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ABSTRACT One of the important climate indicators is the condition of sea ice concentration in the
Arctic and Antarctic regions. Measuring this concentration using remote sensing and automated artificial
intelligence allows continuous monitoring at relatively low cost. The purpose of this study is to develop
a robust and scalable deep learning model to accurately estimate sea ice concentration from satellite
imagery, supporting climate monitoring efforts. Hence, Ice-SPP-net (ISPP-net) is introduced as an innovative
approach to measuring sea ice concentration using Sentinel-2 imagery, leveraging a novel multiscale
convolutional neural network (CNN) architecture. This model is specifically designed to address challenges
posed by the complex and heterogeneous nature of sea ice, which conventional fixed-scale CNNs struggle
to assess accurately. By incorporating Spatial Pyramid Pooling (SPP) modules, the ISPP-net effectively
captures and integrates features across multiple scales, enhancing the model’s ability to discern both fine
details and broader contextual information essential for precise measurements. The model was trained and
evaluated using annotated Sentinel-2 datasets and validated through a comprehensive ablation study to
determine the optimal architecture configuration. Results show that placing the SPP module at the third
encoder layer, using three parallel paths, yields the best performance. This configuration outperformsmodels
like U-Net, SegNet, DABNet, TernausNet, and FC-DenseNet, achieving a mean Intersection over Union of
49.20% and an accuracy of 89.30%. ISPP-net provides critical data to refine climate models and improve
predictions of future climate scenarios. Future enhancements will integrate more data sources and refine the
architecture, supporting SDG 13: Climate Action.

INDEX TERMS Sea ice concentration mapping, satellite imaging, artificial intelligence, convolutional
neural network, multiscale approach.

I. INTRODUCTION
Sea ice plays a crucial role in the Earth’s climate system,
affecting ocean circulation, weather patterns, and global tem-
peratures [1]. Its presence significantly influences the albedo
effect by reflecting solar radiation [2], thereby cooling the
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planet. However, climate change is causing rapid sea ice
melting in polar regions, leading to significant environmental
and economic impacts. Over the past four decades, Arctic Sea
ice has significantly diminished, with some CMIP6 project
models predicting that a completely ice-free summer could
occur before 2050 [3]. Therefore, accurate sea ice concentra-
tion is the key factor to these changes and predicting future
climate scenarios.

167080

 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ VOLUME 13, 2025

https://orcid.org/0009-0000-1799-4716
https://orcid.org/0009-0008-3797-9677
https://orcid.org/0000-0002-3757-3510
https://orcid.org/0000-0002-4010-3990


M. M. Stofa et al.: Sea Ice Concentration Mapping Based on Sentinel-2 Multispectral Imagery

Beyond its climatic effects, sea ice is vital for polar species,
indigenous communities, and global sea levels [4]. The loss
of sea ice disrupts ecosystems and livelihoods, highlighting
the need for comprehensive monitoring and analysis. This
aligns with the United Nations’ Sustainable Development
Goal 13: Climate Action, emphasizing urgent measures to
combat climate change. Reliable sea ice concentration data is
crucial for informing policy and effective climate action [5].
Satellite imagery, especially from missions like Sentinel-2,
provides high-resolution data essential for monitoring these
remote regions. However, the inherent complexity and vari-
ability of sea ice patterns makes reliable measurement and
analysis quite difficult [6].
Traditional methods for measuring sea ice concentration,

such as passive microwave sensors [7], often provide coarse
resolution data and miss finer details. Although synthetic
aperture radar (SAR) and optical imagery have improved pre-
cision, they still face challenges like cloud cover and limited
spatial resolution. Recent advancements in remote sensing [8]
and machine learning [9] now enable more precise and
automated measurement methods, leveraging high-resolution
optical imagery to overcome these limitations.

Conventional convolutional neural networks (CNN),
which use a uniform scale throughout the network, have
been widely used in image analysis tasks [10]. These con-
ventional CNNs apply the same scale of convolutional filters
across all layers, which can limit their ability to capture
both fine and coarse features simultaneously [11]. While
effective for many applications, these networks may struggle
with complex datasets like Sentinel-2 imagery, where the
features of interest vary significantly in scale and detail [12].
Figure 1 depicts various patterns and concentrations of sea
ice captured from Sentinel-2 satellite imagery. Each image
showcases the diverse and complex nature of sea ice for-
mations, highlighting differences in concentration, texture,
and structure. These images exemplify the challenges in
accurately measuring and classifying sea ice concentration
due to its heterogeneous and evolving characteristics.

