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Abstract: Arctic sea ice has a significant effect on global climate change, ship navigation,
Arctic ecosystems, and human activities. Therefore, it is essential to produce high-resolution
sea ice maps that accurately represent the geographical distribution of various sea ice types.
Based on deep learning technology, many automatic sea ice classification algorithms have
been developed using synthetic aperture radar (SAR) imagery over the last decade. How-
ever, sea ice classification faces two vital challenges: (1) it is difficult to distinguish sea
ice types with close developmental stages solely from SAR images and (2) an imbalanced
sea ice dataset has a significantly negative effect on ice classification model performance.
In this article, a spatio-temporal deep learning model—the Dynamic Multi-Layer Percep-
tron (MLP)—is utilized to classify 10 sea ice types automatically. It consists of a SAR
image branch and a spatio-temporal branch, which extracts SAR image features and spatio-
temporal distribution characteristics of sea ice, respectively. By projecting similar image
features to different positions in the spatio-temporal feature space dynamically, the Dy-
namic MLP model effectively distinguishes between similar sea ice types. Furthermore,
to reduce the impact of data imbalance on model performance, the dynamic curriculum
learning (DCL) method is used to train the Dynamic MLP model. Experimental results
demonstrate that our proposed method outperforms the long short-term memory (LSTM)
network approach in distinguishing between sea ice types with similar developmental
stages. Moreover, the DCL training method can also effectively improve model performance
in identifying minority ice types.

Keywords: Arctic sea ice classification; deep learning; synthetic aperture radar (SAR);
Sentinel-1

1. Introduction

Axrctic sea ice serves as a critical indicator of global climate change and is integral to
the functioning of the climate system. Recent satellite data and simulations from earth
system models have indicated a significant decline in Arctic ice due to global warming [1-6].
Sea ice type is an essential factor in the monitoring of sea ice. This has importance for
a variety of societal concerns, such as ocean ecosystems, marine resource development,
marine search and rescue, marine transport at high latitudes, and resupply and support for
high-latitude indigenous settlements.

Over the past decades, synthetic aperture radar (SAR) has emerged as a critical in-
strument for the monitoring of sea ice, owing to its high-resolution capabilities and its
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functionality in both diurnal and nocturnal conditions, regardless of weather conditions.
Additional observational data obtained from optical sensors can be analyzed by experts in
ice studies to yield supplementary information regarding sea ice, contingent upon avail-
ability. The albedo of sea ice is significantly higher than that of open water, facilitating the
differentiation of bright sea ice from dark open water in optical imagery. Nonetheless, the
reliance on solar illumination and the necessity for cloud-free conditions impose limitations
on the practical application of optical imagery for sea ice charting. Microwave radiometer
and scatterometer data have been extensively utilized in the generation of operational global
sea ice type products, employing a range of established retrieval algorithms. However, the
relatively coarse resolution of these data, typically on the order of tens of kilometers, fails
to satisfy the requirements of practical applications, such as navigation in the Arctic region.
Recently, GNSS-R (Global Navigation Satellite System-Reflectometry) technology has been
utilized in the remote sensing of sea ice [7-10]. GNSS-R presents several advantages for sea
ice monitoring, including global coverage, cost-effectiveness, and high temporal resolution.
Nevertheless, it is accompanied by certain limitations, such as reduced spatial resolution,
intricate data interpretation, and sensitivity to varying environmental conditions.

The diverse physical properties of various sea ice types, including dielectric constant,
salinity, and surface roughness, result in distinct backscattering and textural characteristics
in SAR images. Additionally, the attributes of sea ice are influenced by factors such as
the satellite radar band, polarization mode, incidence angle, and complex environmental
conditions. Consequently, numerous automatic sea ice classification algorithms have been
developed that leverage polarimetric and textural features derived from SAR images, in
conjunction with statistical machine learning techniques such as supporting vector machine
(SVM) [11-13] and random forest (RF) [14,15]. However, these methodologies necessitate
specialized knowledge and considerable effort to design suitable “handcrafted” features,
which can be challenging to ascertain and may not always be optimal for varying datasets.

With the large expanding dataset of available SAR images and ice type labels, available
from marine forecast offices, deep learning (DL) methods are recently attracting significant
attention in the field of satellite sea ice remote sensing methodologies. This phenomenon
can be attributed to the robust capacity of these models to autonomously learn both low-
level and high-level features from SAR images. Currently, convolutional neural networks
(CNNSs) and their derivatives represent the predominant DL architectures employed in the
classification of sea ice based on SAR data. Boulze et al. employed Sentinel-1 SAR data
in conjunction with sea ice charts to train the LeNet model for the classification of four
distinct types of sea ice [16]. The experimental findings indicate that the accuracy achieved
by LeNet surpasses that of the RF method, which relies on texture features. Khaleghian
et al. combined near-simultaneous Sentinel-1 SAR images and fine resolution cloud-
free Sentinel-2 data to annotate SAR images manually [17]. They developed a modified
VGG-16 model and demonstrated that data augmentation can improve the classification
performance. Zhang et al. introduced the Multiscale MobileNet (MSMN) model, which
is grounded in MobileNetV3 and utilizes a multi-scale feature fusion approach for the
classification of sea ice using Gaofen-3 SAR data [18]. In a separate study, Lyu et al.
applied the Normalizer-Free ResNet (NFNet) architecture for sea ice classification utilizing
data from the RADARSAT Constellation Mission (RCM) [19]. Additionally, Zhao et al.
developed a universal and lightweight multiscale cascade network (MCNet) [20] specifically
designed for sea ice classification based on Sentinel-1 SAR data. The MCNet model is
capable of directly segmenting entire SAR images and achieves an effective balance between
prediction accuracy, memory efficiency, and inference speed.
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These studies have highlighted the great potential of CNNs in SAR-based sea ice

classification. However, certain limitations persist that require resolution. This paper seeks

to address the following two critical challenges:

