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Abstract: In the context of global warming, the accurate prediction of Arctic Sea Ice Concentration
(SIC) is crucial for the development of Arctic shipping routes. We have therefore constructed a
lightweight, non-recursive spatio-temporal prediction model, the Spatio-Temporal Decomposition
Network (STDNet), to predict the daily SIC in the Arctic. The model is based on the Seasonal and
Trend decomposition using Loess (STL) decomposition idea to decompose the model into trend and
seasonal components. In addition, we have designed the Global Sparse Attention Module (GSAM)
to help the model extract global information. STDNet not only extracts seasonal signals and trend
information with periodical correspondence from the data but also obtains the spatio-temporal
dependence features in the data. The experimental methodology involves predicting the next 10 days
based on the first 10 days of data. The prediction results provided the following metrics for the 10-day
forecast of STDNet: Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Root
Mean Square Error (RMSE), and coefficient of determination of 1.988%, 3.541%, 5.843%, and 0.979,
respectively. The average Binary Accuracy (BACC) at the beginning of September for the period
2018–2022 reached 93.85%. The proposed STDNet model outperforms and is lighter than existing
deep-learning-based SIC prediction models.

Keywords: non-recurrent spatio-temporal prediction; STL decomposition; sea ice concentration (SIC);
spatio-temporal attention

1. Introduction

In recent years, Arctic sea ice has been melting at an unprecedented rate due to the
effects of global warming and Arctic amplification. According to the latest IPCC-AR6
report, Arctic sea ice coverage shows an annual decreasing trend, and it is highly likely
that the entire Arctic sea will be ice-free during summer prior to 2050 [1]. Compared to the
early 1980s, both the area and thickness of sea ice have decreased by more than 50% [2,3],
and the melting trend of sea ice in the Arctic is almost irreversible. Rising temperatures are
melting the ice caps, and the positive feedback effect of ice cap melting is exacerbating the
phenomenon of global warming [4].

As a result of this situation and its impact on the climate, the navigational potential
of the Arctic channels has been continuously enhanced, gradually making navigation by
ships in polar channels a reality. Arctic channels have enormous economic and social
value, and they have the potential to become an important economic corridor connecting
Europe, North America, and Asia. However, this cannot yet be safely actualized due to
the complexity of sea ice changes and the uncertainty of sea ice forecasts, both of which
cause navigational safety risks. Therefore, predicting daily changes in Arctic sea ice, and
in particular predicting the Sea Ice Concentration (SIC), is of great significance, not only
for providing a basis for subsequent research but also for improving the exploration and
research of Arctic routes and ensuring navigational safety.
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In order to better predict sea ice trends, researchers have utilized knowledge from different
disciplines to study sea ice changes. For instance, numerical sea ice models have been developed
based on the dynamics, thermodynamics, and thickness distribution of sea ice from known
physical laws [5–13]. Common numerical models include the MIT General Circulation Model
(MITgcm) [6], the Hybrid Coordinate Ocean Model (HYCOM) [7], the Modular Ocean Model
(MOM6) [8], the Los Alamos sea ice model (CICE) [9], the Arctic Cap Nowcast/Forecast System
(ACNFS) [12], and the Global Ice Ocean Prediction System (GIOPS) [13]. However, many of the
parameters employed by such physical models are too complex [14,15] and the computational
cost of running the model is also high. The rapid changes in polar sea ice and its physical
properties have increased the uncertainty of the physical parameterization scheme and the
prediction results of sea ice models [16–18]. In addition, certain phenomena in nature cannot be
explained by clear physical laws; therefore, predicting sea ice changes using this method may
lead to inconsistencies between the predicted results and actual observations [19].

Statistical models make predictions by establishing relationships between the SIC
and atmospheric conditions, oceanic conditions, and sea surface variables. The Vector
Autoregressive Model (VAR) [20], linear Markov model [21], and vector Markov model [22]
are typical representatives. Unlike numerical modeling, statistical forecasting is data-driven;
it starts from the data itself and uses statistical methods to mine and fit out changing sea
ice patterns. When confronted with complex factors and unclear impact rules, statistical
forecasting can, to a certain extent, compensate for the shortcomings of numerical model
forecasting.

Studies predicting sea ice changes involve deterministic spatio-temporal sequence
predictions. In recent years, deep-learning (DL) models have provided superior spatio-
temporal predictions [23–36], and this has advanced predictions of the direction of sea ice
change [37–52]. Deep learning has also become another effective method for predicting sea
ice conditions. Compared with methods predicting sea ice changes from known physical
laws, deep-learning algorithms an extract patterns of change from data and simulate
complex dynamic systems or nonlinear changes. Deep-learning algorithms not only agree
with people’s knowledge of natural laws but can also achieve or even exceed the simulation
effects of numerical models [37]. Many algorithms using deep-learning models have
been proposed to predict sea ice changes. For example, Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) have been proposed for predicting sea ice
conditions [38–42]. The SIC is one of the most commonly predicted sea ice variables, and
both short-term [43–45] and medium- to long-term predictions have been made [46,47].

However, deep-learning models have many limitations when predicting sea ice: firstly,
there is a dependence on time during the model prediction process. Taking the Convolu-
tional LSTM Network (ConvLSTM) [26] as an example, although the model integrates the
advantages of CNNs and the Long Short-Term Memory (LSTM) recurrent neural network,
which can simultaneously process information in various spatio-temporal dimensions,
the model has certain defects. Similar to traditional temporal recurrent networks, Con-
vLSTM has a time-dependence problem: when the time series of the input data is too
long, it forgets the historical information, leading to gradient vanishing or exploding and
causing failure of model convergence [29]. In addition, short-term predictions of sea ice
concentration require the input of a time series spanning 5, 10, or more days, as well as
the consideration of information from multiple historical moments, which undoubtedly
exacerbates the model’s shortcomings. Therefore, to achieve the short-term prediction of
sea ice concentration, it is necessary to consider and improve the issues of existing models
to overcome time-dependent problems.

Secondly, model complexity and computational resource consumption are pressing
issues that need to be addressed. Many advanced spatio-temporal prediction models have
been proposed, often combining auxiliary inputs, complex neural network architectures,
and sophisticated training strategies. While these methods demonstrate excellent perfor-
mance, the increasing complexity of these systems undoubtedly limits their usability and
scalability in practical applications [51]. For example, the Two-Stream Convolutional Long
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Short-Term Memory (TS-ConvLSTM) model [51] combines two different modes of Con-
vLSTM to learn sea ice dynamic features, achieving significantly improved performance
compared to the original ConvLSTM model. However, this improvement comes at the cost
of a substantial increase in model complexity, leading to higher computational expenses.
Additionally, due to the recursive nature of Recurrent Neural Networks (RNNs), data must
be processed sequentially, which not only limits parallel computing capabilities but also
significantly increases training and inference times.

Beyond computational complexity, existing spatio-temporal prediction models face
additional challenges. For instance, complex models typically require high-performance
hardware and ample storage resources, which are often difficult to provide in resource-
constrained scenarios such as real-time prediction or embedded systems. Furthermore,
while these models may perform well on specific datasets, they often lack robustness and
are prone to overfitting when applied to different regions or climatic conditions, making it
difficult to generalize to other scenarios. Additionally, the intricate architectures of complex
models may lead to increased development and maintenance costs, creating technical and
economic barriers for practical applications.

To address these issues, the design of lightweight networks has become essential.
Lightweight networks can reduce model parameters and computational complexity while
maintaining high predictive accuracy, thereby improving the usability and scalability of
the models. In scenarios such as Arctic sea ice prediction, lightweight design is particu-
larly crucial as these tasks demand extremely high real-time performance. Models need
to perform inference quickly under limited computational resources while maintaining
high predictive accuracy. Therefore, lightweight design is the key pathway to resolving
the challenges of existing spatio-temporal prediction models, achieving a better balance
between computational efficiency, predictive accuracy, and generalization capability, and
providing more reliable support for practical applications.