The gap in the research is evident in developing models
that will effectively deal with the multiscale spatial variability
evident in sea ice imagery. Most of the current CNN-based
methods lack the adaptive multiscale technique, which limits
their usability in precisely segmenting sea ice characteristics
of various textures and scales.

Thus, to address these limitations, the study aims to pro-
pose and test a deep learning-based semantic segmentation
model, Ice-SPP-net (ISPP-net), which exploits multiscale
feature extraction to enhance the pixel-wise segmentation
of sea ice concentration using Sentinel-2 imagery. This aim
is motivated by the requirement to deal with issues like
the necessity to differentiate ice and open water or low-
concentration areas, the necessity to consider a variation in
sea ice texture and density, and the necessity to consider the
difference in spatial resolution of various satellite data sets.
The proposed model, through the integration of multiscale

pooling mechanisms, seeks to result in a high degree of
sensitivity to both small-scale features, e.g., cracks or thin
edges of the ice, and large-scale structures, e.g., ice floes or
pack ice areas, which are important when segmenting and
measuring the sea ice.

This study introduces a novel multiscale convolutional
neural network (CNN) specifically designed for the mea-
surement of sea ice concentration using Sentinel-2 imagery.
Unlike standard CNNs, the multiscale approach of multiscale
CNNs incorporates filters of various sizes within the network
architecture. This enables the model to capture both local and
global features of sea ice, enhancing the accuracy and robust-
ness of the measurements. By processing the imagery at
multiple scales, the multiscale CNN can effectively integrate
detailed textural information with broader spatial patterns,
providing a more comprehensive analysis.

FIGURE 1. Sample of various sea ice concentration from Sentinel-2
imagery.

The multiscale architecture offers several advantages
over the conventional single-scale CNN [13], [14]. Firstly,
it allows the network to capture small-scale features such as
cracks and melt ponds on the ice surface, which are crucial
for understanding sea ice dynamics but are often missed by
single-scale networks. Secondly, it enhances the network’s
ability to recognize larger-scale structures like ice floes and
leads, which are vital for estimating overall ice concentration.
This dual capability significantly improves the model’s per-
formance in heterogeneous environments where feature sizes
vary widely.

The development of this multiscale CNN is motivated
by the need for improved analytical tools that can handle
the high-dimensional, complex nature of satellite imagery
data [15]. By incorporating multiscale feature extraction, the
multiscale CNN aims to address the limitations of existing
methods, offering a more detailed and precise measurement
of sea ice concentration. This advancement not only enhances
our understanding of sea ice dynamics but also contributes to
broader climate change studies by providing reliable data for
predictive modeling and analysis [16].
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In the subsequent sections, we delve into the specifics
of the proposed multiscale CNN architecture, its training
process, and the evaluation methodology. The results section
will present the performance of the multiscale CNN, high-
lighting its superiority over conventional methods. Finally,
the discussion will contextualize these findings within the
broader field of remote sensing and environmental moni-
toring, emphasizing the implications for future research and
practical applications.

II. RELATED WORKS
Sea ice images captured from satellites come in a variety
of shapes, sizes, textures, and colors, which complicates the
process of ice identification, especially for small ice floes.
In response to these challenges, researchers have deployed
a range of deep learning frameworks aimed at enhancing
the detection rate of sea ice features. The application of
these approaches has demonstrated versatility across various
domains [17], including natural disaster alert systems [18],
disease diagnosis [19], stock market prediction [20], and
sea ice monitoring [21]. Multiple studies have investigated
and affirmed the effectiveness of deep learning techniques
in sea ice detection systems proposed by several researchers
Zhang et al. [22]; Zhao et al. [23], highlighting the ongoing
efforts to overcome the complexities associated with accurate
detection in the face of diverse ice characteristics. Despite
these gains, the model remained a fixed-scale convolutional
model with no adaptive pooling and multiscale modules.
Consequently, its performance may be compromised when
utilised on heterogeneous imagery, high or low resolution,
or textural features.