)

In the context of sea ice classification tasks, the generation of high-quality labels is
typically dependent on sea ice charts. These charts are created through the manual
analysis of multiple data sources and offer comprehensive information regarding
sea ice, encompassing both the concentration of sea ice and its developmental stages.
Institutions such as the U.S. National Ice Center (USNIC), the Norwegian Meteorolog-
ical Institute (MET), the Danish Meteorological Institute (DMI), and the Canadian Ice
Service (CIS) publish operational sea ice charts on a daily or weekly basis. Utilizing
the aforementioned ice charts, numerous DL models have been developed, demon-
strating efficacy in the classification of sea ice. Nevertheless, there remains a notable
disparity in the number of distinct sea ice types that have been classified. Certain
research endeavors concentrate on the classification of sea ice in contrast to open
water in a binary framework [21-23]. Most studies aim to classify three to five sea
ice types [16-19]. Song et al. [24] integrated residual convolutional neural networks
(ResNet) with long short-term memory (LSTM) networks to classify seven distinct
types of sea ice in Hudson Bay. Since CIS ice charts can provide up to 10 sea ice types,
it is of great interest to develop a DL model to identify more refined sea ice types.
However, sea ice types with close developmental stages demonstrate little variation
in SAR images (see Figure 1). This challenge underscores the need for efficient and
robust DL models with high classification accuracy.

ow NI Gl GWI ThinFYI MFYI ThickFYI OI SYI MYl Land
Sea Ice Type

Figure 1. Cases of the visual similarity of different sea ice types in Sentinel-1 SAR images acquired on
(a) 6 October 2019, (b) 19 October 2019, (c) 10 November 2019, (d) 5 January 2020. The first and second
rows are RGB (R: HV, G: HH, B: HH/HV) SAR images and corresponding sea ice types derived from
CIS sea ice charts, respectively. In this paper, the colors indicating differing sea ice types follow the

World Meteorological Organization (WMO) standards. Abbreviations are: OW for open water, NI for

new ice, GI for grey ice, GWI for grey-white ice, ThinFYI for thin first-year ice, MFYI for medium

first-year ice, ThickFYI for thick first-year ice, OI for old ice, SYI for second-year ice, and MYI for

multi-year ice.

@

In the field of computer vision, DL models designed for classification tasks are typ-
ically constructed using artificially balanced datasets, where each category has a
roughly equal number of samples. Conversely, real-world datasets often exhibit class
imbalance, as exemplified by the sea ice datasets utilized in this research. When deal-
ing with such imbalanced datasets, common DL methods are not able to achieve out-
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standing classification accuracy. To illustrate this, we trained the ResNet-50 model [25]
to classify sea ice types. The sea ice type distribution of the training dataset and the
classwise Fl-score of the test dataset are shown in Figure 2.
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Classwise F1 score of test dataset Pearson correlation: 0.69
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Figure 2. Comparison of the sea ice type distribution of the training dataset and the classwise F1-score
of the test dataset.

Compared with other sea ice types, new ice (NI), grey ice (GI), grey-white ice (GWI),
and second-year ice (SYI) occupy a very small part of the whole datasets. Accordingly,
they have poor prediction accuracy. The strong Pearson correlation observed between data
distribution and the F1-score suggests that the issue of class imbalance adversely impacts
the performance of the model, particularly with respect to the minority classes.

To address the challenges outlined above, an end-to-end DL-based sea ice classification
algorithm with Sentinel-1 SAR images is developed in this study. It can distinguish 10 sea
ice types automatically. To classify similar sea ice types with close developmental stages,
a spatio-temporal DL model—the Dynamic MLP—is used to learn temporal and spatial
variation characteristics of sea ice. In order to mitigate the impact of the data imbalance
problem on model performance, the dynamic curriculum learning (DCL) training strategy is
applied to train the DL framework. Furthermore, a novel method is proposed to handle the
effects of incidence angle, following the core idea of the Dynamic MLP model. Experimental
results demonstrate that our proposed method outperforms the most advanced LSTM
model. Meanwhile, the validity of the proposed approach for processing the data imbalance
problem and incidence angle effects is also demonstrated by additional experiments.

The organization of this paper is delineated as follows. Section 2 introduces the
study area and the data utilized. Section 3 outlines the methodologies employed in the
research. The results are presented in Section 4, followed by a discussion in Section 5.
Finally, Section 6 provides the conclusions drawn from the study.

2. Study Area and Data
2.1. Area of Interest

This research focuses on the Eastern and Western Canadian Arctic regions as the des-
ignated study area, aiming to encompass a diverse range of sea ice conditions. Collectively,
these regions represent two of the five CIS regions (see Figure 3), where the CIS conducts
extensive long-term monitoring of sea ice and generates digital operational sea ice charts.
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Figure 3. Areas where sea ice service is provided by CIS. Red rectangular boxes indicate the monitor-
ing regions. In this study, we focus on sea ice classification for the Western and Eastern Canadian
Arctic regions.

The regions are subject to comprehensive monitoring by the Sentinel-1A and Sentinel-1B
satellites, operating continuously both during daylight and nighttime hours. Both CIS sea
ice charts and Sentinel-1 SAR imagery are used to develop our proposed automatic sea
ice classification model. Further information regarding Sentinel-1 SAR imagery and sea
ice charts is provided in Sections 2.2 and 2.3, respectively. Based on CIS sea ice charts,
the temporal and spatial variation characteristics of sea ice in the Eastern and Western
Canadian Arctic are analyzed in Section 2.4. To train, validate, and evaluate our model, we
construct a dataset following the methods given in Section 2.5.

