmosphere and clouds, while not affected by po-
lar night (Gloersen et al., 1973; Comiso, 1986; Shokr and
Sinha, 2023). Emitted radiation is measured in the form of
brightness temperature (7,) by passive microwave (PM)
radiometers, while radar backscatter (¢) is measured by
active microwave (AM) systems such as scatterometer.
Although the spatial resolution of the radiometer and scat-
terometer systems is coarse, they have a high temporal
resolution that permits daily monitoring of sea ice geophy-
sical variables almost covering the entire Arctic Ocean.
MYT emits lower T, and higher o than the first-year ice
(FYTI) (Shokr and Sinha, 2023; Comiso, 1983). These dif-
ferences make the discrimination between MYI and FYI
possible using radiometric and scattering signatures.

Many studies have utilized only PM or AM data to
classify sea ice types. For example, the AM data from the
SeaWinds scatterometer onboard the QuikSCAT satellite
has shown promising results for sea ice classification (An-
derson and Long, 2005; Swan and Long, 2012; Lindell
and Long, 2016a). AM sensor on board the OceanSat-2
has been used to extend the time span of ice type dataset
(Lindell and Long, 2016b). PM data from the Special Sen-
sor Microwave/Imager (SSM/I) and the Advanced Mi-
crowave Scanning Radiometer for Earth Observing Sys-
tem (EOS) (AMSR-E) data have also been applied to
identify ice types (Wensnahan et al., 1993; Comiso,
2012). However, it is evaluated that the classification re-
sults of using only AM data shows an overestimation of
MYT area and decreasing of overall classification accura-
cy (Yu et al., 2009; Zhang et al., 2022), which can be at-
tributed to the fact that AM data are sensitive to wind-
wave roughness, inducing anomalously higher backscat-
ter intensities for sea ice, especially in the marginal ice
zone with fragmented open water (OW). Meanwhile, us-
ing only PM data tends to underestimate area of MY1, due
to the lack of surface distinguishable features obtained
from T, (Zhang et al., 2019).

In many studies, it has been found that the combina-
tion of AM and PM data can produce better results for sea
ice type identification by offsetting the errors caused by
the anomalies from each data source (Walker et al., 2006;
Yu et al., 2009). This multi-sensor data strategy has then
been applied to many ice type retrieval studies. Shokr
et al. (2008) utilized AMSR-E and QuikSCAT data to re-
trieve the MYI concentration from 2003 to 2009 in the

Arctic. Lindell and Long (2016b) employed Special Sen-
sor Microwave Imager/Sounder (SSMIS) and Advanced
Scatterometer (ASCAT) data to classify MYI and FYL
Advanced Microwave Scanning Radiometer 2 (AMSR?2)
and ASCAT data have also been used to produce a daily
MYT concentration dataset by University of Bremen
(Melsheimer and Spreen, 2022). The Ocean and Sea Ice
Satellite Application Facility (OSI SAF) operational sys-
tem combines data from SSMIS and AMSR2, along with
ASCAT, to retrieve sea ice types (Aaboe et al., 2021a).
Ye (2022) uses data from the Microwave Radiation Im-
ager (MWRI) carried onboard the FengYun-3 satellites to-
gether with other AM data to retrieve sea ice types. The
asynchronous observations from different satellites may
pose the challenges to data harmony and sea ice type iden-
tification caused by the variations of orbit settings, includ-
ing the inconsistent timing of equatorial crossings, the
variations of orbital inclination, etc. (Ignatov et al., 2004).
The Chinese HY-2B satellite is the second Chinese ocean
dynamic environment satellite with multiple sensors on-
board, including a microwave scatterometer (SCAT), a
scanning microwave radiometer (SMR), a dual-frequency
radar altimeter (ALT), and a calibration microwave ra-
diometer (CMR). Data from HY-2B sensors have been
evaluated by different studies and used in many applica-
tions on sea ice monitoring in the polar regions (Yu et al.,
2022; Zhang et al., 2021; Han et al., 2023; Gao et al.,
2019; Chen et al., 2024; Jiang et al., 2019, 2023). Due to
the advantage of carrying both scatterometer and radiome-
ter, the HY-2B provides a good potential in ice type re-
trieval by applying the data derived from the multi-sensor
synchronous observation. Therefore, using the combina-
tion of HY-2B scatteromter and radiometer data should be
an intentional attempt for sea ice type retrieval in the Arc-
tic Ocean.

Algorithms that combine radiometer and scatterome-
ter data to distinguish MYI and FYT in the Arctic Ocean
employ a variety of methods, including time-dependent
thresholding method (Swan and Long, 2012), the
Bayesian method (Lindell and Long, 2016b), and the K-
means algorithm (Zhang et al., 2019). For the time-depen-
dent thresholding method, it used an average of the yearly
sea ice backscatter measurements and a curve fitting
method to separate MYI and FYI. Although the threshold
curve can reflect on the general seasonal changes in sea
ice backscatter caused by the seasonal evolution of sea
ice, the interannual variabilities, determined by differ-
ences in ice age and the spatial distribution patterns of
MYI, FYI, and OW, cannot be caught by this method.
Meanwhile, using the Bayesian method, a so-called super-
vised algorithm, the classification errors would cumulate
in the iterative process, leading to a reduced classification
accuracy. K-means is an unsupervised algorithm featured
with relatively simple implementation, high efficiency,
and feasible classification accuracy. This algorithm has
shown promising ability in sea ice classification (Zhang
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et al., 2019, 2022; Ye et al., 2023). Therefore, we would
propose the K-means algorithm in this study as a basis.
The MYT in Arctic Ocean is mainly distributed in
north of Greenland and the Canadian Arctic Archipelago,
i.e., the so-called switchyard of sea ice in the Arctic
Ocean (Newton et al., 2021). The sea ice circulation de-
rived by wind and surface current stress continuously
brings the MY to the southern part of the western Arctic
Ocean through the Beaufort Gyre or to the Fram Strait
through the Transpolar Drift Stream (Rigor and Wallace,
2004). Therefore, there is no fixed and clear boundaries
between MYT and FYI in the Arctic Ocean. Instead, they
are mixed together to varying degrees in a strip like man-
ner, forming transition zones, with a strong seasonal and
interannual variability, generally in the Canadian Basin
and in north of East Siberia and the Laptev Seas. A com-
parison between the classification results of sea ice from
different algorithms showed large differences in these
transition zones (Ye et al., 2023). Numerous discrete MY1
floes are usually found within a matrix of FYI in these
complex sea ice transition zones, combined with the wide-
ly distributed leads even in the winter (Marsan et al.,
2004), hence it results in a strong spatial heterogeneity in
the microwave radiation and backscattering characteris-
tics, and makes the identification of the MYI signature
more difficult by the coarse-resolution radiometer or scat-
terometer instrument onboard the satellite. The EASE-
Grid sea ice age (SIA) dataset uses a Lagrangian parcel
tracking method to catch MYT floes that can partly solve
the difficulty brought by the spatial heterogeneity in mi-
crowave signature for coarse-resolution satellite data
(Tschudi et al., 2019a). However, it is suggested that the
ice age product overestimates the MYI area because it as-
signs each grid with the age of the oldest ice type within
it, and this kind of overestimation is pronounced in the
transition zone, where the MYI concentration is usually
around 50% (Babb et al., 2023). Moreover, with the pro-
portion of younger MYT increasing and the ice continu-
ous thinning, the microwave signature of MYI has be-
come more similar to FYI, especially in the later ice
growth season due to the close ice thickness. Also, the
highly dynamic nature of the transition zone could lead to
more deformed FYI, resulting in an increased surface
roughness and an enhanced scatterometer radar signature
similar as the MYI. These influence factors for the dis-
crimination between these two ice types have been ob-
served in K-means classification result (Ye et al., 2023).
Due to the great significance of total MYT area of the
Arctic Ocean for evaluating the mechanism of changes in
Arctic sea ice and parameterizing thermodynamic and dy-
namic parameters in sea ice numerical models, in this
study, we developed a technique to improve MYT identifi-
cation in the Arctic Ocean, especially focusing on the
transition zones, through introducing a fuzzy clustering
module integrated with the K-means classification ap-
proach. The proposed method, i.c., the so-called K-