Thirdly, traditional spatio-temporal prediction models often lack mechanisms to in-
dependently capture seasonal and trend features, making it challenging to interpret the
dynamic characteristics of the data. This limitation is particularly critical for key tasks such
as Arctic sea ice prediction. Currently, the utilization of seasonal and trend features in SIC
data is insufficient. The mean SIC values exhibit obvious seasonal fluctuations, indicating
that large-scale SIC evolution is mainly influenced by seasons [48]; in other words, SIC
has obvious seasonality. In addition, the tendency of SIC to decline rapidly or rise sharply
during the ice-melt and freeze-up periods and the fluctuations in environmental factors
such as temperature, wind speed, ocean currents, and weather events, which can also lead
to drastic changes, reflect the existence of a clear trend in SIC. In recent years, many studies
have investigated how to use CNNs [39] and RNNs [42,43] to process SIC data, and some
have discussed how to effectively utilize periodic information to improve the accuracy
of predictions. However, deep neural networks suffer from gradient vanishing and error
accumulation, which makes it difficult to capture long time dependencies in time-series
data, and few studies have effectively modelled this trend or seasonality signals using
deep neural networks. Therefore, when using deep learning to make short-term sea ice
concentration predictions, it is necessary to consider how to effectively extract and utilize
the seasonal and trend features of SIC data.

Finally, there is a need to further improve the accuracy of sea ice change predictions.
For the Arctic region, spatial and temporal dependencies exist at different spatial scales.
For example, the SIC changes little in the central Arctic, but there are large SIC differences
at the Arctic margins. Therefore, the degree of spatio-temporal dependence also varies by
region. The predefined fixed-size window makes it impossible for CNN-based models to
capture multiscale dependencies. This problem limits the prediction accuracy of the current
DL-based model and requires model improvement to further improve the prediction
accuracy.

To address the above problems, we designed and developed a lightweight acyclic
network architecture, STDNet, which comprises a basic neural network (CNN), and we
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also use a Global Sparse Attention Module (GSAM), which is trained in an end-to-end
manner by Mean Squared Error (MSE) loss.

The main contributions of this study are as follows:

• We proposed a lightweight non-recurrent spatio-temporal prediction model, STDNet,
which innovatively decomposes data into seasonal and trend components and pro-
cesses them using independent networks in parallel. Specifically, the Season network
focuses on capturing the periodic seasonal signals in the data, while the Trend network
targets short-term trend variations. This decomposition strategy enables STDNet to
effectively extract seasonal and trend features from spatio-temporal data, significantly
reducing computational costs through parallel processing while maintaining high
predictive accuracy for both short-term and long-term variations. This approach
overcomes the high computational complexity and scalability issues of traditional
recurrent models.

• In the model design, we introduced a novel attention mechanism called the Global
Sparse Attention Module. This module is designed to efficiently capture the global
spatio-temporal dependencies in the data, addressing the limitations of traditional
attention mechanisms that primarily focus on local information. Specifically, the
module employs a sparse attention mechanism to minimize attention to irrelevant
information, thereby improving computational efficiency and reducing memory usage.
Meanwhile, it extracts long-range dependencies from a global perspective, enhancing
the model’s ability to capture complex spatio-temporal patterns. The Global Sparse
Attention Module is not only simple and efficient but also highly flexible, making
it applicable to a wide range of spatio-temporal prediction tasks and offering a new
technical approach for future research.

• STDNet demonstrated outstanding performance in recursive prediction tasks, achiev-
ing a Mean Absolute Error (MAE) of less than 2% (1.988%) in predicting 10-day sea
ice concentration (SIC) and an average Binary Accuracy (BACC) of 93.85% between
8 September and 17 September 2018–2022. To verify the model’s effectiveness and
generalizability, experiments were conducted on datasets for Arctic sea ice concentra-
tion, Arctic sea ice drift, and Arctic sea ice thickness. Comparative analyses with other
spatio-temporal prediction models revealed that STDNet consistently outperformed
existing models across multiple evaluation metrics for all datasets. Furthermore, STD-
Net demonstrated significantly lower model parameter counts, computational costs
(FLOPs), and training time compared to existing models, achieving higher compu-
tational efficiency and resource utilization while maintaining high accuracy. These
results demonstrate that STDNet not only excels in the accuracy and lightweight
nature of sea ice dynamics prediction but also possesses broad applicability, making it
an efficient tool for predicting various polar sea ice characteristics.

2. Materials and Methods
2.1. STDNet Overview
2.1.1. Spatio-Temporal Sequence Prediction Task

SIC prediction is a standard spatio-temporal sequence prediction task, which aims
to predict the values of multiple future time steps based on historical time-series data.
The definition of spatio-temporal sequence prediction is as follows: Assume a monitoring
system collects data at fixed time intervals, generating c measurements at each time step.
These measurements can be represented as a 2D image of size w × h, where w and h denote
the width and height of the image, respectively, and c represents the number of channels.
Considering the temporal dimension, these measurements form a 3D tensor X ∈ Rw×h×c.

Let the current time step be i, and there are J time steps of historical data from the past
up to the current time. This historical time series is defined as Xi−J+1:i =

{
Xi−J+1, . . . , Xi

}
.

The goal is to use this sequence to predict the data for the next K time steps, denoted as
Xi+1:i+K = {Xi+1, . . . , Xi+K}. To formalize this prediction problem, the prediction of future
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time steps can be modeled as maximizing the conditional probability p
(
Xi+1:i+K

∣∣Xi−J+1:i
)
,

as follows:
X̂i+1:i+K = argmax

Xi+1,...,Xi+K

p
(
Xi+1:i+K

∣∣Xi−J+1:i
)

(1)

To simplify the prediction process, the joint conditional probability for future time
steps can be decomposed using the chain rule as:

X̂i+1:i+K = argmax
Xi+1,...,Xi+K

(
p
(
Xi+1

∣∣Xi−J+1:i
)
∏K

n=2 p(Xi+n|Xi+n−1)
)

(2)

The above equations indicate that spatio-temporal sequence prediction involves using
historical data, Xi−J+1:i, to infer future time steps, Xi+1:i+K. This process includes both
temporal dependencies and spatial pattern extraction. The complexity of this task arises
from the interaction between the temporal and spatial dimensions, requiring models to
effectively capture long-term dynamic dependencies as well as localized spatial features.

2.1.2. Decomposition Structure

Figure 1 illustrates the overall framework of STDNet, highlighting its core approach to
solving complex long-term forecasting problems through the decomposition of time-series
features. STDNet adopts a decomposition strategy [53–55], which divides the complex
patterns in the input time series into trend and seasonal components, thereby simplifying
the modeling of intricate temporal dynamics. Inspired by the Seasonal-Trend Decompo-
sition using Loess (STL) method [53], STDNet captures the local temporal structures of
time-series data, where the trend component reflects gradual changes over shorter time
spans and the seasonal component represents periodic fluctuations or recurring patterns.
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For an input time series X ∈ RL×d, where L is the sequence length and d is the feature
dimension, the decomposition process involves two key steps. First, the trend component,
Xt ∈ RL×d, is extracted using a moving average method, AvgPool(·), which approximates
the smoothing operation in STL decomposition. This can be expressed as:

Xt = AvgPool(X) (3)

Next, the seasonal component Xs ∈ RL×d is obtained by subtracting the trend compo-
nent from the original series:

Xs = X − Xt (4)
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The moving average operation, AvgPool(·), serves as a lightweight approximation
of the smoothing process in STL decomposition. By iteratively averaging adjacent time
points, it isolates the local temporal dynamics while preserving the overall structure of
the time series. With a step size of 1, this process generates L − 1 trend values due to
boundary constraints. To maintain a consistent sequence length, the final value of the trend
component is extrapolated as follows:

Xt
(L) = Xt

(L−1) (5)

This adjustment ensures that the trend component Xt has the same length as the
original sequence X, while the seasonal component Xs captures the residual periodic
variations after the trend is removed.