2.2. Sentinel-1 SAR Imagery

The SAR images utilized in this research are derived from Sentinel-1 Level-1 Extra
Wide Ground Range Detected (EW GRD) products. These images are captured in dual-
polarized mode (HH/HV) and possess a medium spatial resolution of 40 m x 40 m, with a
ground range coverage extending to 410 km. For the Eastern and Western Canadian Arctic,
we collected 584 and 934 SAR images, respectively, which were spatially and temporally
aligned with corresponding ice charts. This data collection occurred over the timeframe
from 1 October 2019 to 30 September 2020. Among these images, 85% are used to train and
validate the proposed algorithm and 15% are used to test our model.

2.3. Sea Ice Charts

In this study, the CIS Arctic regional sea ice charts serve as the reference standard.
These charts are produced by specialists in ice forecasting, who utilize a combination
of manual interpretation of satellite imagery, visual observations from maritime vessels
and aircraft, as well as meteorological and oceanographic data. To ensure comprehensive
coverage of the designated area for each chart, satellite data are gathered over multiple days.
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The resulting charts are made available in digital shapefile format, specifically encoded
in SIGRID-3.

The charts present estimates of ice concentration measured in tenths, alongside the
stages of ice development and the various forms of ice. The ice data is encoded in accor-
dance with the standards set by the World Meteorological Organization (WMO). In this
research, we categorize sea ice into 10 distinct types based on their developmental stages,
which include open water (OW), new ice (NI), grey ice (GI), grey-white ice (GWI), thin
first-year ice (ThinFYI), medium first-year ice (MFYI), thick first-year ice (ThickFYI), old ice
(OI), second-year ice (SYI), and multi-year ice (MYI). Additionally, the charts incorporate
a land mask, allowing for the estimation of land locations. The definitions of the sea ice
terminology utilized in this study adhere to the guidelines established by Environment
and Climate Change Canada (ECCC) protocol. The thickness of the ice types and their
corresponding WMO codes are detailed in Table 1.

Table 1. Sea ice type definition and code.

Stage of Development Thickness (in cm) WMO Code
oW NA 55
NI <10 81
GI 10-15 84
GWI 15-30 85
ThinFYI 30-70 87
MFYI 70-120 91
ThickFYI >120 93
Ol NA 95
SYI NA 9
MYI NA 97

2.4. Temporal and Spatial Variation Characteristics of Sea Ice

Based on CIS sea ice charts, we first analyzed the temporal and spatial variation
characteristics of sea ice in the Eastern and Western Canadian Arctic. The results are
given in Appendix A. As shown in Figures Al and A2, sea ice in the Eastern and Western
Canadian Arctic has rather obvious temporal variation trends: the growth and evolution
of sea ice are progressive and periodic. For example, in the Western Canadian Arctic, OW
begins to freeze up and NI, GI, GWI form in late October (see Figure A1). By the beginning
of December, most of the newly formed sea ice turns into ThinFYI. Waters of the Western
Arctic are completely ice-covered by late December. As sea ice grows, it becomes thicker.
In the following summer, by August, the dominant sea ice type becomes OI and partially
ThickFYI. Overall, in summertime, sea ice in waters adjacent to Northern Canada has
entered the melting phase. However, during summer, only a relatively small area of the sea
ice is completely melted in the Western Canadian Arctic. The maximum area of OW occurs
in early October, and at the same time, OI becomes SYI and MYL

To quantitatively describe the characteristics of sea ice growth and changes over time,
we calculated the transition probability of sea ice, transferring from one type to the others
during a one-week interval. Transition probability is a concept in probability theory and
statistics, particularly in the context of Markov chains and stochastic processes. It represents
the probability of moving from one state to another state in a system that changes over time.
In a Markov chain, the transition probability P;; is the probability of transitioning from
state i to state j in one time step. These probabilities are often represented by a transition
matrix, where the entry in the i-th row and j-th column of the matrix gives the probability
of moving from state 7 to state j.
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The statistical results are shown in Figure 4, highlighting the ‘transition law’ of sea ice
types. For a given week, the sea ice type is most likely to remain unchanged or progress
to the next closest developmental stage in the following week. Additionally, the spatial
distribution of sea ice varies significantly across regions. For example, the dominant
sea ice types in the Western Arctic are first-year ice (FYI, including ThinFYI, MFYI, and
ThickFYI), MYI, and OI, while the dominant sea ice type in the Eastern Arctic is FYI.
In conclusion, sea ice exhibits unique temporal transition patterns and varying spatial
distribution characteristics, which can be leveraged to differentiate between similar types
of sea ice.

o

GWI GWI

=
=Y

ThinFY1 ThinFY1

MFY1 MFYI

=
=

ThickFYI ThickFYI

Transfer probabilities

=
[

0

Figure 4. Statistical results of temporal variation characteristics of different sea ice types in: (a) Western
Arctic and (b) Eastern Arctic.

2.5. Dataset Construction

Before developing the model, we preprocess the data and construct suitable datasets to
train, validate, and test our model. For SAR image processing, radiometric corrections and
the elimination of thermal noise are conducted on both HH- and HV-polarized SAR images
in order to obtain normalized radar cross section (NRCS) values UEIH and U&V, according to
the coefficients provided in the calibration file. Subsequently, a 10 x 10 down-sampling is
performed using the boxcar average method to reduce speckle noise and computational
load. This results in a pixel spacing of 400 m. The values o};; and oY}y, are then converted
to dB and normalized by applying the Z-score method, which standardizes data based
on their mean and standard deviation. The multimodal information is normalized to a
range of (—1, 1), including incidence angles, longitudes, latitudes, and dates. Finally, we
use sea ice charts to annotate the SAR images. The sea ice charts are first matched to the
SAR images, within 3 days prior to the chart dates, and are then interpolated to the SAR
image grids using nearest-neighbour interpolation.