means+FC method was applied to the HY-2B radiometer
and scatterometer data from two freezing seasons from
November to April of 2019/2020 and 2020/2021 to assess
the applicability of the proposed method. Ice type prod-
ucts and high spatial resolution imagery data were em-
ployed to validate the proposed method.

The rest of this paper is organized as follows. All the
data used in this study are described in Section 2, includ-
ing the HY-2B data and validation datasets. In Section 3,
details of the classification algorithm are provided. Sec-
tion 4 provides the classification results and the compar-
isons with validation datasets. Our conclusions are pre-
sented in Section 5.

2 Datasets

In this section, we describe the data from the SCAT
and SMR onboard the HY-2B satellite, which were used
to classify MYI and FYI over the Arctic. The validation
data, including the Canadian Ice Service (CIS) Arctic re-
gional sea ice charts, the OSI SAF global sea ice type pro-
duct, the National Snow and Ice Data Center (NSIDC) SIA
dataset (Version 4), and synthetic aperture radar (SAR)
data from Sentinel-1, will also be briefly introduced.

2.1 HY-2B SCAT data

The HY-2B satellite was launched on 25 October
2018 and currently uses a sun-synchronous orbit with
99.3° inclination and 970.73-km average altitude. It is a
fixed and circular orbit with a local equator crossing time
with the ascending node at 06:00 am of local time. The re-
peat cycle of this orbit is 14 d. More specifications and
applications of the instruments onboard the HY-2B and its
products are available at the Chinese National Satellite
Ocean Application Service (NSOAS) website (https://os-
dds.nsoas.org.cn).

Table 1 represents the main parameters of the HY-2B
SCAT instrument. The HY-2B SCAT employs a rotating
pencil beam antenna, with the transmiting and receiving
frequency at Ku-band of 13.256 GHz. Measurements of
the normalized backscatter coefficient (o) are acquired in
the two co-polarization transmit-receive modes, i.e., hori-
zontal-horizontal (HH) and vertical-vertical (VV) at inci-
dence angles of 41.5° and 48.6°, respectively. The swath
widths of HY-2B SCAT are 1 350 km and 1 700 km for
HH (inner beam) and VV (outer beam), respectively. The

Table 1. Technical specifications of the HY-2B SCAT

Parameter Value
Instrument frequency/GHz 13.256
Bandwidth/MHz 1
Polarization mode HH, VV
Spatial resolution/km 25
Swath width/km H polarization: 1 350

V polarization: 1 700
Sigma-0 measurement accuracy/dB 0.5
Backscattering range/dB —40 to 20
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observational area effectively covers 90% of the global
ocean surface within 48 h. The HY-2B SCAT L1B ¢° da-
ta are provided by NSOAS at a spatial resolution of
25 km. About 16—17 swath image files are produced over
the Arctic daily. In this study, the SCAT L1B data in the
freezing seasons from November to April of two years of
2019/2020 and 2020/2021 were used to avoid the surface
melt conditions during the warm season. For each day, the
swath images were gridded into a 25 km X 25 km polar
stereographic grid via the “drop-in-the-bucket” method.

2.2 HY-2B SMR data

The SMR onboard the HY-2B satellite operates at
6.6 GHz, 10.7 GHz, 18.7 GHz, 23.8 GHz, and 37 GHz.
Except for 23.8 GHz, which is only vertically polarized,
the other four frequencies have both vertical (V) and hori-
zontal (H) polarization channels. The SMR sensor scans
the Earth over a swath width of 1 600 km with a scan an-
gle of 53°, and the footprints (instantaneous field of view)
vary with frequency. The sensitivity is better than 0.8 K in
the 37 GHz band and better than 0.5 K for other frequen-
cy bands (Yu et al., 2022). More specifications are shown
in Table 2.

In this study, the HY-2B SMR L2A TC swath data
from November to April in two years of 2019/2020 and
2020/2021 were utilized. Approximately 29-30 daily
swaths were gridded into a 25 km x 25 km grid. The data
are provided as a corrected T, product after conducting in-
ter-calibration. The data have a superior stability, with the
annual drift of T less than 0.1 K (Wang et al., 2022). Da-
ta from the 18.7 GHz and 36.5/37 GHz, both in V-polar-
ization, were used in this study for the purpose of flag-
ging out the open waters and classifying sea ice types, re-
spectively.

2.3 CIS Arctic regional sea ice charts

The CIS produces digital Arctic regional sea ice charts
with a relatively high spatial resolution for marine naviga-
tion, forecasting, and climate research. The charts are gen-
erated through manual analysis of various satellites im-
ages (with SAR data as the primary source), aerial recon-
naissance information, and ship reports. The ice charts are
provided in SIGRID-3 format, containing polygons identi-
fied subjectively by ice analysts. Each polygon is coded

Table 2. Technical specifications of the HY-2B SMR

with sea ice attributes such as stage of development
(SoD), concentration, and surface form. Ice information is
presented in the Egg Code format and color-coded using
the World Meteorological Organization (WMO) Standard
(WMO and IOC-UNESCO, 2014).