By employing this decomposition strategy, STDNet models trend and seasonal varia-
tions separately, embodying a “divide-and-conquer” approach to temporal feature mod-
eling. This method not only reduces the complexity of directly modeling the entire time
series but also enhances the model’s performance in capturing short-term dynamics and
periodic variations. Additionally, it retains the core principles of STL decomposition,
further improving the interpretability and applicability of the model. Through the special-
ized modeling of different temporal characteristics, STDNet effectively addresses complex
spatio-temporal prediction tasks, excelling particularly in scenarios that require precise
short-term forecasting and sensitivity to seasonal fluctuations.

2.2. Input

Given the input of a batch of past frames, G ∈ RB×T×C×H×W , with batch size B (where
B is the number of batches, T is the number of frames, C is the number of channels, and
H × W is the size of the image), which are decomposed to obtain the trend component
and the seasonal component, respectively, the tensors with tensor reshape, (B × T)× C ×
H × W, were input into the Trend network and Season network, respectively, as shown
in Figure 2a. The inputs to both networks treat each frame as an individual sample and
focus on single-frame level features without considering temporal changes. In the GSAM,
the hidden representations of the encoder output were reshaped into tensors of shape
B × (T × C)× H × W, and multiple frame-level features were stacked along the time axis,
as shown in Figure 2b. By forcing channel attention and spatial attention modules designed
based on convolutional networks to learn from the multi-frame feature stack, the model
can capture the inherent spatio-temporal evolution within the sequence data.
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2.3. Trend Network

Figure 3 shows the overall flowchart of STDNet. To predict the trend component, a
Trend network (Figure 3a) with NT convolutional layers with a fixed hidden size, nT , was
constructed to infer the evolutionary trend directly from the historical trend component.
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The structure of the Trend network is relatively simple, and its hidden representation can
be described as follows:

Xi
T = σ

(
GroupNorm

(
Conv2d3×3

(
Xi−1

T

)))
, 1 ≤ i ≤ NT (6)

Xout
T = Conv2d1×1

(
XNT

T

)
(7)

where σ are the nonlinear activation functions, in which the LeakyReLU activation function
was used, and GroupNorm is the normalization layer. Conv2d3×3 is the convolutional
layer with convolutional kernel 3, Conv2d1×1 is the convolutional layer with convolutional
kernel 1, and XT is the trend component of the input.
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The design of the Trend network is intentionally simple, based on the characteristics of
the trend component. The trend component, derived from the time-series decomposition, is
inherently smooth and low-frequency in nature, exhibiting strong continuity and directional
properties. As such, complex deep networks are unnecessary for capturing its features. By
employing 3 × 3 convolutional kernels, the Trend network effectively captures local trend
variations and progressively expands its receptive field through stacked convolutional
layers, thereby accommodating long-term dependencies. The final 1 × 1 convolutional
layer serves as a dimension reduction and feature integration step, mapping multi-channel
intermediate representations to the final output.

This structural design not only meets the requirements for trend component mod-
eling but also reduces the computational complexity of the model. Compared to using
more complex network architectures, the simple Trend network can quickly capture trend
features, improve training efficiency, and reduce the risk of overfitting on new data. This
lightweight design of the Trend network reflects STDNet’s targeted modeling of different
temporal characteristics, achieving both efficiency and robust predictive performance.

2.4. Season Network

To predict the seasonal components, a Season network with an encoder–decoder
structure was constructed, which includes an encoder (Figure 3b), a GSAM (Figure 3c), and
a decoder (Figure 3d). The Season network utilizes an encoder to encode high-dimensional
past frames into a low-dimensional potential space from which GSAM learns spatial
dependencies and temporal variations. The decoder ultimately decodes the latent spatio-
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temporal information into predicted future frames. The design logic of the Season network
can be detailed using the following formulas:

First, the encoder is tasked with mapping high-dimensional historical seasonal data,
XS, into a low-dimensional latent space to extract its key features. The encoder consists of
NS convolutional layers with a fixed hidden size of nS. The initial input, XS, is first passed
through a 1 × 1 convolutional layer for channel transformation:

X1
S = Conv2d1×1(XS) (8)

Then, it undergoes NS convolution operations, with the output of each layer, Xi
S,

expressed as:

Xi
S = σ

(
GroupNorm

(
Conv2d3×3

(
Xi−1

S

)))
, 1 ≤ i ≤ NS (9)

Here, σ is the nonlinear activation function, which is LeakyReLU in this design. To
reduce the spatial dimensions of the data, downsampling is performed after every two
convolutional layers. If downsampling is required, a convolutional layer with a stride of 2
is used; otherwise, a stride of 1 is maintained to preserve the size of the feature maps.

Next, the output of the encoder, XNS
S , enters the Global Sparse Attention Module

(GSAM). The GSAM consists of NC spatio-temporal attention modules, which are used
to capture global spatial dependencies and temporal variation patterns. This can be
represented as:

X j
S = GSAMModule

(
X j−1

S

)
, NS < j ≤ NS + NC (10)

Here, X j−1
S is the input to the GSAM, which represents the latent representation output

by the last layer of the encoder. The GSAM efficiently captures long-range spatial and
temporal dependencies and significantly reduces computational complexity through sparse
attention mechanisms while retaining critical data patterns.

After the GSAM processes the latent representation, XNS+NC
S , the output enters the

decoder for inverse restoration. The decoder comprises NS transposed convolutional layers
that gradually restore the spatial resolution of the feature maps. The output of each decoder
layer can be expressed as:

Xk
S = σ

(
GroupNorm

(
ConvTranspose2d

(
Xk−1

S

)))
, NS + NC < k ≤ 2NS + NC (11)

Finally, the decoded seasonal output, Xout
S , is generated through a 1 × 1 convolutional

layer:
Xout

S = Conv2d1×1

(
X2NS+NC

S

)
(12)

In the decoder, upsampling is performed after every two transposed convolutional
layers. If upsampling is required, a transposed convolutional layer is used; otherwise, a
stride of 1 is maintained to preserve the feature map size. Additionally, the Season network
incorporates residual connections, passing the output of the first layer of the encoder
directly to the last layer of the decoder to retain the original spatial features of the input
data and enhance the spatial fidelity of the decoded output.

This structure of the Season network fully considers the essential characteristics of
seasonal components, namely periodicity and complex spatio-temporal interactions. It
combines the efficient representation capability of the encoder–decoder structure with the
powerful spatio-temporal dependency modeling capability of the GSAM. The encoder
extracts multi-level features and reduces spatial dimensions through convolutional layers,
the GSAM captures complex spatio-temporal dependencies in the latent space, and the
decoder gradually restores the resolution of the feature maps to generate high-quality
predictions. This design effectively captures the periodic and spatial characteristics of
seasonal components while optimizing computational resources. This targeted design
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enables the Season network to perform exceptionally well in complex spatio-temporal
prediction tasks, achieving a balance between high accuracy and efficiency in seasonal
component modeling.

2.5. GSAM

The attention mechanism is an important technological innovation in the field of deep
learning that aims to improve the efficiency and performance of a model in processing
input data. Inspired by the human brain’s selective attention to external information, this
mechanism enables models to concentrate more on the most significant parts of the input
data. In the attention mechanism, the model dynamically adjusts its attention to different
input elements by learning a set of weights, thus enabling it to focus on information relevant
to the current task. Unlike traditional neural networks, the attention mechanism allows the
model to selectively focus on different parts of the input data to capture key information
more efficiently. This flexibility allows the model to be adapted to the processing of different
tasks and variable-length sequences. In addition, by selectively focusing on certain parts of
the input sequence, the attention mechanism reduces the global processing of the entire
input, thus enhancing computational efficiency and reducing computational costs. This is
crucial for training large-scale data and complex models. Overall, the attention mechanism
has driven the development and application of deep-learning models in several domains
through its advantages in flexibility, performance enhancement, and adaptation to sequence
processing. Its successful application in tasks such as natural language processing and
computer vision has made the attention mechanism one of the core technologies in deep-
learning research and applications.