Before the advent of modern technology, researchers used
manual observations and in situ measurements coupled with
low-resolution satellite imagery for mapping and measuring
sea ice [24]. These traditional methods, although fundamen-
tal, were labor-intensive and lacked the spatial and temporal
resolution necessary to capture the full complexity of sea ice
dynamics. Today, sea ice mapping has a broad spectrum of
methods, from traditional observations to advanced remote
sensing and modern technology-based approaches. The dis-
cipline also primarily utilizes different types of images, each
with its advantages and problems.

The study of sea ice using aerial imagery data obtained
from drones and satellites is more revolutionary in
high-resolution data across large areas. The spatial resolution
of drone imagery is high enough to capture the details of
individual ice floes and local variations in ice characteristics.
The flexible use of drones for targeted data collection in
areas of interest makes them of very high value in monitoring
specific locations or events. Some limitations on the part of
the drones include a small coverage area; weather conditions,
such as high winds and low visibility, will affect effective data
collection, introducing noise.

Despite difficulties, aerial images captured by drones offer
highly useful detail for analyzing ice floes, melt ponds, and

variations in ice thickness. Using drones offers higher reso-
lution than satellites, allowing for more detailed separation
and classification of features in sea ice. Zhang et al. [25] and
Singh et al. [26] demonstrated that advanced U-Net-based
deep learning models can reliably extract detailed features
from high-resolution aerial images, despite challenges inher-
ent to aerial data. Zhang et al. proposed a Deep Residual
U-Net, where the original U-Net is augmented with a residual
connection that modulates the boundary accuracy and net-
work convergence, and thus has proved to be an architectural
enhancement that can be transferred to elongated ice floe seg-
ments when narrow objects such as roads are to be detected.
Meanwhile, Singh et al. used deep CNNs in river ice segmen-
tation, emphasizing different ice types classification based on
UAV data with high spatial resolution. Though both meth-
ods effectively preserved fine spatial features and minimal
data preprocessing efforts, the designs were not multiscale
adaptive. Then, the model was not tested for adequacy after
scalability to UAV geographically distributed data before the
addresses presented in this publication. This constrains their
strength in use inmore expansive and compositionally diverse
sea ice environments, as illustrated by lower-resolution or
multi-modal data sources.

The Icenet network proposed by Zhang et al. [27], designed
and trained for the segmentation of river ice from UAV
imagery, demonstrates superior performance compared to
existing state-of-the-art methods in river ice segmentation
tasks. Another novel aspect integrated within the Icenet
network is using positional and channel-wise attentive mech-
anisms to harness more segmentation accuracy and boost
overall performance. The newer iteration, IcenetV2, builds
upon the original Icenet architecture with enhancements for
river ice segmentation. These improvements support trend
prediction, detailed analysis, and more accurate calculation
of drift ice cover density for practical applications [28].
Icenetv2 proved it was more efficient than other models
in estimating the drift ice cover’s density and assisting the
trend forecast with high-resolution information provided by
the UAV. Although the presented results show that ICENet
and IcenetV2 work well on localized and high-quality UAV
datasets, the experiment was conducted only in homogeneous
environments. Accordingly, extrapolation of the findings on
a large-scale satellite data or mixed-modal sea ice circum-
stances remains a problematic issue, especially in the event of
varied textures, different spatial resolutions, and complicated
environmental variability.

Satellite imagery offers broad coverage and frequent obser-
vations, making it ideal for widespread monitoring of sea ice
on a regional and global scale [29]. However, its lower spatial
resolution compared to drones limits its ability to capture fine
details, potentially affecting the accuracy of sea ice assess-
ments in areas with complex ice compositions or mixed ice
and water conditions. Issues with cloud cover can also impact
data quality, necessitating advanced processing techniques
to ensure reliable results. Despite these challenges, satellite
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images, analyzed with deep-learning methods, are crucial
for understanding key sea ice characteristics like extent and
concentration.