In this study, the CIS Arctic regional sea ice charts of
Western Arctic were used to validate the HY-2B MYI
classification results. We selected one ice chart for each
month to evaluate the classification results. The maps of
SoD information were considered as the reference. When
using ice charts, the old ice, multiyear ice, and second-
year ice documented in the ice charts were grouped as
MYI, while all the other ice types were grouped as FYI.
For polygons that contain MYT and FYT of the equivalent
partial concentration, we followed the colour graphic
chart published by the CIS using the WMO standard. We
then rasterized the MYI polygons to the same projection
as the HY-2B image data.

2.4 OSI SAF global sea ice type product

The Ocean and Sea Ice Satellite Application Facility
(OSI SAF) global sea ice type product is provided by the
European Organization for the Exploitation of Meteoro-
logical Satellites (EUMETSAT). This product is generat-
ed by combining PM and AM remote sensing data in a
Bayesian classification scheme (Aaboe et al., 2021a). Sea
ice is separated into three classes of FYI, MYI, and am-
biguous class. In addition, due to melting at the ice sur-
face in the warm season from May to September, the ice
type classification becomes ambiguous. This product has
been validated by evaluating the temporal variation of the
MYT area coverage (Aaboe et al., 2021b), which reveals it
can be used as a reliable validation dataset for MY classi-
fication.

2.5 NSIDC EASE-Grid SIA dataset

The Equal-Area Scalable Earth-Grid sea ice age
(EASE-Grid SIA) dataset (Version 4) from the National
Snow and Ice Data Center (NSIDC) provides weekly ice
age information at a spatial resolution of 12.5 km since
1984 (Tschudi et al., 2019a). A Lagrangian parcel track-
ing method is used to estimate sea ice age based on the
NSIDC Polar Pathfinder Sea Ice Motion dataset (Tschudi
et al., 2019b, 2020). The age of the ice in the product is

Parameter Value
Frequency/GHz 6.925 10.7 18.7 23.8 37.0
Bandwidth/MHz 350 100 200 400 1 000
Polarization mode V,H V,H V,H \% V,H
Swath width/km =1 600 =1 600 =1 600 =1 600 =1 600
Ground inclination 53¢ 53¢ 53¢ 53¢ 53¢
Ground track/km 90 x 150 70 x 110 36 x 60 30 x 52 20 x 35
Sensitivity/K <0.5 <0.6 <0.5 <0.5 <0.8
Dynamic range/K 3-350 3-350 3-350 3-350 3-350

Calibration accuracy/K 1 1




88 Wu Shiyu et al. Acta Oceanol. Sin., 2025, Vol. 44, No. 3, P. 84-101

categorized as FYI (0-1 year old), second-year ice (1—
2 years old), and so forth, based on how many summer
melt seasons the ice parcel has survived. Note that grid
cells with less than 15% sea ice concentration are treated
as open water. In this study, the ice age product was uti-
lized to assess the proposed retrieval algorithm.

2.6 Sentinel-1 SAR images

The Sentinel-1 mission comprises a constellation of
two polar-orbiting satellites, Sentinel-1A launched on 3
April 2014 and Sentinel-1B on 25 April 2016, both with
C-band SAR instrument onboard. The two satellites have
a revisit period of 12 d for the Arctic Ocean. In this study,
images in the Extra-Wide swath (EW) mode with a medi-
um resolution of 40 m in HH/HV polarization were used.
Each scene covers approximately 400 km x 400 km. For
validating of the algorithm, we selected six images in the
Beaufort Sea. To illustrate the performance of algorithm
in various stages of freezing season, the images are cho-
sen from the following dates of November 28, 2019 and
November 3, 2020 for early freezing season, 15 January
2020 and 10 January 2021 for middle freezing season, and
14 April 2020 and 18 April 2021 for late freezing season.
The ice cover in Beaufort Sea usually features a mixture
of FYI and MY]I, due to the clockwise ice circulation de-
rived by Beaufort Gyre (Moore et al., 2022). Images of
HV polarization were mainly used, with the images of HH
polarization as supplement, as the backscattering signals
of MYI and FYI are more differentiated from the cross-
polarized image (Onstott et al., 1979).

In Fig. 1, the shown SAR image was acquired on day
of the year (DOY) 314, 2019 over a section of the Beau-
fort Sea. The MY is identified based on histogram thresh-
olding and visual interpretation from the Sentinel-1 im-
ages, as the MYT usually has higher backscatter than FYI.
A threshold that separates the two peaks of the histogram
of the SAR backscatter coefficient was used to generate
an initial map of MYI. Visual interpretation was then im-
plemented to improve the MYI map based on the follow-
ing principles: (1) back scattering of FYI is usually lower,
with brightly linear structures over the dark background;
(2) MYI are usually brighter, and the MYI floes have
more rounded boundaries (Comiso, 1983). Some misclas-

72°

§__> thresholding

sifications can be found in the automatically generated
MYT map, thus visual interpretation were further used to
correct these errors, including those caused by (1) the
leads that had thin ice covered with frost flowers would
show a bright feature, which could be misclassified as
MYT (Nghiem et al., 1997), and (2) the low intensity spots
in the interior of MYT floe, which could be misclassified
(Shokr and Dabboor, 2024).

3 Methods

The MYT classification using HY-2B data consisted of
three steps, including to filter out open water pixels, to ob-
tain the initial MYI classification results using the K-
means algorithm, and to reclassify the ice types using
fuzzy clustering to improve the accuracy. The procedure
of the whole method is shown in Fig. 2.

3.1 OW filter

The emissivity contrast between OW and sea ice is
high in low-frequency PM data (Eppler et al., 1992). This
is because the sea water is highly reflective, emitting little
energy when compared with sea ice. Simultaneously, the
emissivity of OW increases rapidly with higher frequency,
while that of sea ice (i.e., dry FYI) shows almost consis-
tency over all frequencies (Shokr and Sinha, 2023). Thus,
the T, obtained from the 18.7 GHz V-polarization chan-
nel was used to filter out OW pixels. We used 18.7 GHz
because of its higher spatial resolution due to the smaller
footprint size (36 km x 60 km), compared to that (90 km x
150 km) for 6.9 GHz. The difference between the 7, from
ocean and sea ice is generally obvious in the freezing sea-
son, with the values of approximately 175 K and 250 K,
respectively (Fig. 3). Thus, we have the feasibility to ap-
ply the Ostu’s method presented in Otsu (1975) for the
ice-water segmentation. The basic principle of Ostu’s
method is to find the threshold that minimizes the intra-
class variance. Given two classes as Cy and C;, and the
threshold as 7. Assume o2 () as the classes variance when
the threshold is ¢. Then the method can be transferred to
find the maximum of o (), which is denoted by

0% (1) = wo (1) [0 () = pr > + w1 (O [ur (O — pr P, (1)

low intensity spots
in the interior of the floes

histogram visual

T N5 )
leads with thin ice

Fig. 1. Procedure of MYT identification from Sentinel-1 SAR images. MYI: multiyear ice; FYI: first-year ice.
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Fig. 2. Flowchart of the K-means+FC method. MYI:
multiyear ice; OW: open water; H: horizontal; V: vertical.

where wy and w; are class probabilities, yy and u; are
class means, and ur is the total mean. This is a nonpara-
metric unsupervised method for computing an automatic
threshold in the images with a high day-to-day variability
for the T, distribution.