The Convolutional Block Attention Module (CBAM) is a simple and effective feed-
forward convolutional neural network attention module [56]. The CBAM sequentially
infers the attention map along the channel and the spatial dimensions of given intermediate
feature maps. The attention map is then multiplied with the input feature map for adaptive
feature refinement. As CBAM is a lightweight and universal module, it can be seamlessly
integrated into any CNN architecture with negligible overheads and trained end-to-end
with the underlying CNN. However, due to reduced information and dimensional sepa-
ration, the CBAM approach utilizes only a limited visual representation of the receptive
field, ignoring the importance of preserving both channel and spatial aspects to enhance
cross-dimensional interactions.

Based on this, the Global Attention Mechanism (GAM) enhances the performance
of deep neural networks by reducing information approximation and amplifying global
interaction representation [57]. Based on the convolutional spatial attention submodule, a
3D multilayer perceptron-based alignment channel attention submodule was proposed.
The results showed that although the GAM improves the prediction accuracy, due to the
removal of the pooling layer that originally reduced the dimension, this costless operation
leads to a surge in computational demand and a significant increase in computational costs.

To amplify the cross-dimensional interactions while reducing the computational cost,
this study improves on original work and proposes the GSAM, which is divided into two
parts: the channel attention module (Figure 4a) and the spatial attention module (Figure 4b).

The channel attention module compresses the feature map in the spatial dimension to
produce a channel attention map. For a single image, channel attention focuses on which
elements of the image are most important. Initially, 3D substitution is used to preserve the
3D information. Subsequently, to effectively calculate channel attention, a Sparse Multilayer
Perceptron (sMLP) [58] is utilized to compress the spatial dimensions of the input feature
map and amplify the cross-dimensional channel-space dependencies. Finally, the output
and input feature maps of this module are multiplied and replaced as input dimensions
into the spatial attention module.

Similarly, the Spatial Attention Module (SAM) compresses channels and focuses on
the location of most of the informative parts of an image, thus complementing channel
attention. The feature maps output from the channel attention module are used as the input
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feature maps for this module, and the spatial information is fused using two convolutional
layers. A reduction ratio is set to r to compress the channels, reducing the dimension to
C/r channels. Finally, this feature map is multiplied with the input feature map of this
module to obtain the final generated feature map.
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Unlike previous attention mechanisms, the traditional MLP (Figure 5a) is replaced by
sMLP in this study, as this addresses two major drawbacks of the traditional MLP. In this
respect, we aimed to reduce the number of parameters to avoid overfitting and sought to
reduce computational complexity (especially with a large number of input cells) to achieve
multi-stage processing in a pyramid structure.
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Figure 5. The sparse MLP reduces the computational complexity of the MLP through sparse connec-
tions and weight sharing. In (a) MLP, the dark blue token interacts with all the light blue tokens in a
single MLP layer. In contrast, in one (b) sMLP layer, the dark blue token only interacts with the light
blue tokens in the horizontal and vertical directions.

In the sMLP, sparse connections and weight sharing are employed to achieve the
design objectives. As shown in Figure 5b, cells in the sMLP interact directly only with
cells on the same row or column, rather than with all other cells. Furthermore, all rows
and columns share the same projection weights, respectively. Figure 5b demonstrates the
implementation of the sMLP module, which consists of three pathways. In addition to
the identity map shown in the middle, the other two paths are responsible for mixing
cells along the horizontal and vertical directions, respectively. Using the sMLP not only
efficiently aggregates spatial dimensions but also reduces the amount of computation.
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3. Experiments

In this section, we report a series of experiments conducted to evaluate the perfor-
mance of STDNet. Section 3.1. describes the dataset used for the experiments, along with
preprocessing details. Details about implementing the experiment and evaluation criteria
are then described in Section 3.2. Subsequently, to validate the effectiveness of STDNet,
the evaluation performance is demonstrated in Section 3.3., which includes quantitative
and qualitative comparisons with other existing methods, while exploring the issue of
computational efficiency. Finally, in Section 3.4., ablation studies are provided to evaluate
the key components of STDNet and the combination of each loss function.

3.1. Dataset

Currently, the large-scale Arctic observation network is still in its developmental
stage, with the spatiotemporal continuity of sea ice observation data needing improvement,
particularly due to the scarcity and uneven quality of in situ observations. High-quality
datasets are a prerequisite for data-driven models to achieve reliable predictions, as the
quality of the data directly determines the upper limit of intelligent model performance.

Sea Ice Concentration (SIC), as a key indicator for polar environmental monitoring
and sea ice change prediction, is critical for understanding the impacts of climate change
and plays a vital role in supporting Arctic navigation, resource exploration, and climate
adaptation strategies. Existing prediction models typically integrate SIC with other oceanic
and atmospheric parameters, such as sea surface temperature, air temperature, and albedo,
to capture the dynamics influencing SIC. These factors are primarily embedded in the
spatiotemporal dependencies of SIC time series. However, significant differences in resolu-
tion and uncertainty exist among sea ice data products from various sources (e.g., satellite
observations, reanalysis, and numerical simulations), resulting in SIC predictions being
strongly associated with the uncertainties of these data.

With over 40 years of accumulated satellite-based SIC data, rich spatiotemporal de-
pendencies related to SIC variability have been captured. Therefore, we propose using a
single SIC dataset to accurately predict SIC over the next 10 days. This approach reduces
uncertainties introduced by multiple data sources and enhances the practical applicability
of the prediction model.

The daily SIC data used in this study were obtained from the Nimbus-7 SSMR and
DMSP SSM/I-SSMIS passive microwave data versions provided by the NSIDC [59]. These
data have a spatial resolution of 25 km and are based on an Arctic stereographic projection.
The region of interest covers 448 × 304 grids. In each 25 km grid cell, SIC values below
15% detected by passive microwave instruments were set to 0% due to high uncertainty,
with the remaining data ranging from 15 to 100%. A threshold of 15% was used as the
critical minimum SIC. The dataset spans 35 years from 1988 to 2022, including a total of
12,772 days, avoiding potential errors due to inconsistent observation intervals in the data
from 1978 to 1988. The parameters of the SIC data used in this study include a spatial
resolution of 25 km, daily temporal resolution, and Arctic stereographic projection. Figure 6
shows two examples of SIC in March and September 2022, respectively. The average SIC in
the study area exhibits significant seasonal fluctuations [48], indicating that the large-scale
evolution of SIC is primarily influenced by seasonal changes. Overall, SIC reaches its
maximum in March and its minimum in September.

The 35-year SIC dataset was divided into a training set, a validation set, and a test set.
The first 29 years (1988–2016) were used for training, the following year (2017) was used for
validation, and the last five years (2018–2022) were used for testing. The goal of the model
is to predict the SIC for the subsequent 10 days based on the SIC data from the previous
10 days. A 20-day sliding window was used to generate input/output sequence samples;
however, the model was trained and predicted using only the first 10 days as input and the
subsequent 10 days as ground truth for supervised training. It is important to note that
the 20-day sliding window was used solely to generate complete sequence data containing
both input and output, not for direct prediction.



Remote Sens. 2024, 16, 4534 12 of 28

Remote Sens. 2024, 16, x FOR PEER REVIEW  13  of  31 
 

 

6 shows two examples of SIC in March and September 2022, respectively. The average SIC 

in the study area exhibits significant seasonal fluctuations [48], indicating that the large-

scale evolution of SIC is primarily influenced by seasonal changes. Overall, SIC reaches 

its maximum in March and its minimum in September. 