For dataset construction, all SAR images are divided into small samples, in number
30 x 30 (each is 12 km x 12 km), which are labeled by the dominate sea ice type in each.
The selected size is deemed appropriate, as each polygon in the sea ice charts, representing
an area with uniform sea ice characteristics, varies from several kilometers to several tens
of kilometers, contingent upon the subjective assessments of the ice analyst. The labeled
samples within the training dataset are subsequently divided into training and validation

datasets at a ratio of 9:1.

3. Methods
3.1. Framework of the Dynamic MLP Model

According to CIS charts, sea ice can be divided into 10 types based on developmental
stage. Different sea ice types have very similar characteristics in SAR images, especially
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those at close developmental stages. Hence, the sea ice classification task is categorized
as a fine-grained image classification exercise, which is a challenging task that involves
identifying fine categories of species or objects. In contrast to conventional image classifi-
cation, fine-grained image classification presents significant challenges in distinguishing
different objects or species that have very similar appearances. These are quite difficult
to differentiate by images alone. To deal with this problem, the Dynamic MLP has been
proposed for fine-grained image classification. By incorporating additional spatio-temporal
information, the model has proven to be superior to previous methods [26]. Consequently,
this research examines the capacity of Dynamic MLP to categorize different types of sea ice
that exhibit similar visual characteristics.

The Dynamic MLP is a bilateral-path framework, as shown in Figure 5. It contains
two branches (i.e., the SAR image branch and spatio-temporal branch) and consists of
several CNN and MLP blocks. Initially, SAR image patches and their corresponding
spatio-temporal information are input to their respective branches simultaneously.

SAR Image

Dynamic Projection

» MLP —&> —
Z7 = Class
i ¢ @]
P . RIS Classiticat ow
) i ‘o D . ssification
Spatio-temporal (C>—> — CD —> MLP —>--t> _)Eﬁ E ”’69” M ¥
Information Y N 5 : ® 2 GI
:- -------------- : n+1 ntl  ZN VA
: Longitude ! Z Z7 A 4
| Latitude > MLP —> > Mip —»> —
Date | ;
Z Zr LN
X

© Concatenate @Dynamic projection@ Add

Figure 5. Overall architecture of Dynamic MLP. It contains two branches for extracting features from
the SAR image and corresponding spatio-temporal information, respectively. The core structure of
Dynamic MLP is a dynamic projection block, denoted as “D”, which updates the image representation
recursively by N times, according to the weights generated from spatio-temporal features.

In the SAR image branch, a CNN block is employed to extract representations from
SAR images. At the same time, the spatio-temporal features are derived through the MLP
block. Next, a dynamic projection block is employed to assign analogous image features to
distinct locations within the feature space. The image features are updated by the dynamic
projection block, based on the adaptive weights derived from spatio-temporal features.
The essence of this dynamic projection process is related to high-dimensional interactions
between image representations and spatio-temporal features. Finally, the enhanced image
features are used to make predictions.

To be more specific, given the input image Xj, its image features Z; can be extracted
via the CNN block. To reduce memory usage and save computation time, image features
are transformed to Z2 with lower dimensions, by a channel-reduction layer.

Simultaneously, the spatio-temporal information is normalized to (—1, 1) and concate-
nated channel-wise:

X; = Concat([latitude, longitude, date)) (1)

where Concat(-) represents channel-wise concatenation. The spatio-temporal information
X; is mapped to X; by sine—cosine encoding:

2,

X; = [sin(nX;), cos(nX;)] )
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Then, the spatio-temporal branch takes additional location and time information, Xj,
as inputs, and generates the spatio-temporal features Z; through the MLP block.

Next, the image and spatio-temporal features are fused by the dynamic projection
block. Taking Z2 and Z; as initial inputs, the image features are dynamically projected
to the spatio-temporal feature space. After N recursive projections, the improved image
representations Z.Y are obtained. Then, a channel increasing operation is performed to keep
the shape of ZY and original image features Zs consistent. Finally, Zs and ZY are combined
via a ‘skip connection’ to make final predictions.

Detailed structures of the CNN block, the MLP block, and the dynamic projection
block are given as follows.

3.1.1. The CNN Block

The Residual Convolutional Network (ResNet) [25] is recognized as a foundational
model within the realm of Convolutional Neural Networks (CNNs) employed for image
classification tasks. The key component of the ResNet model is the residual block with
identity shortcut connections, as shown in Figure 6.

identity

relu

v

Figure 6. Residual block.

Let x represent the input vector and H(x) denote an underlying mapping that is
to be approximated through multiple stacked convolutional layers. These layers aim
to approximate a residual function F(x) := H(x) — x, thereby transforming the original
mapping into the form F(x) + x. It is generally more feasible to approximate the residual
mapping than to directly fit the original mapping. The expression of F(x) + x can be
implemented through shortcut connections, which execute identity mapping by bypassing
one or more layers. Consequently, the residual block is defined as follows:

y = F(x, W) + Wsx ©)

where y is the output vector of the layers, W; are layer weights and Wi is a linear projection
matrix. F(x, W;) denotes the residual function to be learned.

In this study, we used a 50-layer ResNet model to extract SAR image features. The
comprehensive architecture of ResNet is presented in Table 2. Residual blocks are shown in
brackets, with the number of blocks stacked. Batch normalization (BN) and a rectified linear
unit (ReLU) activation function are applied subsequent to each convolutional operation.
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Table 2. Structure of the ResNet model.