Research using satellite imagery involves investigations
into Arctic Sea ice mapping through Sentinel-1 SAR
scenes [30] and estimation of Baltic Sea ice concentra-
tion [31], which highlights the effectiveness of the CNN with
UNet++ architectures in semantic segmentation tasks for sea
ice detection and classification from satellite-derived data.
In another study, the spatial resolution of AMSR2 images
for the purpose of sea ice concentration estimation was
enriched through a Super-Resolution (SR) network in which
the spatial resolutionwas improved four times,making sea ice
concentration estimation even more accurate [32]. Merging
Sentinel-1 SAR and AMSR2 sources in a multi-modal CNN
brings segmentation accuracy improvement to increase the
overall reliability of sea ice charts over any kind of previ-
ous manual process [33]. This reduces the manual efforts
and saves the time spent on interpretation. In both articles,
the CNN was proved to be applicable in terms of semantic
segmentation on the satellite-derived data, particularly the
one extended with network architectures such as UNet++.
Nevertheless, the drawbacks are still connected to using
uniform convolutional kernels and challenges to represent
multiscale ice characteristics in different environmental and
spatial circumstances.

On the other hand, ship-mounted camera imagery obtained
at ground level generates distinct observations regarding
sea ice dynamics and interaction within that environment.
Observations from ships provide a close view of sea ice;
thus, researchers can study how ice features and processes
in this system interact with the environment. High-resolution
images from onboard cameras provide valuable data on ice
concentration and distribution that enhance understanding of
ice-ocean-atmosphere interactions. Ship-based cameras can
be free ofmany of the limitations posed by aerial photography
regarding the need for drones to be flying for long times, their
limited endurance in flight, their payload capacity, and, at the
same time, offer an almost unlimited number of observations
over a long period. This provides insight into seasonal varia-
tions in sea ice conditions.

The near real-time nature of the observations from cameras
mounted on ships makes them very useful for close-range ice
analysis and navigational decision support [34]. Furthermore,
deep neural network semantic segmentation-based sea ice
classification studies and the improved sea ice identification
showed that images from ship cameras can be used to train
DNN models for precise detection and classification of sea
ice types over a wide range of environment conditions [35].
Both research studies substantiate the reliability of deploying
ship-based imagery when locating sea ice in various weather
conditions and other operational restrictions. However, these
studies are optimized for small-scale settings and have low
scaling capabilities for large-scale or multi-modal remote
sensing problems.

For applications with real-time constraints that run on
resource-constrained platforms, such as embedded systems
or mobile devices, in ship-mounted camera studies for
fast processing of sea ice imagery and providing naviga-
tional risk assessments and operational support, the use of
DeepLab models optimized for efficient inference is essen-
tial [34]. Zhang et al. [22] introduced the Ice-Deeplab model,
a refined deep neural network structure based on the original
DeepLabv3+ model that constructs attention mechanisms in
the convolutional networks and fuses shallow layer features
to improve the exact delineation of boundaries in multi-scale
sea ice features depending on seasonal variations.

Despite the various deep learning methods that have been
used in sea ice segmentation, including U-Net, DeepLab,
and IceNet, the majority of previous studies rely on consis-
tent convolutional scales or are oriented towards small-scale,
homogeneous investigations. There has been less focus on
including multiscale modules such as SPP or ASPP system-
atically and assessing their evaluation in large and diverse
satellite images like Sentinel-2. To fill these gaps, our
research suggests the architecture ISPP-net with a spatial
pyramid pooling component at an optimal depth to facilitate
the segmentation performance of diverse and large-scale sea
ice data.

III. METHODOLOGY
This section delineates the primary approach employed in
this study, emphasising the formulation of the Ice-SPP-net
(ISPP-net) architecture for precise sea ice concentration map-
ping via Sentinel-2 imagery. The methodology is designed
to explicitly delineate the challenge, articulate the network
architecture, and elucidate the innovations implemented via
multiscale feature extraction.

A. PROBLEM DEFINITION
The key problem addressed in this study is the challenge
of accurately measuring sea ice concentration from satellite
imagery due to the heterogeneous, multiscale, and complex
nature of sea ice formations. Traditional convolutional neural
networks (CNNs) tend to have weaknesses in representing
fine and coarse spatial information, and hence stand to be less
effective in segmenting such imagery characteristics. This
is a weakness that encourages better architecture of a more
adaptive and unshakable system.