 

Figure 6. SIC charts for March and September. 

The 35-year SIC dataset was divided into a training set, a validation set, and a test 

set. The first 29 years (1988–2016) were used for training, the following year (2017) was 

used for validation, and the last five years (2018–2022) were used for testing. The goal of 

the model is to predict the SIC for the subsequent 10 days based on the SIC data from the 

previous 10 days. A 20-day sliding window was used to generate input/output sequence 

samples; however, the model was trained and predicted using only the first 10 days as 

input and the subsequent 10 days as ground truth for supervised training. It is important 

to note that the 20-day sliding window was used solely to generate complete sequence 

data containing both input and output, not for direct prediction. 

During the testing phase, to objectively evaluate the model’s prediction capability for 

10 consecutive days, the sliding step was set to 10 days. This ensured that the test samples 

were completely independent and non-overlapping in time, providing more reliable eval-

uation results. Each image had a spatial resolution of 448 × 304 × 1 (H × W × C). The train-

ing set consisted of 10,564 samples, the validation set included 348 samples, and the test 

set comprised 35 samples, with each sample corresponding to 350 consecutive days of SIC 

data for a given year. 

3.2. Implementation Details and Evaluation Criterions 

The STDNet model was trained end-to-end without any pre-training. The number of 

layers and hidden sizes in the Trend module were set to 1 and 128, respectively, the num-

ber of layers and hidden sizes in the Season module for encoders and decoders were set 

to 4 and 16, respectively, and the number of layers and hidden sizes in the GSAM were 

set to 2 and 128, respectively. STDNet was optimized using the MSE loss function, which 

is similar to the traditional spatio-temporal prediction model. 

The Adam optimizer was used to train STDNet, with an initial learning rate set to 

0.001; the learning rate was adjusted to 90% of the original after every 2641 iterations. The 

batch size of the model was set to 4 and training was stopped after 52,820 iterations. 

Figure 6. SIC charts for March and September.

During the testing phase, to objectively evaluate the model’s prediction capability for
10 consecutive days, the sliding step was set to 10 days. This ensured that the test samples
were completely independent and non-overlapping in time, providing more reliable eval-
uation results. Each image had a spatial resolution of 448 × 304 × 1 (H × W × C). The
training set consisted of 10,564 samples, the validation set included 348 samples, and the
test set comprised 35 samples, with each sample corresponding to 350 consecutive days of
SIC data for a given year.

3.2. Implementation Details and Evaluation Criterions

The STDNet model was trained end-to-end without any pre-training. The number of
layers and hidden sizes in the Trend module were set to 1 and 128, respectively, the number
of layers and hidden sizes in the Season module for encoders and decoders were set to
4 and 16, respectively, and the number of layers and hidden sizes in the GSAM were set
to 2 and 128, respectively. STDNet was optimized using the MSE loss function, which is
similar to the traditional spatio-temporal prediction model.

The Adam optimizer was used to train STDNet, with an initial learning rate set to
0.001; the learning rate was adjusted to 90% of the original after every 2641 iterations. The
batch size of the model was set to 4 and training was stopped after 52,820 iterations.

The experimental setup included a system equipped with an Intel Xeon Platinum 8352
V 2.10 GHz twelve-core processor and an NVIDIA GeForce RTX 4090 with 24 GB of GPU
memory, using Python 3.10.0 and PyTorch 2.1.0.

To comprehensively evaluate the prediction performance of STDNet, the following
metrics were used: Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), coefficient of determination (R2), and Binary Accuracy
(BACC), and the formulas are as follows, respectively,

RMSE =

√√√√ N

∑
i=0

N

∑
j=0

(
Xij − X̂ij

)2 (13)

MAE =
N

∑
i=0

N

∑
j=0

∣∣Xij − X̂ij
∣∣ (14)
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MAPE =
N

∑
i=0

N

∑
j=0

∣∣∣∣∣Xij − X̂ij

Xij

∣∣∣∣∣ (15)

R2 = 1 −
∑N

i=0 ∑N
j=0

(
Xij − X̂ij

)2

∑N
i=0 ∑N

j=0
(
Xij − X

)2 (16)

BACC =

(
1 − I IEE

area o f active grid cell region

)
× 100% (17)

where N is the total number of pixels in a row or column of the input image, Xij is the
value at the position of the pixel in the i row and j column of the non-terrestrial grid of
the real image (NSIDC), X̂ij is the pixel value corresponding to the non-terrestrial grid
of the predicted image, and X is the average value of the non-terrestrial grid of the real
image. RMSE, MAPE, and MAE are common indicators used in error evaluation, and
they can directly reflect the relative or absolute errors between the predicted and observed
results. For MAPE, the denominator was replaced by 0.1 when Xij was zero. The coefficient
of determination, R2, measured in terms of correlation, provides a clearer picture of the
differences and similarities in evolutionary trends.

BACC [38] was mainly used to measure the proximity of the predicted image sea ice
edge to the real image. Grids with SIC ≤ 15% were defined as open water and grids with
SIC > 15% as sea ice. The Sea Ice Extent (SIE) was defined as the total area covered by grid
cells with SIC > 15%. The Integrated Ice Edge Error (IIEE) was the sum of all regions where
the projected SIE is overestimated or underestimated, and the area of the active grid cell
region was the maximum daily SIE observed from 1988 to 2022.

3.3. Results

The MAE, MAPE, RMSE, and R2 of STDNet test data are shown in Table 1.

Table 1. STDNet evaluation indicators.

Metrics 2018 2019 2020 2021 2022 Mean

MAE 1.937 1.975 2.014 2.003 2.011 1.988
MAPE 3.575 3.936 3.441 3.313 3.438 3.541
RMSE 5.715 5.841 5.956 5.823 5.879 5.843

R2 0.980 0.978 0.977 0.979 0.979 0.979

The results showed that the indicators varied slightly from year to year. The minimum
MAE is 1.937% in 2018, the minimum MAPE is 3.313% in 2021, the minimum RMSE is
5.715% in 2018, and the maximum R2 is 0.98 in 2018. The average MAE, MAPE, RMSE,
and R2 values were 1.988%, 3.541%, 5.843%, and 0.979, respectively. The STDNet model
demonstrated a good prediction performance, with low error and high accuracy.

To show the prediction capability of STDNet more intuitively, the prediction results of
the test data are visualized.

Figure 7a–e show the single-day, non-terrestrial, grid-averaged SIC true values (from
NSIDC); STDNet predicted values; and MAE for the years 2018 to 2022. An analysis of
the images revealed how STDNet was highly aligned with the actual observations for
predicting the melting and freezing trends of sea ice and extreme points. The MAE ranged
from 0.52 to 7.48%, which reflected only a small forecast difference between the five years,
and a clear 10-day periodicity was evident. This periodic change primarily resulted from
the increased error due to the extended prediction step. Figure 7f–j illustrate the spatial
distribution of the MAE for SIC predictions from 2018 to 2022. The annual average MAE
for all forecast days at each grid point was calculated in these charts. In most of the Arctic,
this error was typically less than 2%. The spatial MAE rose slightly only in some sea ice
margins but remained below 6%. As a result, STDNet performed well overall in the Arctic
SIC forecast at 10-day intervals.
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true values (NSIDC); STDNet predicted values; and MAE. (f–j) 2018–2022 average spatial distribution
of MAE of SIC predicted by STDNet.