3.2 Preliminary classification of MYI

Preliminary classification of the MYI was carried out
using the K-means algorithm. Data from two bands, T
from HY-2B SMR 37 GHz and the ¢° from HY-2B
SCAT, are jointly used. For the choose of PM data,
37 GHz illustrates the highest sensitivity to differentiate
the FYI and MYI (Comiso, 1983; Lindell and Long,
2016b). Joint histogram of T, versus o is plotted in
Fig. 4. In dry freezing season, the surface scattering layer
of MYI engenders relatively higher ¢° due to strong vol-
ume scattering and lower 7, due to the low emissivity
than FYI, which has thinner surface scattering layer and
higher salinity for the lower layer. The relatively high
brine content within the FYI column would result in a
higher electromagnetic absorption (Shokr and Sinha,
2023; Onstott, 1992). Thus, MYT and FYI are expected to
reveal different clusters in the 7, and ¢° distribution. As
shown in Fig. 4, the distance between cluster centers in
the two-dimensional (2D) space of ¢ VV and T}, from
37V is obviously larger than other paired cases, thus we
chose the data from these two channels for the classifica-
tion between MYT and FYI. In this study, K-means was
applied to the 2D data space, in which each point was de-
noted as a feature vector (o, T,). The initial number of k-
groups was set to 2 as MYI and FYI, and then each fea-
ture vector was assigned to the cluster with the closest
centroid, according to the Euclidean distance.

3.3 Reclassification of MYl using fuzzy clustering

To further refine the classification of the MYI in the

&9

350
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T/K

200

Histogram

min
150

100
0 50
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150 200 250 300 350

DOY

Fig. 3. Time series of the histograms (in color) of HY-
2B SMR 18.7V T, over the Arctic Ocean during 2020.
The lower clustered line is from OW, and the top one is
from sea ice. SMR: synthetic aperture radar; OW: open
water; DOY: day of the year.

transition zone, with a complex challenge because of a
disorder mixture with the FYT this region, we reclassify
the MYI using a fuzzy clustering approach.

Fuzzy clustering is an unsupervised clustering tech-
nique where each data point belongs to a cluster (class),
yet with a degree that is specified by a membership grade
(Ruspini, 1970). Let X = {x1,x2,...,xy} be a sample of N
observations in R”. Clustering partitions the dataset into ¢
clusters. For traditional hard partitioning, each feature can
belong to only one class, with a membership degree « of 1
or 0 for each cluster. On the contrary, for fuzzy partition-
ing, each feature vector x can belong to more than one
class, with a membership function ;(x;) that has a real
value between 0 and 1, depending on the “degree of
belonging”. Fuzzy clustering can be considered as an opti-
mization problem which minimizes a cost function.
The most commonly-used method to date is associated
with the generalized least-squared errors functional as fol-
lows:

N ¢
JWUW =Y wa)"dy, 1<m<oo,

k=1 i=1

2

where U=[u;] is the membership matrix, and
v=,v,...,v.) 1S the vector of cluster centers. m is the
weighting exponent, which controls the fuzziness of the
clusters. 47 is the squared distance between x; and v,
which is computed as

i = e =villy = ek =v) T A Gee = v, (©)
where A is the norm-induced matrix controlling the shape
of the optimal clusters. For m = 1, the clustering becomes a
hard partitioning with membership u; =1 or 0 (Bezdek
et al.,, 1984). As the value of m increases, the partitions

become fuzzier. No theoretical or computational evidence
distinguishes an optimal m. However, for most datasets,
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Fig. 4. Joint histograms of o’and 7}, from the combination of HY-2B scatterometer and radiometer data over the Arc-
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the m € [1.5, 2.5] can provide good results (Pal and Bezdek,
1995). Thus, we use m of 2 in this study, which has been
proved suitable for most cases (Pal et al., 1993).

For 42, the most-commonly used is the Euclidean dis-
tance, which is suitable for hyper-spherical clusters. How-
ever, in this study, the classification was based on the fu-
sion of o® and T,. As shown in Fig. 4, the shapes of the
MYT and FYT clusters in the feature space are different,
and they do not satisfy the hyper-spherical type. Mean-
while, the ice surface condition is influenced by the envi-
ronment (e.g., air temperature, wind speed, precipitation,
etc.) and historical ice processes (desalination, thickening,
and deformation, etc.), which can change the microwave
signature of a given ice type. This can cause the distribu-
tion of o%and T, to be unstable. Therefore, it is not appro-
priate to apply a fixed distance norm in the clustering
space. Gustafson and Kessel (1979) extended the stan-
dard fuzzy clustering algorithm by employing an adaptive
distance norm to detect clusters of different geometrical
shapes in a dataset. In this algorithm, each cluster is asso-
ciated with its own norm-inducing matrix A;, and the ex-
pression is given as

A;=|F F;, “

where F; is the fuzzy covariance matrix of the i-th cluster,
denoted by

N
Z (i)™ (e = vi) (= vi) T
Fi="%! . ©)

N
Z ()™
=l

Note that the substitution of Eqs (4) and (5) into Eq.
(3) gives a generalized squared Mahalanobis distance
norm, where the covariance is weighted by the member-
ship degree in U. When computing the algorithm, given
the termination tolerance ¢ > 0 and the iterating time as /.
Then the stop criteria of the fuzzy clustering can be set
as

Ww-v<e. (6)

We adopted the fuzzy clustering algorithm to reclassi-
fy the ice types in the transition zone to reduce the mis-
classifications induced by the highly dynamic nature of
the ice in this region. The new method is referred to as K-
means+FC. Figure 5 shows a case of ice classification de-
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rived from the traditional K-means classification or that
with additional fuzzy reclassification.

After the K-means classification (Fig. 5a), the fuzzy
reclassification involved three steps as follows.

(1) Firstly, the boundaries of the MYI extent were
extracted from the initial classification results (Fig. 5b).
Here, we ignored the MYI in the south of Greenland
Sea because the misclassification of ice types in this re-
gion is common due to anomalous backscatter caused
by highly deformed ice surface triggered by strong dy-
namic environments (Lindell and Long, 2016b), and that
in the Canadian Arctic Archipelago (CAA) because the
coarse-resolution radiometer and scatterometer data is not
appropriate for this region with the interlaced narrow wa-
terway.