Layer Name Kernel Size Filters Stride

convl 7 x 7, BN, ReLU 64 2
max_pool 3x3 \ 2
[1x 1, BN, ReLU]| [ 64 ] 2]

conv2_x 3 x3, BN, ReLU| x 3 64 1
|1x1, BN, ReLU | 256 | 11

[1x 1, BN, ReLU] [128] [2]

conv3_x 3x3, BN, ReLU| x4 128 1
|1 x1, BN, ReLU]| 1512 ] 11

[1x 1, BN, ReLU]| 256 | [2]

conv4_x 3x3, BN, ReLU| x 6 256 1
[1x1, BN, ReLU | 11024 | 1]

[1x 1, BN, ReLU]| [512 ] 2]

conv5_x 3x3, BN, ReLU| x 3 512 1
|1x1, BN, ReLU | 2048 | 1]

3.1.2. The MLP Block

The MLP block for spatio-temporal feature extraction is a residual MLP, and the
remaining MLP blocks are common fully connected layers. As illustrated in Figure 7,
the residual MLP consists of several linear layers, ReLU layers, and residual layers [27].
The residual layer is a derivative of the residual block. The input of the residual layer is
skip-connected with the output of the last RuLU layer, for residual learning.

Liner layer

Residual layer

Residual layer

Residual layer

Residual layer

Residual layer

Figure 7. Structure of the MLP block.

3.1.3. The Dynamic Projection Block

The dynamic projection block is an iterable structure, which enhances the quality of
image representations adaptively, with the help of spatio-temporal features. Since the image
representations and spatio-temporal features can provide complementary information, they
can jointly generate better conditional weights during the projection process.

Specifically, as shown in Figure 5, the image features and spatio-temporal features
are combined in a channel-wise manner to serve as the input of the dynamic projection
block. Then, two identical MLP blocks are used to learn the interaction between them.
New image features and spatio-temporal features are denoted as Z; and Z;, respectively,
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where 1 indicates the current update stage and n € {1,2,..., N}. Next, the image features
are projected to the spatio-temporal feature space. The projection process is shown in
Figure 8. The weights of the dynamic projector are calculated according to the spatio-
temporal features:

W = Reshape (Zf) = Reshape(f(Concat([Z},Z; ]))) 4)

where Reshape(-) converts 1-d features to a 2-d feature and f(-) indicates the fully con-
nected layer.

sn+1

E(Z;’ . WL:)““, E(Z";, . de:)s

C >
® Reshape® Multiply

Figure 8. Overview of the dynamic projection process, indicated as “D” in Figure 5.

zr w

After the dynamic projection, the image features can be written as:
An+1 ~ . ~ .
7 Z(Z:~W1">,...,Z(Zg~Wd5") (5)
where ds; denotes the feature channels. The following MLP block can be expressed as:
Z"1 = ReLU (LN ( f (Z;‘“) )) ©6)

where LN(+) represents layer normalization.
The above dynamic projection process is iterated N times. The enhanced image
representations Z will be used for the final predictions.

3.2. Framework of Dynamic Curriculum Learning Training

The notion of curriculum learning (CL) was initially introduced by Bengio et al. [28].
CL represents a training methodology that systematically instructs machine learning mod-
els by presenting data in a structured sequence, progressing from simpler to more complex
examples. This is inspired by human learning, where curricula are arranged from easy
levels to hard levels during human education. CL has been demonstrated to enhance the
generalization capabilities and convergence rates of models in the domains of computer
vision and natural language processing [29,30]. In the field of sea ice remote sensing, CL has
been applied to improve the precision of sea ice concentration estimation in the marginal
ice zone (MIZ) [31]. It has also been successfully applied in class-imbalanced classification
tasks [32]. In this study, the dynamic curriculum learning (DCL) [32] framework is adopted
to address the issue of class imbalance in sea ice classification. It consists of two-level
curriculum schedulers, including a sampling scheduler and a loss scheduler.
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3.2.1. Sampling Scheduler

The function of the sampling scheduler is to dynamically modify the data distribution
within a single batch, transitioning from an imbalanced to a balanced state, as well as from
simpler to more challenging instances, throughout the training phase. For a given training
set, the jth element of the data distribution Dy, can be defined as the ratio of the number
of the jth class samples to the number of the least class samples. When these elements are
arranged in ascending order, the following results are obtained:

NCl . NCz NCK 7)

Dirain = 1 P2 S
N. " N Ne.
min min min

where K is the number of classes, N, is the number of samples in class i, and N, , is the
number of the least class samples.

Then, the sampling scheduler function is used to adapt the target data distribution in
one batch dynamically. It is defined by a convex function, shown in Figure 9:

I
g(l) = cos(L-2> ®)

where [ and L represent current epoch and total training epochs, respectively.

104 — —  convex
composite

0.8
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0.4

0.2
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0 20 40 60 80 100

Epochs

Figure 9. Scheduler functions.

Initially, the target data distribution Dtarget(O) at epoch 0 in each batch is set to Diyain,
characterized by an imbalanced distribution. As the training process continues, this distri-
bution progressively evolves into a balanced state, with the help of the sampling scheduler:

Dtarget(l) = Dtraing(l) (9)

According to target data distribution Dtarget(l ), samples of each class are selected
dynamically in different epochs during the training stage. At the initial epoch, g(I) = 1
means the target data distribution equals the training set distribution, which is imbalanced.
At the last epoch, g(!) = 0, which indicates that the target data distribution is balanced;
namely, the number of each class sample equals N, .
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3.2.2. Loss Scheduler

Based on the sampling scheduler, the dynamic selective learning (DSL) loss is used to
better learn from the minority class and is defined as follows:

1 MY )
Lpsy = N Z ij' 108(7’(]/1’,]' = yi,j|xi,f)) (10)
j=1i=1

where M, N, and N]- are the number of classes, the batch size, and the number of jth class
samples at the current batch, respectively. y;; and 7;; are prediction labels and ground
truth labels, respectively. w; is the weight function for class j, and is defined as follows:

Dtarget, ](l> Dtarget, ](l) >1
Dcurrent, j ’ current, j T
wj = Dioraet, (1 (11)
0/1’ targef,]( ) < 1

D, current, j

where Digrget, j(1) is the target distribution of class j at the current epoch and D yrent, j is
Dtarget, ](l)

D, current, j

the jth class distribution at the current batch before sampling. If

Dtarget, ](l)
Dcurrent, j
the remaining have weight 0. Otherwise, the jth class is a minority class and a larger weight

< 1, the jth class

is a majority class. We sample percentage of jth class samples with weight 1, and
is used. In short, the weight for the minority class is increasing dynamically with training.