To explore why the MAE increased in the sea ice edge region, the sea ice edge was
calculated based on the predicted value of SIC, and the proximity was assessed using the
BACC metric [38]. As shown in Figure 7a–e, the sea ice concentration reaches its minimum
in September. Predictions from 8 September to 17 September, 2018–2022, were selected for
evaluation, and the results, covering the period from 2020 to 2022, are shown in Figure 8,
where the observed ice edge is the black contour and the STDNet predicted ice edge is the
green contour.
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STDNet predicted ice edges close to the real ice edge with an average BACC value of
93.85%, but the predicted edges tended to expand outward as the prediction step increased.
This indicated that the SIE predicted by STDNet was slightly larger, showing some lag
effects. This was primarily due to the strong nonlinear character of the high-frequency,
small-scale evolution during the melt period and the presence of interpolation errors in the
data. Overall, the prediction results of STDNet were satisfactory and reliable.

3.4. Comparative Experiments

The approach was compared with several existing models, including ConvLSTM [26],
PredRNN [28], PredRNN++ [29], MIM [31], PhyDNet [32], PredNet [33], PredRNNv2 [34],
MAU [35], and SimVP [36]. The average metric performances are shown in Table 2. It is
evident that the MAE/MAPE/RMSE/R2 of our proposed STDNet were all superior to
those of the existing methods. All experiments were conducted on the same dataset, and
the excellent performance of each metric confirmed the predictive performance of STDNet.

Table 2. Comparison of model performance with STDNet and other models in Arctic sea ice concen-
tration prediction. All metrics reached optimal values, demonstrating the outstanding performance
of STDNet.

Models MAE (%) MAPE (%) RMSE (%) R2

ConvLSTM (NeurIPS’2015) 2.633 7.457 6.808 0.971
PredNet (ICLR’2017) 2.045 6.222 6.621 0.972

PredRNN (NeurIPS’2017) 2.197 4.974 5.936 0.977
PredRNN++ (ICML’2018) 2.145 5.392 5.886 0.978

MIM (CVPR’2019) 2.425 8.490 6.114 0.976
PhyDNet (CVPR’2020) 4.162 10.875 10.895 0.925
MAU (NeurIPS’2021) 2.411 6.594 6.290 0.975

PredRNNV2 (TPAMI’2022) 2.526 7.917 6.407 0.974
SimVP (CVPR’2022) 2.376 6.506 6.397 0.974

STDNet 1.988 3.541 5.843 0.979
The best results are in bold.

To conduct investigations in greater detail, a set of prediction values for March and
September were selected, when the SIC reached its maximum and minimum values, re-
spectively. The dates from 12 March to 21 March and 8 September to 17 September of 2022
were specifically chosen.

Figures 9–11 illustrate the detailed conditions from 12 March to 21 March. Compar-
isons of the daily quantitative performances of MAE, MAPE, and R2 for each model are
shown in Figure 9. The data here represent the number of days from 12 March to 21 March.
The prediction performance of our proposed STDNet was significantly better than that
of the other existing methods. In particular, our model consistently outperformed other
methods in long-term forecasting, and the gap between the metrics was more pronounced
as the number of forecast days increased.
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To qualitatively evaluate the predictive performance of the proposed STDNet, com-
parative experiments on daily predicted SIC were conducted by comparing with observed
images to assess how well the prediction model predicted future SIC. Figure 10 shows
the observed images and some of the images predicted by the better performing models.
Figure 11 shows the spatial distribution of the daily residuals for these models, highlighting
the differences between observed and predicted images. In Figure 11, the yellow areas indi-
cate positive residuals, meaning the predictions are lower than the actual values, and the
blue areas indicate negative residuals, where predictions are higher than actual values. As
shown in Figures 10 and 11, the SIC predicted by the STDNet model is basically consistent
with the observed image with small residuals.
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Figure 10. Comparison of the prediction performance of STDNet with some of the methods from
March 12 to March 21: (a) NSIDC, (b) ConvLSTM, (c) PredRNN++, (d) PredRNNV2, (e) SimVP,
(f) STDNet. All experiments were conducted on the same dataset, using the previous 10 days of data
to predict the following 10 days.

Overall, the prediction errors for the central Arctic ice cap across all models were
relatively small, generally within 5%, and mostly tended to be overestimated. In the
projected SIC, most of the anomalies occurred in the marginal ice areas of the North Atlantic
and North Pacific due to fluctuations at the ice edge. Although all models generated similar
outputs in terms of quantity and quality, the consistency of the SIC images predicted by the
STDNet model with the observed images surpassed that of the other comparative models.
In this respect, both the overestimated and underestimated areas were geographically
similar, but the number of STDNet errors was smaller than for the comparative models.
The following is a brief qualitative description of the predictions for each day: Images from
the first two days show that the residuals for most regions of the STDNet prediction images
were in the range of −5% to 5%, except near the Barents Sea where the residuals reached
−10%. In contrast, the residuals of the predicted images of other comparison algorithms
were generally in the regions of −10% to 10% in the edge ice region. From day 5 to day 10,
the residuals in the edge ice areas of STDNet’s predicted images gradually increased, but
the residuals in most central areas remained within the range of (−5%, 5%). The consistency
in the ice edge regions was continually superior to that of the other comparative models.
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Figures 12–14 illustrate the detailed conditions from 8 September to 17 September.
Figure 12 shows a comparison between the quantitative performance of the models in
terms of daily MAE, MAPE, and R2. The data in the figure represent the number of days
from 8 September to 17 September. Similar to March, the predictive performance of our
proposed STDNet was significantly better than that of other existing methods.
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Figure 13. Comparison between the prediction performance of STDNet and some of the methods
from 8 September to 17 September: (a) NSIDC, (b) ConvLSTM, (c) PredRNN++, (d) PredRNNV2,
(e) SimVP, (f) STDNet. All experiments were conducted on the same dataset, using the previous 10
days of data to predict the following 10 days.
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Figure 13 shows the observed images for September and some of the images predicted
by the better performing models. Figure 14 shows the spatial distribution of the daily
residuals for these models. In September, the sea ice extent was significantly reduced but,
similar to March, most anomalies in the predicted images occurred at the ice edges, with
errors in the central Arctic ice cap remaining small and generally within 5%. STDNet’s
predicted images show better consistency than those of other comparative models, and the
residuals in the ice edge areas are relatively smaller.

The evaluation of the predictive model’s performance indicates that the STDNet
model demonstrates significant advantages in Sea Ice Concentration (SIC) prediction. First,
its prediction results show higher consistency with observed images compared to other
benchmark models. Second, STDNet is more accurate in capturing the detailed changes
along the sea ice edges, which is a critical aspect of SIC prediction, as the prediction of sea
ice edge areas is crucial for assessing ice extent and understanding the dynamic changes in
sea ice. Finally, STDNet maintains high predictive accuracy across different seasons and
varying ranges of sea ice concentration, indicating the model’s robustness and adaptability,
making it better suited for SIC prediction under extreme weather conditions.

The definition of a lightweight model lies in achieving efficient predictive performance
with minimal resource consumption, including parameters, computational cost, and time.
This design philosophy focuses on optimizing model structure, reducing redundant param-
eters, and lowering computational complexity, enabling the model to perform exceptionally
well, even under hardware resource constraints. Table 3 summarizes the comparison
between the proposed STDNet and other existing models in terms of lightweight character-
istics. The training times reported in the table were measured on a single NVIDIA GeForce
RTX 4090 GPU, providing a comprehensive perspective for evaluating the performance of
STDNet. Compared to other methods, STDNet features the fewest parameters (Params),
the fastest training time, and lower Floating-point Operations per second (FLOPs). This
demonstrates that STDNet’s lightweight design is not only reflected in the reduction of
parameters and computational costs but also in significantly shorter training times and
outstanding predictive accuracy, thereby achieving a balance between computational effi-
ciency and predictive performance. This makes STDNet a highly efficient model choice
that maintains high accuracy while being suitable for practical application scenarios.

Table 3. Results of experiment conducted to compare computational costs with other methods. All
experiments were performed on the same dataset.