The development of our proposed multiscale CNN is
driven by the need to accurately analyze and measure sea ice
concentration from satellite imagery, addressing the limita-
tions of conventional uniform scale CNNs. These standard
networks often fail to adequately process the varied and intri-
cate features of sea ice, such as ice floes or melt ponds, which
require high-resolution local data, and large-scale structures
that necessitate a broader contextual perspective.

For complex sea ice imagery, capturing multi-scale con-
textual information is crucial. The Spatial Pyramid Pooling
(SPP) module enhances the model’s ability by pooling
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features at multiple scales, integrating fine details and broader
context, which is essential for segmenting diverse sea ice for-
mations. TheAtrous Spatial Pyramid Pooling (ASPP)module
uses dilated convolutions to capture wide context while
maintaining fine detail. This study aims to determine which
module, SPP or ASPP, is best suited for sea ice segmentation
by integrating them into our multiscale CNN architecture and
evaluating their performance in improving feature extraction
and segmentation accuracy. By employing multiscale feature
extraction, the network can capture details at multiple levels,
enhancing its ability to differentiate between various types of
sea ice and water, thereby significantly improving segmen-
tation and classification accuracy in complex image analysis
tasks.

The multiscale modules in our proposed network are
designed to overcome these limitations by integrating fea-
tures from various scales, thereby providing a richer and
more comprehensive representation of the input data. This
approach enhances the network’s ability to handle the het-
erogeneity of sea ice images, resulting in more precise and
reliable measurements.

B. BASE ENCODER-DECODER MODEL
This subsection will present the base architecture we used
to generate semantic segmentation and the structure upon
which our proposed model will be laid. The encoder-decoder
architecture was selected because it demonstrated the best
results in dense predictive tasks, including pixel-wise clas-
sification. We describe how the convolutional layers, skip
connections, and upsampling mechanisms are arranged to
enable the model to retain the low-level geometric detail
and high-level semantics, key components representing the
subtle variations in sea ice concentration over heterogeneous
satellite images.

The classification of sea ice and open water can be defined
as a semantic segmentation problem. In this study, we propose
a base encoder-decoder CNN model with addition of multi-
scale module. This model comprises five layers of encoders
and five layers of decoders, with each encoder layer being
connected to its corresponding decoder layer via skip connec-
tions. This model architecture enhances feature preservation
and improves gradient flow during training, facilitating better
localization and detailed segmentation. The skip connections
also allow for a richer backpropagation of gradients, reduc-
ing the problem of vanishing gradients and improving the
model’s ability to learn from complex images.

The input to this model is an image with dimensions of
256 × 256 pixels. A convolutional (Conv) layer, a batch nor-
malisation (BatchNorm) layer, a rectified linear unit (ReLU)
activation function, and a pooling layer make up each encoder
layer. This configuration is systematically repeated across all
five encoder layers, enabling the progressive extraction of
more complex and higher-level features from the input image.
In contrast, the decoder layers each start with an upsampling
layer to enhance the spatial resolution, followed by a Conv
layer, BatchNorm, and a ReLU activation function. This setup

effectively reconstructs the decoded features back to the size
of the original image, ensuring detailed and accurate image
segmentation.

The architecture concludes with a final layer featuring
a Softmax activation function. This layer outputs a proba-
bility distribution across the different segmentation classes,
allowing for the classification of each pixel in the image.
This comprehensive setup ensures that the model not only
captures detailed features but also accurately classifies them,
making it highly effective for tasks requiring precise image
segmentation.

C. MULTISCALE MODULE ARCHITECTURE
This subsection proposes the multiscale feature extraction
modules added to the base network as a solution to the
flaws of fixed-scale CNNs. We describe in detail the Spatial
Pyramid Pooling (SPP) and Atrous Spatial Pyramid Pooling
(ASPP) designs. These modules were intended to improve
the capacity of the model to detect information from various
receptive fields concurrently, facilitating better partitioning
of sea ice characteristics that exhibit huge variation in dimen-
sions, structure, and appearance. The theory and use of each
module are explained in terms of remote sensing applications.