In addition to the DSL loss, the triplet loss from the metric learning is also used to
better discriminate similar samples with difficult or hard” mining. We define hard samples
as wrongly predicted samples with high confidence. We characterize ‘easy’ anchors as
minority samples that are accurately predicted with a high degree of confidence. Subse-
quently, triplet pairs can be constructed using these easy anchors, along with hard positive
and negative samples, which are defined as follows:

0, m; +d xy ) —d X
Liga = Yr max( mj + (xeusy%x+,]) (xeusy,] X ,])) (12)

where m; is the margin of class j and d(-) represents the feature distance between two
samples. x, ; and x_ ; refer to positive and negative samples, respectively. x,,s,,; denotes
easy samples in the minority class j. T is the number of triplet pairs.

Combining Lpgy, and Ltga, the loss scheduler is defined as:

Lpct = Lpst + f(1)-Ltea (13)
£ = %cos(%)+%+6,l<pL (14)
- €, 1>pL

where p and € are the advanced self-learning point and self-learning ratio, respectively.

3.3. Evaluation Metrics

Due to the significant imbalance present in the sea ice datasets, the evaluation metrics
chosen for this study include the classwise F1-score, the micro-average F1-score (Flmicro),
and the macro-average F1-score (Flmacro) [33]. The Fl-score is defined as the harmonic

mean of precision and recall:
__ 2PR
~ P+R

where P and R are precision and recall, respectively.

F1 x 100% (15)
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Based on the confusion matrix, P and R can be computed as follows:

TP
P=——
TP+ FP (16)
TP
=Ty N a7

where TP, FP, and FN represent true positives, false positives, and false negatives, re-
spectively. According to the above definitions, precision denotes the correct proportion of
positive identifications, while recall denotes the correctly identified proportion of actual
positives. They are a pair of contradictory performance evaluation metrics. High precision
means low recall and vice versa. The F1-score represents a metric that effectively reconciles
the trade-off between precision and recall.
F1macro is defined as:
2 Pmacro’Rmacro % 100% — 2?:1 Pli (18)
n

Flmacro = 2 R
macro T Kmacro

where

n TP
i=1 TP;+FP;

Pracro = ————— (19)

n

n TP;
i=1 TP;+FN;

Rmacro = # (20)

where TP;, FP;, FN;, and F1; denote true positives, false positives, false negatives, and

F1-score of the i-th class, respectively. n is the class number. Fln,cro represents the mean

of the Fl-scores calculated for each class, thereby highlighting the significance of each

individual class and placing greater emphasis on those that are less frequently occurring.
Flicro 18 defined as:

P.. .R._. 2y " TP
Flimicro = 2 -0 — M0 5 100% = i=1__! =O0A 21
fmero Pmicro + Rmicro ?:1(2TP1‘ + FPi + FNi) ( )
where " p

Prnicro = =1 22
micro ;qzl TPZ + Z:q:l Fpl ( )

n
i=1 TPl (23)

Rumicro =
micro ?:1 T Pi + 2?:1 FNi

Compared with Flmnacro, Flmicro treats each sample equally, equivalent to overall
accuracy (OA) numerically.

3.4. Implementation Details

All models are developed utilizing the PyTorch framework. The training of these
models is conducted using the stochastic gradient descent (SGD) optimizer, configured
with a momentum of 0.9, a weight decay of 104, a batch size of 512, and a cosine learning
rate schedule that progressively decreases from 0.04 to 0. To mitigate the potential for
overfitting and enhance the generalization capabilities of the models, we employ various
data augmentation techniques on the training dataset, including random horizontal flips,
random vertical flips, and random rotations of 90°, 180°, and 270° [34]. Each model
undergoes training for a total of 90 epochs. Additionally, we implement a warm-up
strategy [35] during the initial two epochs, which involves incrementally increasing the
learning rate from a lower value to a higher one. This helps the model gradually adapt to
the characteristics of the dataset, reducing oscillations and instability during training.
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4. Results
4.1. Performance Comparison of Sea Ice Classification Models

The LSTM model is selected as the baseline because it is the state-of-the-art DL model,
known for its ability to discriminate similar sea ice types [24]. In this section, we evaluate
the classification accuracy of three DL methods: the LSTM, the Dynamic MLP, and our
proposed Dynamic MLP + DCL model.

The overall performance evaluation results are shown in Table 3. Compared with
the LSTM model, which only considers temporal information, the classification accuracy
of the Dynamic MLP model achieves great improvement by making use of both spatial
and temporal information. Furthermore, the Dynamic MLP model, trained with the DCL
framework, performs best among the three models. Specifically, in terms of the performance
indicators, the Dynamic MLP model outperforms the LSTM method by 10.58% (relative
difference) in Flyjcro and 15.71% in Flmacro, While the Dynamic MLP + DCL method
achieves 18.15% and 27.61% performance gains in Flpiyo and Flmacro over the LSTM
model, respectively.

Table 3. Performance comparison among different classification models.

Model Flmicro Flmacro
LSTM 80.93 69.25
Dynamic MLP 89.49 80.13
Dynamic MLP + DCL 95.62 88.37

Figure 10 presents the classwise F1-scores of the three DL models. The results clearly
indicate that data imbalance has a significant negative effect on model performance, over
the minority classes. Compared to the LSTM model, the Dynamic MLP model substantially
improves the classification accuracy for ThinFYI, MFYI, OI, and MY]I, but shows decreased
prediction accuracy for other sea ice types to varying degrees. In contrast to the Dynamic
MLP model, our proposed Dynamic MLP + DCL method can further improve the clas-
sification accuracy of all sea ice types, especially the minority classes, such as GI, GWI,
ThinFYI, MFYI, ThickFYI, SYI, and MYI. Therefore, our method can mitigate the impact of
data imbalance on prediction performance.