Models FLOPs (G) Params (M) Training time (h)

ConvLSTM (NeurIPS’2015) 133.000 4.133 1.767
PredNet (ICLR’2017) 7.041 3.129 5.300

PredRNN (NeurIPS’2017) 252.000 1.558 3.600
PredRNN++ (ICML’2018) 368.000 2.479 4.683

MIM (CVPR’2019) 398.000 12.446 5.383
PhyDNet (CVPR’2020) 510.000 3.092 5.400
MAU (NeurIPS’2021) 37.345 8.931 5.583

PredRNNV2 (TPAMI’2022) 253.000 1.559 4.650
SimVP (CVPR’2022) 44.714 3.488 1.800

STDNet 23.878 1.490 1.567
The best results are in bold.

Overall, STDNet achieves high-precision predictions while maintaining a lightweight
model structure, offering significant practical advantages. By minimizing the model’s
parameter count and FLOPs, it effectively reduces computational resource consumption,
making it highly adaptable for resource-constrained environments. Its streamlined archi-
tecture significantly shortens training time and enhances inference speed, ensuring faster
model updates and real-time predictions. Despite its lightweight design, STDNet consis-
tently delivers superior accuracy, demonstrating its robustness and effectiveness across
various tasks. This combination of efficiency and high performance ensures that STDNet
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is well-suited for real-world applications, striking an ideal balance between operational
feasibility and predictive capability.

3.5. Ablation Studies

This section presents the results of ablation studies conducted to evaluate the contri-
bution of each component in the model, including the network architecture design and
spatio-temporal attention mechanism construction. To evaluate the contribution of the
decomposition idea and GSAM to SIC prediction, ablation experiments were performed
on the dataset without decomposition or without the GSAM. To ensure the fairness of the
comparison, all parameter settings and experimental configurations were identical. The
results are summarized in Table 4.

Table 4. Ablation studies conducted to assess the role of decomposition and GSAM. All experiments
were conducted on the same dataset, using data from the previous 10 days to predict the subsequent
10 days.

Models MAE (%) MAPE (%) RMSE (%) R2

STDNet no Decompose 2.097 4.593 5.882 0.978
STDNet no GSAM 2.106 4.865 5.935 0.977

STDNet 1.988 3.541 5.843 0.979

The results showed that models without decomposition performed significantly worse
across all metrics, demonstrating that STL decomposition effectively extracts seasonal
signals and trend information from the data. Additionally, the absence of the GSAM led to
a notable deterioration in all metrics, confirming that GSAM was beneficial for capturing
the spatio-temporal dependencies in the data. In summary, the ablation study validated
that both decomposition and the GSAM contributed positively to achieving satisfactory
model performance.

4. Discussion

Comparing prediction results across different regions or data types is valuable, as
model performance can vary significantly across different application scenarios. In the
following Sections 4.1–4.3, STDNet evaluates the prediction results of various models on
Antarctic sea ice concentration, Arctic sea ice drift, and Arctic sea ice thickness. These
comparisons highlight STDNet’s excellent generalization and broad applicability.

4.1. Antarctic Sea Ice Concentration

The Antarctic daily SIC data we selected also come from the Nimbus-7 SSMR and
DMSP SSM/I-SSMIS passive microwave data provided by NSIDC [59]. The dataset has a
spatial resolution of 25 km and is based on a polar stereographic projection of Antarctica.
Similar to the Arctic, data values from passive microwave instruments below 15% in a
given 25 km grid cell are considered too uncertain to use. Therefore, values below 15%
were set to 0% ice, while the remaining data represent concentrations ranging from 15 to
100%. The 15% threshold is used as the critical threshold for the lowest SIC, ensuring data
comparability across seasons and years.

The data from 1988 to 2016 were used for training, 2017 for validation, and 2018 to
2022 for testing. The spatial resolution of the images is 332 × 316 × 1. To ensure that the
convolutional layer in the model can perform multiple downsamplings, the images were
cropped to 328 × 312 × 1. This adjustment ensures data comparability across seasons and
annual intervals.

To quantitatively assess STDNet’s prediction performance on Antarctic SIC data,
several existing models were compared, and the average metric performance of all methods
is presented in Table 5. Compared to other methods, STDNet demonstrates optimized
MAE, MAPE, RMSE, and R2 for the 10-day Antarctic SIC forecast.
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Table 5. Comparison of model performance with STDNet and other models in Antarctic sea ice
concentration prediction.

Models MAE (%) MAPE (%) RMSE (%) R2

ConvLSTM (NeurIPS’2015) 2.496 5.665 6.549 0.963
PredNet (ICLR’2017) 2.224 5.554 7.333 0.954

PredRNN (NeurIPS’2017) 2.310 5.980 6.106 0.968
PredRNN++ (ICML’2018) 2.271 5.875 6.021 0.970

MIM (CVPR’2019) 2.289 5.465 6.131 0.968
PhyDNet (CVPR’2020) 4.590 6.500 10.597 0.904
MAU (NeurIPS’2021) 2.382 5.906 6.254 0.966

PredRNNV2 (TPAMI’2022) 2.359 6.001 6.282 0.966
SimVP (CVPR’2022) 2.494 6.091 6.465 0.964

STDNet 2.165 5.335 5.841 0.971
The best results are in bold.

As shown in Figure 15, to qualitatively evaluate STDNet’s prediction performance,
an image comparison is provided with several models that exhibit better prediction accu-
racy. The melting period of Antarctic sea ice, which typically occurs during the southern
hemisphere’s summer (around November to February), is opposite to that of the Arctic.
Therefore, a prediction image from three days in January 2022, specifically from 11th Jan-
uary to 20th January, was selected. STDNet outperforms other models, producing images
that are not only closer to real observations in terms of location but also more detailed in
capturing edge contours and morphology. This results in higher clarity and consistency in
critical areas, reducing misclassification and omission compared to other models.
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There are significant differences between Antarctic and Arctic Sea Ice Concentration
(SIC) data in terms of geographic location, seasonal variability, dynamic properties, and
influencing factors. Compared to the Arctic, Antarctic sea ice exhibits more drastic seasonal
variations and a less consistent trend, reflecting its more complex characteristics. STDNet
demonstrates excellent performance in predicting Antarctic SIC, highlighting the model’s
robustness and accuracy in handling complex and variable sea ice dynamics. Addition-
ally, the model effectively captures the unique seasonality and trends of both Arctic and
Antarctic sea ice, showcasing strong generalization capabilities.

4.2. Arctic Sea Ice Drift

For Sea Ice Drift (SID) data, the NSIDC Polar Pathfinder Daily 25 km EASE-Grid
Sea Ice Motion Vector Version 4 [60] was used. This high-resolution dataset is employed
to study Arctic and Antarctic sea ice dynamics, providing daily global sea ice motion
vectors from 1988 to the present. The dataset integrates multiple sources, including satellite
imagery (e.g., AVHRR, SMMR, SSMI, SSMI/S, AMSR), NCEP/NCAR wind reanalysis data,
and International Arctic Buoy Program (IABP) buoy-position data. By combining these
sources, the u-component (x-direction) and v-component (y-direction) of sea ice motion are
generated. To minimize polar projection distortion and ensure data accuracy, the u- and
v-components are projected onto a 25 km grid (EASE-Grid) using optimal interpolation.

The data from 1988 to 2016 were divided into a training set, 2017 into a validation set,
and 2018 to 2022 into a test set. The spatial resolution of the u-component and v-component
images is 361 × 361 × 1. To unify the inputs, these components are combined in the
channel dimension, resulting in an input image resolution of 361 × 361 × 2. To ensure that
the model’s convolutional layers can perform multiple downsamplings, the images are
cropped to 360 × 360 × 2.

When comparing the prediction results of STDNet with those of selected models, the
average metric performance is presented in Table 6. For the Arctic SID 10-day prediction,
STDNet is optimal in RMSE and R2, while slightly trailing PredRNN++ in MAE and MAPE.
However, considering the differences in model complexity, this slight accuracy difference
is deemed acceptable.