(2) Secondly, we defined the transition zone of MYI

and FYT as a buffer created using inward and outward di-
lation of the MYI boundaries, with a radius of 250 km
(Fig. 5c). The reason for selecting 250 km was that, by
combining the initial classification results with the NSIDC
SIA dataset, we found that the second-year ice edge ex-
tended to about 250 km away from the initial MYI bound-
ary. This means that, within this distance, MYI possibly
mixes with FYT at a small scale. Here, we assumed that
this mixing behavior shared an inward MYI boundary of
the same distance.

(3) Finally, the fuzzy clustering algorithm was ap-
plied to the data of ¢%and Tj, in the transition zone to re-
classify the MYI1. Pixels with a membership degree u to
MYIT cluster > 0.5 were labeled as MYT; otherwise, pixels
were labeled as FYI. Subsequently, the newly classified
pixels of MYI and FYI were used to correct the initial
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classification map and obtain the final result, as presented
in Fig. 5d.

4 Results

Time series of sea ice extent in the Arctic Ocean from
HY-2B K-means+FC classifications are shown in Fig. 6.
The extent of sea ice is calculated as the summation of
the areas of the pixels assigned to each sea ice types. The
total sea ice extent illustrates the same pattern for the
two freezing seasons, where the ice continues to grow un-
til reaching the maximum in March, which is about 9.4 x
106 km2. However, at the beginning of November 2020,
the total ice extent is 5.2 x 106 km?2, about 0.8 x 10° km?
lower than that of November 2019. For MY1, it is expect-
ed that there should be no increasing trend for MYI ex-
tent during freezing season, as the transformation of FYI
to MYI only happens in fall (September and October),
and the MY can only decrease through the outflow across
various gates. As presented in Fig. 6, the MYI extent
shows a declining trend for both freezing seasons. For
2019/2020, MY extent reduces from about 2.8 x 106 km?
in November to about 2.2 x 10 km? in April, while the
reducing trend is more plateau for 2020/2021. In addition,
comparing with freezing season of 2019/2020, the aver-
aged MYT extent for 2020/2021 is 2.3 x 10° km2, dropped
by about 0.3 x 106 km2. On the other hand, FYI shows
an increasing trend over the whole freezing season, while
the rising speed gradually slows. For freezing season of
2019/2020, the FYT extent grows to reach the peak in
March at about 7 x 109 km2, then almost plateaus after-
wards and even drops a bit at the end of April. However,
the FYI extent also peaks at 7 x 10% km? in 2021,
but about one month earlier. After that, it witnesses no
more increase. In addition, at the beginning of freezing
season 2019/2020, the FYI extent is approximately 3.5 %

10

106 km?2, which is about 0.6 x 10¢ km? higher than that of
2020/2021. Nevertheless, the FYI extent for both freezing
seasons reach the same gratitude at the end of April, indi-
cating that the FYI grows faster during freezing season
2020/2021.

Figure 7 shows the spatial distribution of sea ice over
the Arctic Ocean from 2019 to 2021. At the beginning of
the freezing season in 2019/2020, the Kara Sea is covered
by FYI, and the FYI coverage in the Nansen Basin is ex-
tended to 80°N. On the contrary, there is only small area
of FYI along the coast of Kara Sea in November 2020,
and almost no sea ice at the north of Svalbard and Fanz
Josef Land. This causes the total sea ice extent in Novem-
ber 2020 to be lower than November 2019, as suggested
in Fig. 6. During the middle freezing season, it is shown
that there is always no sea ice at the north coast of Sval-
bard. This can be explained that the mean sea ice concen-
tration for freezing season 2021 is much lower and the air
temperature is higher than freezing season 2020 at this re-
gion (Schmitt and Liipkes, 2023), leading to the more melt
of sea ice.

The spatial distribution of MYT also shows distinctive
pattern between the two freezing seasons. Firstly, there is
MY]T distributed near the north of the East Siberian Sea in
winter 2019/2020, but no MY for winter 2020/2021. Sec-
ondly, the MYI extent in Beaufort Sea is higher in
2020/2021, which covers most part of this water and even
extents to the east of Chukchi Sea. Finally, there is less
MYT at the north of Svalbard and Fram Strait for winter
2020/2021. The difference between the MY distribution
for the two freezing seasons can be explained by the at-
mospheric circulation anomalies, as suggested in Moore
et al. (2022): Higher sea-level pressure over the Arctic
Ocean in winter 2020/2021 caused stronger wind towards
the west Arctic, moving more MYI from the north of
Greenland to Beaufort Sea and Chukchi Sea. In contrast,
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Fig. 6. Time series of MYI extent and total sea ice extent over the Arctic Ocean from November 2019 to April 2021.
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winter 2019/2020 witnessed a collapse of Beaufort High,
leading to lower sea-level pressures across the Arctic
Ocean. This then resulted in a cyclonic wind towards
Beaufort Sea.

5 Discussion

This section starts with the temporal and spatial com-
parisons of the K-means+FC ice classification against ice
type products. The OSI SAF global sea ice type product
(Section 5.1) and NSIDC SIA dataset (Section 5.2) are
compared with K-means+FC results separately over the
Arctic Ocean, and an intercomparison between ice type
products and K-means+FC results at the transition zone is
presented in Section 5.3. Then, we carry out comparisons
between K-means and K-means+FC result using ice charts
(Section 5.4) and SAR images (Section 5.5) to assess the
performance of fuzzy clustering in improving the MYI
classification accuracy in the transition zone.

5.1 Comparison with the OSI SAF global sea ice
type product

Figure 8 compares the MYI extent derived from the
K-means+FC method using HY-2B data and the OSI SAF
global sea ice type product. The lines represent the MYI

extent. Only the MYT in the Central Arctic region is con-
sidered. The annual standard deviation (STD) and mean of
the MYT extent were calculated for both HY-2B K-means+
FC and the OSI SAF product, as shown in Table 3, where
the bias refers to the difference of the HY-2B K-
means+FC MY extent minus the OSI SAF MY extent.
The MYT extent of HY-2B K-means+FC and the OSI
SAF product show consistently decreasing trends within
both freezing seasons in 2019/2020 and 2020/2021. The
decrease of MYI extent in 2020/2021 is slow from
November to April. The freezing season of 2020/2021
featured an extremely strong Beaufort High and anticy-
clonic winds in the Central Arctic. Therefore, the ice floes
were more easily captured by the Beaufort Gyre, rather
than advected out of the Arctic Ocean through transpolar
stream (Mallett et al., 2021). It is expected that no increas-
ing trend of MYT extent should be observed during freez-
ing season. However, for OSI SAF products, there are
some distinctive exceptions of increasing trend for MYI
extent. For example, a clear increase can be seen in De-
cember 2019 for OSI SAF MY extent. Such anomaly was
also observed in Ye et al. (2023) and might be explain by
the fact that OSI SAF product uses C-band scatterometer
data from ASCAT, which can be less sensitive to second-
year ice. A similar decreasing trend of MYI extent is ob-
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Fig. 8. Time series of the MYI extent from the OSI SAF and HY-2B data using the K-means+FC algorithm in freez-
ing season 2019/2020 (a) and freezing season 2020/2021 (b), and the region of central Arctic (c).