B [STM
B Dynamic MLP

1001 W Dynamic MLP + DCL

80

60

F1 score (%)

40 -

20

(o S ¢ St x‘\\'ﬂ\f‘{\hﬁ\“ﬁc‘&f‘ﬂ o eyt it and

Surface type

Figure 10. Classwise F1-score for three DL methods: LSTM, Dynamic MLP, and Dynamic MLP + DCL.
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Figure 11 shows the sea ice classification results for SAR images using the three
methods. According to the ice chart, the sea ice types in the SAR image (Figure 11a) are
mainly GWI, ThinFYI, and MYIL The LSTM model failed to identify GWI, misclassifying it
as ThinFYI and MYI. The Dynamic MLP model is able to identify some GWI, but other GWI
areas are misclassified as MYI. Additionally, the Dynamic MLP model fails to effectively
distinguish between ThinFYI and GWI. In comparison, the Dynamic MLP + DCL model
can effectively recognize these three types of sea ice, with only a small proportion of GWI
being misclassified as ThinFYL

SAR Image Ice Chart LST™M Dynamic MLP ~ Dynamic MLP + DCL

ow NI GI GWI ThinFYI MFYI ThickFYI OI SYI MYI Land

Figure 11. Cases of classification results for Sentinel-1 SAR images acquired on (a) 27 October
2019, (b) 15 February 2020, (c) 3 April 2020, (d) 17 November 2019 and (e) 11 January 2020. The
columns from left to right represent RGB (R: HV, G: HH, B: HH/HV) SAR imageries, ice charts, and
classification results from LSTM, Dynamic MLP, and Dynamic MLP + DCL.

In the SAR image in Figure 11b, the sea ice types are GWI, ThinFYI, and MFYI. The
LSTM model fails to distinguish between these types. The Dynamic MLP model correctly
identifies MFYI and a small portion of GWI but misclassifies ThinFYI as MFYI. The Dynamic
MLP + DCL model effectively distinguishes the three sea ice types, with only a small portion
of the GWI area misjudged as ThinFYI or MFYI.

In the SAR image in Figure 11c, the sea ice types are GWI and ThickFYI. All three
models can correctly classify ThickFYI. The LSTM model and Dynamic MLP model have
poor ability to identify GWI, while the Dynamic MLP + DCL model can correctly predict
part of GWL

Typical sea ice types in the SAR image in Figure 11d are GWI, MYI, and ThinFYI,
distributed in a banded pattern. The LSTM model cannot distinguish them effectively, but
both the Dynamic MLP model and the Dynamic MLP + DCL model can predict them well,
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and the classification result of the Dynamic MLP + DCL model is significantly better than
that of the Dynamic MLP model.

The SAR image in Figure 11e is located in the MIZ, covering a variety of sea ice types:
OW, NI, GI, GWI, ThinFYI, and MFYI. The three models are all able to correctly identify the
boundary between sea ice and OW. The LSTM model and the Dynamic MLP model fail to
distinguish between ThinFYI and MFY], and the former model cannot identify GI and GWI
in the MIZ effectively. The Dynamic MLP model and the Dynamic MLP + DCL model can
distinguish parts of GI and GWI correctly in the MIZ. In general, the Dynamic MLP + DCL
model outperforms the other models in accurately classifying sea ice types within the MIZ.

In summary, compared with the LSTM model, the Dynamic MLP model can effectively
distinguish between sea ice types with similar developmental stages, such as first year ice
of different thicknesses. On the basis of the Dynamic MLP model, our proposed Dynamic
MLP + DCL method can further improve the classification accuracy of the minority sea ice
types, and it also performs well in the complex MIZ.

4.2. Influence of Incidence Angle Dependence

It is well known that the NRCSs of sea ice have a strong incidence angle dependence
[36-39]. For Sentinel-1 EW images, with a large incidence angle range (19—47°), varying
NRCS values will confuse image interpretation. Therefore, it is necessary to study the effect
of incidence angle dependence on sea ice classification.

At present, there are two primary methods to deal with this dependence relationship,
which can be summarized as follows:

(1) The NRCS can be normalized through incidence angle correction for all swath
ranges [11,12,14,16,21,40]. The incidence angle dependence of OW and sea ice NRCS
in HH polarization is illustrated in Figure 12. The NRCS of OW and sea ice is a linear
function of the incidence angle, with the incidence angle dependence for OW being
significantly higher than for sea ice. This is consistent with previous studies [36-39].
Although we can calculate the dependence relationship for OW and each sea ice type
by simple linear fitting, it is difficult to determine the total compensation because the
surface type is not known a priori. As a result, the incidence angle influence has not
been considered in some studies [19,22,24].

(2) The incidence angle can be considered as an additional input channel, with the same
two-dimensional size as the input patches [17]. Specifically, the input of the SAR
image branch consists of three channels: (T(P)IH, UIQW, and the incidence angles. This
method is not optimal because no textural information is contained in incidence
angles. This will also significantly increase the computational load.

Following the core idea of dynamic MLP, we propose the third method:

(38) The averaged incidence angle of each sample is utilized as an additional input of the
spatio-temporal branch. By projecting similar sea ice features to different incidence
angles, the sea ice classification ability of our model can be further enhanced.

In this study, we evaluate the latter two methods in detail, with the performance
evaluation results shown in Table 4. Both methods (2) and (3) improve the classification
accuracy of sea ice, with method (3) outperforming method (2), further proving the validity
of our proposed model architecture. However, in general, the effect of incidence angle
dependence on model performance is minimal. This may be due to the model’s ability to
learn the incidence angle dependence from the SAR images to a certain extent.
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Figure 12. Incidence angle dependence of OW and sea ice NRCS in HH polarization.