Table 6. Comparison of model performance with STDNet and other models in Arctic sea ice drift
prediction. Lower RMSE and higher R2 indicate satisfactory model performance.

Models MAE (cm/s) MAPE (cm/s) RMSE (cm/s) R2

ConvLSTM (NeurIPS’2015) 1.469 0.506 7.165 0.941
PredRNN++ (ICML’2018) 1.382 0.443 6.446 0.952

PredRNNV2 (TPAMI’2022) 1.490 0.495 6.831 0.945
SimVP (CVPR’2022) 1.560 0.478 6.831 0.947

STDNet 1.450 0.473 6.384 0.953
The best results are in bold.

Figure 16 shows the residual distribution images of several models over three days
from 11 March to 20 March 2022. Comparing the residual images, the STDNet model
demonstrates superior performance in residual distribution, especially in long-term pre-
dictions. The residual images of the STDNet model exhibit a more uniform distribution
and smaller residual values. Due to the drastic changes in sea ice drift data, the residuals at
the sea ice edges are generally higher. However, compared to other models, the STDNet
model shows fewer and smaller residuals, highlighting its excellent accuracy and stability
in handling complex sea ice edge features.
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4.3. Arctic Sea Ice Thickness

For Sea Ice Thickness (SIT) data, the SMOS thin sea ice thickness dataset version 300,
provided by the University of Bremen, was selected [61]. This dataset is derived from
the inversion of sea ice thickness using L-band brightness temperature observations at
high incidence angles (50–70◦) from the SMOS satellite. Version 300 data have been finely
calibrated and optimized, making it particularly suitable for studies in thin ice regions,
especially during the freeze–thaw periods of sea ice thickness changes.

To generate sea ice thickness data, brightness temperature data from the SMOS satellite
is first acquired and corrected to eliminate noise from atmospheric conditions, ionospheric
effects, and other interferences. Physical and empirical models are then established to relate
brightness temperature to sea ice thickness, considering the impact of high incidence angles
on brightness temperature measurements. Finally, an optimization algorithm is employed
to invert sea ice thickness from the brightness temperature data, with the results stabilized
and enhanced through the combination of multiple observations.

The Arctic SIT data span from 2010 to the present. Data from 2010 to 2018 were used
for training, 2019 for validation, and 2020 to 2022 for testing. The spatial resolution of the
images is 896 × 608 × 1.

Table 7 compares the evaluation metrics of STDNet with other models, showing that
STDNet achieves optimal MAE, MAPE, RMSE, and R2 for the Arctic SIT 10-day forecast.
To qualitatively assess STDNet’s prediction performance, images predicted by each model
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for three days from 17 September to 26 September 2022, were selected for comparison. As
shown in Figure 17, the SIT images predicted by STDNet exhibit significant advantages in
image quality and detail capture. Compared to other models, STDNet’s generated images
more clearly depict the hierarchical structure of sea ice thickness, are more consistent with
real observations, and perform better in edge processing.

Table 7. Comparison of model performance with STDNet and other models in Arctic sea ice thickness
prediction. All metrics also reached optimal values, proving that STDNet maintains its performance
across different datasets.

Method MAE (cm) MAPE (cm) RMSE (cm) R2

ConvLSTM 1.373 0.240 3.957 0.944

PredRNN++ 1.115 0.193 3.310 0.960

PredRNNV2 1.470 0.292 4.140 0.938

SimVP 1.487 0.316 3.518 0.955

STDNet 1.082 0.173 3.250 0.962

STDNet excels not only in predicting SIC data but also in predicting SID and SIT
data, reflecting its strong generalization ability. Regardless of data type or diverse sea
ice environmental conditions, STDNet maintains consistently robust performance and
demonstrates exceptional adaptability, ensuring high-quality prediction results across
varying sea ice dynamics.
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4.4. Navigational Risk Prediction

STDNet demonstrates significant potential in the field of navigational risk prediction,
capable of integrating dynamic multi-source data such as meteorological, oceanic, and
environmental factors to provide precise predictions for route safety. For example, in
polar routes, sea ice dynamics and meteorological conditions (such as wind speed and
air pressure) are critical to navigation safety. By modeling the long-term trends of sea ice
coverage and short-term meteorological fluctuations, STDNet can accurately predict future
navigational conditions, offering scientific support for polar route planning and real-time
navigation. Similarly, for coastal routes, in scenarios such as typhoon path prediction and
storm surge simulation, STDNet can combine oceanographic data (e.g., current speed and
wave height) with meteorological factors to assess the potential impact of severe weather
on routes, reducing shipping risks caused by natural disasters.

The lightweight design and efficient inference capabilities of STDNet make it particu-
larly well-suited for real-time applications in navigational scenarios. It can be deployed
in ship navigation systems, dynamically predicting route risks by integrating real-time
environmental data and providing optimized route suggestions, thereby enhancing the
safety and economic efficiency of maritime transport. Additionally, STDNet’s fast train-
ing capability allows it to quickly adapt to different maritime regions and environmental
conditions, offering customized prediction support for global navigation routes.

In the future, STDNet can be further integrated with satellite remote sensing and
Automatic Identification System (AIS) data to enhance its capabilities in the dynamic
monitoring of complex sea areas, real-time sea ice change alerts, and collision risk prediction
in densely navigated regions. By integrating multi-source data and optimizing model
deployment, STDNet will provide efficient, accurate, and scalable solutions for navigational
risk prediction, delivering both safety and efficiency improvements to the global shipping
industry.

5. Conclusions

We propose a lightweight, non-recurrent, spatio-temporal prediction model, STDNet,
for predicting daily SIC in the Arctic. Specifically, the model is divided into seasonal
and trend parts based on the STL decomposition concept. In addition, we introduce the
GSAM, which enables STDNet to not only extract seasonal signals and trend information
in the data but also capture the spatio-temporal dependencies in the data, thus providing
end-to-end predictions of daily SIC for the following 10 days. STDNet was tested using
SIC data from 2018 to 2022. Comprehensive experimental results showed the following:
(1) using only satellite remote sensing SIC data as input, STDNet predicted 10-day SICs
with an overall MAE of 1.988%, MAPE of 3.541%, RMSE of 5.843%, and R2 of 0.979; (2)
the prediction performance of STDNet outperformed existing advanced methods both
quantitatively and qualitatively; (3) our model requires fewer parameters but provides a
higher fitting efficiency due to the densely connected structure and the sparse MLP. (4) In the
10-day predictions for Antarctic SIC, Arctic SID, and Arctic SIT, STDNet has demonstrated
exceptional performance; it not only maintains high accuracy but also exhibits strong
generalization capabilities.

Despite these advances, a number of issues remain: (1) Uncertainty in sea ice data. As
a data-driven approach, deep learning does not require prior physical principles, but it has
high requirements on the training data, and the noise in the training data can affect the
model’s prediction. Currently, due to the limitations of satellite observation technologies,
the accuracy of SIC observations is poor in the summer and fall. (2) Complexity of sea ice
change patterns. Due to the great differences in atmospheric circulation, ocean current
patterns, and hydrological characteristics in different regions, the changes in sea ice show
strong variability and spatio-temporal heterogeneity. Although deep learning excels at
fitting complex nonlinear patterns, it is primarily used in fields such as image processing.
The current mainstream loss functions, such as MAE and SSIM, including the MSE used
in this paper, consider the magnitude of the error or the difference in the visual contrast.
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There is no loss function for model training for the spatial heterogeneity or local variability
of sea ice.

To make the deep-learning model more suitable for the short-term forecasting of sea
ice, we aim in future research to introduce elements in the atmosphere and the ocean that
are related to sea ice changes, to enable the patterns of change of sea ice to be characterized,
to reduce the impact caused by uncertainties in sea ice data, and to improve the loss
function by adding constraints on physical mechanisms.
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