Table 3. Analysis of the MYI extent for HY-2B K-means+FC and OSI SAF

HY-2B K-means+FC OSI SAF
Year
Mean/(10° km?) STD/(10% km?) Bias/(10° km?) Mean/(106 km?) STD/(10° km?)
2019/2020 242 0.26 0-0.65 2.09 0.38
2020/2021 2.14 0.10 0.03-0.64 1.82 0.18

served in both datasets. Meanwhile, the K-means+FC
method has a lower STD for both freezing seasons, com-
pared to the OSI SAF product, indicating that fewer day-
to-day fluctuations exist when using the proposed method.

The MYI extent from HY-2B K-means+FC is larger
than that for the OSI SAF product for both 2019/2020
and 2020/2021. For freezing season 2019/2020, the
average MYI extent from HY-2B K-means+FC is 2.42 x
106 km2, exceeding that from OSI SAF by 0.33 x 106 kmZ.
Figure 8a shows that the largest bias in 2019/2020 oc-
curred in April (0.65 x10° km?). From February to April,
the MYT extent difference gradually increased. This can
be observed for both freezing seasons, but more signifi-
cantly in the freezing season of 2019/2020. By the time
the end of freezing season approaches, MYI becomes less
stable as the surface becomes wetter and may even be

covered by melt ponds. This leads to lower separability
between MYI and FYI in microwave observations. Fluc-
tuations are more evident in the OSI SAF product, which
is derived from the C-band data of ASCAT. In general,
the C-band has been found to be less sensitive to the dif-
ference between MYT and FYI, compared to the Ku-band
of HY-2B (Ezraty and Cavanié, 1999). Consequently,
there are more MY pixels ignored in the OSI SAF prod-
uct in late freezing season, causing an increasing underes-
timation of MYT extent.

5.2 Comparison with the NSIDC SIA dataset

The MYT extent from the HY-2B K-means+FC algo-
rithm and the NSIDC SIA dataset is shown in Fig. 9. Grid
cells classified with an age value of two or greater are
labeled as MYI. In general, the MYI extent from the HY-
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Fig. 9. Central Arctic MYI extent variation from the HY-2B K-means+FC result and the NSIDC SIA dataset result. a.
Freezing season of 2019/2020. b. Freezing season of 2020/2021. ¢. HY-2B K-means+FC result for DOY 321, 2019.
d. Sea ice age dataset result for DOY 316 to DOY 322, 2019. The contents of the colored fan-shaped frames are ex-
plained in the text. MYT: multiyear ice; FYTI: first-year ice; OW:open water; DOY: day of the year. NAN means no data.
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2B K-means+FC classification agrees well with that
from the SIA dataset, with expected decreasing trends in
freezing season being observed. The SIA dataset demon-
strates an averaged MYT extent of 2.55 x 10° km? and
2.16 x 10° km? for freezing season 2019/2020 and
2020/2021, respectively. The averaged bias of HY-2B K-
means+FC with the SIA dataset is about 6% for
2019/2020 and about 10% for 2020/2021. The largest dif-
ference happens in the fall. For the further analysis, we
used the classification result for DOY 321, 2019 to illus-
trate the difference of the MYI spatial distribution. We
note that the SIA dataset reports large areas of MYI
extending south to approximately 75°N, whereas the
MYT derived from HY-2B K-means+FC is mostly within
75°N.

Two regions are highlighted in Figs 9¢ and d by fan-
shaped frames. For the red frame region, a patch of older
ice (of more than three years old) is shown in the SIA
dataset result, while almost no MYI is classified in the
HY-2B K-means+FC result. The difference can be ex-
plained by the fact that the large packs of MYI break up
into smaller floes when drifting within the domain of the
Beaufort Gyre and become fully mixed with FYI. For
coarse-resolution satellite images (e.g., HY-2B), the frac-
tion of MYI within a grid cell in the red frame region is
small, and thus this cell might be classified as FYI. Never-
theless, these older ice floes can be identified using the
SIA dataset because it uses a Lagrangian parcel tracking
algorithm to measure the age of sea ice. Each grid cell in
the product is assigned the age of the oldest parcel within
it at that time, even if the fraction of this oldest ice is rela-
tively small. However, this phenomenon can in turn bring
about an inherent overestimation of MYI area within the
SIA dataset, especially for the transition zone of MYT and
FYT (Korosov et al., 2018; Tschudi et al., 2016). Another
distinct difference is in the blue frame region, where a cer-
tain amount of second-year ice is reported in the SIA re-
sult but no MYTI is seen in the HY-2B K-means+FC result.
We attribute this difference partly to the overestimation of
the SIA dataset. On the other hand, second-year ice has
been reported as having a closer microwave signature to
that of FYI than MYI (Comiso, 2006). This means that
this type of MYI is more difficult to discriminate from
FYI by using only microwave satellite data. Thus, the dif-
ference of the MYI distribution in the blue frame region
can also be ascribed to an underestimation of second-year
ice in the HY-2B K-means+FC result.

5.3 Intercomparison with ice type products in
the transition zone

Intercomparisons of the HY-2B K-means+FC result,
the OSI SAF global sea ice type product, and the SIA
dataset result are provided in this section. Considering that
the proposed algorithm focuses on the improvement of the
MYT classification accuracy around the MYI boundary
(i.e., the transition region), these intercomparisons also

concentrate on the same region. These three products
show an overall agreement with each other for sea ice
type distribution. Nevertheless, we found that the largest
discrepancy usually appears at the MY boundary in both
Beaufort Sea region and Nansen Basin region.

In Beaufort Sea region (Figs 10a—d), compared with
OSI SAF, HY-2B K-means+FC can generally identify
more MYT at the transition zone. However, both HY-2B
K-means+FC and OSI SAF demonstrate an underestima-
tion of MYI when compared with the SIA dataset, for
which the MYI edge extends to 150°W. We attribute this
difference to the fact that the SIA dataset tracks ice
parcels in the NSIDC Polar Pathfinder Sea Ice Motion
dataset. For the OSI SAF product, many areas are identi-
fied as the ambiguous class at the MYI boundary, as la-
beled by the green pixels. In addition, some scattered MY1
floes are identified, which are surrounded by FYI. This
condition can also be observed in the SIA dataset result,
whereas the spatial continuity of the MYI in the HY-2B
K-means+FC result is higher. This can be explained by
the coarser resolution of the HY-2B images.