Table 4. Performance comparison between two different incidence angle handling methods.

Method Flpicro Flmacro
As an additional input channel of the SAR image branch 95.83 88.74
As an additional input of the spatio-temporal branch 96.58 90.13

5. Discussion
5.1. Advantages

The approach presented in this article, i.e., training the Dynamic MLP model with the
DCL method, is able to identify 10 sea ice types with high accuracy. Compared to the classic
LSTM method, which can only extract time variation features of sea ice, the Dynamic MLP
model has a powerful capability to learn both the temporal and the geospatial distribution
characteristics of sea ice. The benefit of its unique and elegant design, where a dynamic
projection block is used to map similar SAR image features to different positions in the
spatio-temporal feature space, is that the Dynamic MLP model is able to identify sea ice
types with closely related developmental stages. Furthermore, with the help of the DCL
training strategy, the classification accuracy of the Dynamic MLP model in predicting the
minority ice types is improved greatly.

Further, the Dynamic MLP model demonstrates superior computational efficiency in
comparison with the LSTM model, as illustrated in Table 5. The training durations for the
Dynamic MLP model and the Dynamic MLP + DCL model are approximately 1/5 and 1/3,
respectively, of the training time required for the LSTM model. Additionally, the inference
speed of the Dynamic MLP model is seven times faster than that of the LSTM model.

Table 5. Computational efficiency comparison among different classification models.

Training Efficiency Inference Efficiency
Model (Hours) (Minutes)
LSTM 65 22
Dynamic MLP 13 3
Dynamic MLP + DCL 19 3

5.2. Limitations and Future Work

Some limitations remain concerning data sources, dataset construction, and model
architecture. In this study, our method was developed based on Sentinel-1 C-band SAR
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images. The effectiveness of this methodology should be assessed through the analysis of
additional SAR images obtained from a range of satellites and frequency bands, including
but not limited to Radarsat-2 and TerraSAR-X.

In this study, the CIS sea ice charts serve as the reference standard for model training
and evaluation. However, they assign a singular label to extensive spatial areas charac-
terized by uniform ice properties. Consequently, the ice type at a specific location within
these regions may not correspond to the designated label. For example, these charts do
not adequately represent small-scale features such as ice floes and openings within the ice
cover. Additionally, given that our classification approach was implemented at the patch
level, it is unavoidable that certain pixel patches may contain a mixture of sea ice types
in the actual classification of SAR images. Furthermore, it is important to note that sea
ice charts may exhibit biases stemming from the subjective interpretations of ice experts.
To evaluate the effect of label errors on model performance quantitatively, some errors
were introduced into the training labels manually. To be specific, we randomly selected
a certain proportion of samples and replaced their labels with those of types at closely
related developmental stages. This approach is justified, as differentiating between sea ice
types that are at comparable stages of development is inherently difficult. Consequently,
this methodology allows us to indirectly evaluate the impact of label errors on model
performance. As illustrated in Table 6, the performance of all models exhibits a decline in
response to an increasing proportion of incorrect labels. When 10% of the samples have
label errors, the Dynamic MLP + DCL model is able to maintain a relatively high level of
prediction accuracy. However, once the proportion of erroneous labels exceeds 20%, the
impact of label errors on model performance becomes significant and cannot be ignored.

Table 6. Performance comparison among different classification models.

Proportion of Incorrect Labels

Model 10% 20% 30%
Flmicro Flmacro F 1micro Flmacro leicro F Tmacro
LSTM 77.84 65.31 72.43 61.05 66.28 55.69
Dynamic MLP 86.37 77.25 79.66 70.81 71.95 65.23

Dynamic MLP + DCL 91.10 85.37 85.32 78.52 80.29 73.09

To address the impact of label errors on model performance, we consider noise label
learning (NNL) [41] to be a feasible solution. NNL is a subfield of machine learning that
focuses on training models in the presence of noisy or incorrect labels in the training data.
In real-world scenarios, labeled datasets, such as the sea ice datasets used in this study;,
often contain errors due to human annotation mistakes, automatic labeling processes,
or ambiguous data. NNL aims to develop algorithms and techniques that can robustly
learn from such imperfect data, improving model performance and generalization. In
the future, we plan to investigate several NNL approaches, such as noise-tolerant algo-
rithms, noise detection and correction methods, and semi-supervised and self-supervised
learning techniques.

6. Conclusions

There are two major challenges in DL-based sea ice classification using SAR images:
(1) sea ice types at similar developmental stages exhibit similar image features in SAR
images, and (2) the distribution of sea ice datasets is highly imbalanced, leading to poor
classification accuracy for minority classes. To address these challenges, we propose the
Dynamic MLP + DCL method. The Dynamic MLP model is able to effectively distinguish up
to 10 sea ice types by integrating SAR image features with the spatio-temporal distribution
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characteristics of sea ice. On this basis, the DCL training framework is used to train the
Dynamic MLP, further addressing the issue of data imbalance. Compared with the current
state-of-the-art LSTM model, our method has significantly improved the classification
accuracy of sea ice, especially minority classes. In addition, we quantitatively evaluate the
impact of incidence angle dependence on model performance. Experimental results show
that our proposed incidence angle processing method can further improve the model’s
classification accuracy. However, overall, incidence angle dependence has minimal impact
on model performance, likely because the model has the ability to learn this incidence angle
dependence from the SAR images by itself.
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Appendix A

Figures Al and A2 show the spatial and temporal distribution of sea ice in the Western
and Eastern Canadian Arctic during October 2019 to September 2020, respectively.
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Figure Al. The spatial and temporal distribution of sea ice in Western Canadian Arctic during
October 2019 to September 2020.
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Figure A2. The spatial and temporal distribution of sea ice in Eastern Canadian Arctic during October

2019 to September 2020.
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