We focused our attention on the two regions marked
by boxes in Figs 10a—c. For the region in the blue box,
compared to the OSI SAF product, the MYT coverage of
the HY-2B K-means+FC result is more consistent with
that of the SIA dataset result, where more MYT is derived
by HY-2B K-means+FC. It is worth noting that this MYI
contains a “long tail” of ice older than three years, which
is a typical feature of the ice distribution in the Beaufort
Sea, indicating that HY-2B K-means+FC can identify
more old ice than the OSI SAF product. In the region
marked by the black box, HY-2B K-means+FC classifies
younger-aged MY than the OSI SAF product at the tran-
sition zone, suggesting the potential of the fuzzy cluster-
ing algorithm in improving sea ice type retrieval at the
MYI boundary. However, those areas of FYI in between,
identified by the SIA dataset result and the OSI SAF prod-
uct, are ignored by HY-2B K-means+FC, which can
again be attributed to the low spatial resolution of the
satellite data.

For Nansen Basin region (Figs 10e-h), HY-2B K-
means+FC result again show better agreement with SIA
dataset, especially in the second-year ice region (marked
by red rectangle in Figs 10e—g). However, for OSI SAF
product, there are large amount of ambiguous type in the
same region. Areas of FYI are also observed, which indi-
cates that OSI SAF product understates MY1 area. This
condition is the same to the classification results in Beau-
fort Sea region. Another place we paid attention to is de-
noted by black rectangle in Figs 10e—g, near the Svalbard
Island. There are MYT or ambiguous type being identified
in HY-2B K-means+FC and OSI SAF result at latitude
lower than 79°N, but no MYT in SIA dataset. It might be
explained that in this region, which is near the shore, sea
ice is affected by wind and wave. As a result, the roughen-
ing of the ice surface leads to anomalous microwave sig-
nature in satellite data, thus causing misclassification in
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Fig. 10. Regional MYI boundary comparison. a—d. Boundary at Beaufort Sea. e-h. Boundary at Nansen Basin. Red
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HY-2B K-means+FC and OSI SAF results.
5.4 Comparison with CIS ice charts

The comparison is quantified here using the overall
accuracy (OA) and Kappa coefficient, to estimate the
agreement of the K-means and K-means+FC results with
ice chart MYI. The OA is calculated by summing the
number of correctly classified values and dividing by the
total number of values, as presented in the following
equation:

z
2mi
=1

OA = ,
z

@)

where mj; is the number of items that belong to class j
and are correctly classified as class i. Z is the total num-
ber of items, and z is the number of classes. The Kappa
coefficient measures the agreement between classification
and truth values, which is denoted by

OA -
Kappa = 1 pe’ ®)

€

where p. is the expected agreement which can be calculat-

ed as

, &)

where G; is the total number of items that truely belong-

Table 4. OA and Kappa coefficient of the HY-2B classi-
fication using the two algorithms, compared with the CIS
ice charts at the transition zone

K-means K-means+FC
Date
OA/%  Kappa/% OA/% Kappa/%
2019-11-10 91.38 82.33 91.12 81.91
2019-12-16 93.18 86.38 94.24 88.49
2020-01-13 88.15 76.41 92.30 84.19
2020-02-10 88.72 77.24 92.33 84.01
2020-03-16 83.55 67.13 89.98 78.60
2020-04-20 88.52 77.09 90.11 80.10
2020-11-10 78.97 59.38 85.52 69.34
2020-12-26 86.78 73.37 87.70 74.85
2021-01-11 81.58 60.33 86.08 68.47
2021-02-15 89.90 72.97 90.75 74.36
2021-03-08 89.93 72.72 91.95 77.21
2021-04-12 91.83 73.57 92.84 75.94
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ing to class j, and C; is the total number of items that pre-
dicted to class j.

The results are presented in Table 4. The OA of the
MYT classification using K-means+FC is over 89% and
85% in freezing season 2019/2020 and 2020/2021, respec-
tively. There is an increase by approximately 0.9%—6.5%
when compared to the classification using K-means. The
Kappa coefficient of the K-means+FC results shows an
increase of 1.4%-11.5% as the consistency of the MYI
classification with the CIS ice charts is improved at the
MYT boundaries.

Nevertheless, the OA and Kappa coefficient from
the scene of 10 November 2019 decrease slightly after
using the fuzzy clustering. A further analysis using Sen-
tinel-1 SAR images was implemented to explain this
difference (Fig. 11). Comparing the K-means+FC MYI
classification results against the SAR image classification

for this day, we found that the decrease of accuracy is
due to mislabeling FYI pixels in the ice chart as MYI
using the fuzzy clustering algorithm version. These misla-
beled pixels are identified by green color within the red
rectangle in Fig. 11b. A total of 13 pixels are numbered
and labeled by black rectangles in Fig. 11c. For each
pixel (grid point of the algorithm), a Sentinel-1 SAR im-
age is displayed in Fig. 11d. Each image covers a 25 km x
25 km area, containing 625 x 625 SAR pixels. We calcu-
lated the MYI fraction in each SAR image using his-
togram thresholding and visual interpretation for each
image independently. There are many MYI floes with
smaller sizes within each image, of which eight out of 13
have an MYI concentration of over 50%. This indicates
that the K-means+FC algorithm can identify smaller and
scattered MY floes within the transition zone. Therefore,
this algorithm provides a more reasonable classification

] ow
3
[ ] csmyr

[ mislabeled FY1as MYI by HY-2B

- land

Fig. 11. Data to explain the exception in the scene of 10 November 2019. a. CIS ice charts with misclassified FYI as
MYT by the K-means results (green color). b. CIS ice charts with misclassified FYI as MYI by the K-means+FC results
(green color). c. MYT pixels causing the decrease of OA and Kappa coefficient, labeled 1-13. d. Sentinel-1 SAR im-
ages of these 13 pixels in c, with the MYI concentration shown in the lower right. MYI: multiyear ice; FYT: first-year

ice; DOY: day of the year.
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than K-means, even though it agrees less with the CIS
charts.

5.5 Comparison with Sentinel-1 SAR images

Sentinel-1 SAR images were used to compare with the
K-means results and K-means+FC results and validate the
effect of the fuzzy clustering algorithm. To generate MY1
maps from the SAR images with the same spatial resolu-
tion as the HY-2B classification results, the following
steps were employed: (1) a grid with a cell size of
25 km x 25 km was created within the SAR images, with
the same coordinate reference as HY-2B. (2) MYT cells
were identified as such when the fraction of MYI exceed-
ed 50%. The K-means+FC classification results were then
compared with the SAR-derived MYI maps. The MYI
identified in the SAR images covers most parts of the
MYT floes, but still some small sizes of MYT are left out
due to the coarse resolution of the MYI maps and the gen-
eration steps we followed. The OA and Kappa coefficient
were calculated to quantify the classification accuracy and
showed in Table 5. Six case studies are presented in

Fig. 12.

As shown in Table 5, the MYI results from K-
means+FC are generally more consistent with SAR MY,
with the averaged OA and Kappa coefficient increase by
about 10% and about 24%, respectively. For early freez-
ing season, the sea ice is going through a transition pro-
cess, in which FYI surviving the last summer will be-
come second-year ice. As shown in SAR images from
Figs 12a and b, in the transition zone, MY floes are small
and surrounded by FYI. For the two cases in early freez-
ing season, the MYT in November 2020 are distributed in
a narrow region near the coast of the CAA due to a strong
westward transport of thick ice from the north of Green-
land, which was discussed in Moore et al., 2022. Clear
MYT tails are seen in SAR images and successfully identi-
fied in K-means+FC results (Figs 12a and b, forth row).
However, in K-means results, only MYI near the north
boundary of the image scene are recognized, where the
MYT floes are relatively large and have less FYI around
them, and the tail feature is omitted by K-means algo-
rithm. This makes the OA of K-means results lower than

Table 5. OA and Kappa coefficient of the HY-2B classification using the two algorithms, compared with the Sentinel-1

SAR images at the Beaufort Sea

K-means K-means+FC
Period Date
OA/% Kappa/% OA/% Kappa/%
Early freezing season 2019-11-28 75.63 22.07 86.97 69.06
2020-11-03 72.05 30.04 86.46 71.86
Middle freezing season 2020-01-15 85.77 70.82 87.87 75.40
2021-01-10 92.86 74.87 95.54 83.13
Late freezing season 2020-04-14 82.38 63.40 89.43 73.42
2021-04-18 62.95 33.63 84.38 66.86
a.2019-11-28 b. 2020-11-03 ¢. 2020-01-15 d. 2021-01-10 e. 2020-04-14 f.2021-04-18
150°W 140°W 155° 160°W
SAR MYI
SAR image
700 HY-2B FYV/
N SAR FYI
HY-2B MYV/
SAR MYI SAR FYI
u g
HY2BFYU §
SARFYI 7
: - L
K-means HY-2B MYV/
: SARFYI
land
K-means+FC ‘ . i
- NaN
—

winter

f————— carly winter {

} late winter ——

Fig. 12. HY-2B MYI classification results compared with Sentinel-1 SAR images. MYT: multiyear ice; FYI: first-year

ice. NAN means no data.
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80% and the Kappa coefficient not ideal.

During freezing season (Figs 12c¢ and d), MYI floes
have become larger and the boundaries of which are
rounded due to continuous collisions. For freezing season
2019/2020 and 2020/2021, the OA and Kappa coefficient
of K-means and K-means+FC results are higher than 85%
and 70%, respectively. This means that the two algo-
rithms can both correctly identify most part of the MYL.
However, by adding fuzzy clustering, the classification of
MYTI in the transition zone has seen a little improvement,
with small and scattered MYI being classified.

For late freezing season, owing to the unusually high
sea level pressure over the central Arctic Ocean in the
freezing season of 2020/2021 (Mallett et al., 2021), large
amount of MY is continuously transported westward and
out of Beaufort Sea, making the MYI boundary be closer
to Chukchi Sea. As presented in Figs 12e and f, MYI mix
with FYI further, therefore leading to a wider transition
zone. This then has some negative impact on the MYI
classification accuracy for K-means algorithm. However,
by using fuzzy clustering, this situation is largely im-
proved, due to the ability of fuzzy clustering to identify
more MY in the transition zones.

In general, K-means+FC algorithm has shown better
performance in MYI classification in the transition zone,
especially for early freezing season and late freezing sea-
son. During freezing season, the improvement brought
by fuzzy clustering is limited, as the boundary between
MYT and FYT is much more distinctive, thus the K-means
algorithm has the ability to identify MYI with relatively
high accuracy. However, there are some misclassifica-
tions in K-means+FC results, where some FYT are classi-
fied as MYI (white pixels in Fig. 12). This can be at-
tribute to the weighting exponent value we chose, which
controls the fuzziness of the clusters. In addition, the FYI
in the transition zone also undergo collisions, making the
surface of which roughen. Consequently, the microwave
signature of these FYT is similar to MYI, causing it to be
misclassified.

6 Conclusions

In this study, HY-2B scatterometer and radiometer da-
ta were used in Arctic MYT classification for the freezing
seasons of 2019/2020 and 2020/2021. An algorithm based
on K-means with an additional component of fuzzy clus-
tering (called K-means+FC) was developed to solve the
problem of FYI/MYI misclassification at the transition
zone, where the two types coexist at a small scale. We
compared the HY-2B K-means+FC classification result
with the OSI SAF global sea ice type product and the
NSIDC SIA dataset result. Generally speaking, the MYI
derived from HY-2B K-means+FC agreed well with the
OSI SAF product, whereas the MYI extent was observed
to be larger than that of the OSI SAF product, especially
in late freezing season. The main reason for this was that

more MYT in the transition zone was classified by the
fuzzy clustering algorithm. Furthermore, the HY-2B scat-
terometer uses the Ku-band, which has been found to be
more sensitive to MYI, and thus can identify more MYI
than the C-band data used by the OSI SAF product. The
MYTI distribution of HY-2B K-means+FC was in line with
that of ice with an age of not less than two years in the
SIA dataset result, but an underestimation occurred in the
identification of second-year ice at the MYI boundary.
One possible explanation for this is that the microwave
signature of second-year ice is similar to that of FYI, and
thus it is more difficult to discriminate this type of ice
from FYI (Comiso, 2006). Comparison with the CIS ice
charts showed that, by adding fuzzy clustering to reclassi-
fy the transition zone, the MYI derived from the HY-2B
data is more consistent with the MYI of the CIS ice
charts, with the OA increasing by 0.9%—-6.5%. Mean-
while, the comparison with interpretation of SAR images
indicated that the introduction of the fuzzy clustering
module can lead to the identification of smaller MYI
floes, which consequently improves the accuracy of MYI
classification.

Overall, this study has provided some valuable in-
sights into sea ice type retrieval using HY-2B satellite da-
ta. We have paid special attention to the MYI identifica-
tion in the transition zone, a region with highly dynamic
ice conditions, with the accurate identification of MYI in
which is crucial for the monitoring of MYI annual cycles
and budget (Kwok, 2004). Another concern is that the
spatial resolution of HY-2B data is relatively coarse,
which will cause the mixed pixel problem and has impact
on ice type retrieval. However, study on the spatial resolu-
tion enhancement of HY-2B data have been proposed and
indicates the possibility of increasing the spatial resolu-
tion of HY-2B data while still obtaining the data quality
(He et al., 2023). Therefore, the study on the application
of HY-2B data in ice type retrieval is worthy and practi-
cal. Our further work might be concentrated on using the
HY-2B data with higher spatial resolution to produce ice
type product.
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