The spatial pyramid pooling (SPP) module is designed
to pool features at multiple scales and concatenate them to
form a robust multi-scale representation of the input data.
It operates by applying pooling operations with different win-
dow sizes, capturing spatial hierarchies of features that are
crucial for understanding complex patterns in sea ice imagery.
By pooling features at varying scales, SPP can integrate both
fine-grained local details and broader contextual information,
which enhances the network’s ability to segment and classify
sea ice accurately.

SPP can integrate fine-grained local details and broader
contextual information by pooling features at varying scales.
After pooling, each branch output is bilinearly upsampled
(resize step) to the original feature-map resolution so that all
branches share the same spatial dimensions before concatena-
tion. The resize operation is non-learnable and uses standard
bilinear interpolation. Figure 2 depicted the architecture of
SPP integrated within a CNN.

On the other hand, the ASPP module employs atrous con-
volutions (also known as dilated convolutions) with different
dilation rates to capture multi-scale contextual information
without reducing the spatial resolution of the feature maps.
Atrous convolutions allow the network to have a larger recep-
tive field, enabling it to capture more contextual information
while maintaining fine detail resolution. The ASPP module
effectively integrates features from different scales, making
it well-suited for tasks that require a detailed understanding
of spatial hierarchies, such as sea ice segmentation.

Atrous convolutions enable the network to have a larger
receptive field without downsampling, allowing it to capture
fine details and broader context. Since all atrous branches
operate on the same input feature map without altering
spatial size, the outputs are spatially aligned and do not
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FIGURE 2. SPP module architecture.

require resizing before concatenation. This design makes the
ASPP module well-suited for tasks like sea ice segmenta-
tion, which demand multi-scale contextual understanding.
Figure 3 depicts the architecture of ASPP integrated within
a CNN.

FIGURE 3. ASPP module architecture.

D. MULTISCALE MODULE EMBEDDING
In this subsection, we explain how we strategically combine
themultiscalemodules, SPP andASPP, with the base network
and measure the outcome on the segmentation task perfor-
mance. The ablation study was performed to ascertain the
best type of module, where in the encoder to implement it,
and howmany paths of different configurations to parallelize,
to find a balance between performance and cost of computa-
tion, and we describe the methodology. We will ensure that
we can determine the most optimal architecture approach for
it by testing various configurations systematically.

To address the limitations of the uniform scale CNN,
we modified the base encoder-decoder model by incorpo-
rating multiscale modules. These modules are strategically
placed within the network to capture and integrate features
at different scales, enhancing the model’s ability to process

complex sea ice imagery. The optimal network configura-
tion was identified through a comprehensive ablation study
that tested various aspects of network design. We evaluated
different multiscale architectures, notably Spatial Pyramid
Pooling (SPP) and Atrous Spatial Pyramid Pooling (ASPP),
to determine the most effective architecture. Additionally, the
placement of these multiscale modules was examined within
different layers of the encoder, specifically at layers 3, 4,
and 5, to ascertain the most beneficial location for feature
extraction. We also experimented with the number of parallel
paths within the multiscale modules, ranging from 2 to 4,
aiming to find the best compromise between performance
enhancement and computational efficiency. This systematic
approach allowed us to fine-tune our network design to
achieve optimal performance for our specific application
requirements.

E. ISPP-NET
This subsection summarizes the results of the ablation exper-
iments and provides the final architecture of the model,
which was named Ice-SPP-net (ISPP-net). We explain the
best configurations that resulted in the best segmentation
accuracy. An example is using an SPP module on an encoder
layer with three parallel paths, namely the third layer of the
encoder. A rationale for this configuration is described, and
the following architecture is outlined in detail. Here we have
come to the end of our methodological approach and have a
good, scalable, and massively efficient sea ice concentration
mapping model.

The ablation study revealed that the optimal configura-
tion for our multiscale CNN involved using the SPP module
placed at layer 3 of the encoder with 3 parallel paths. This
configuration consistently yielded the highest performance
across various evaluation metrics. This optimized architec-
ture leverages multiscale feature extraction to effectively
handle the diverse and complex nature of sea ice images,
resulting in superior segmentation and classification perfor-
mance. Figure 4 shows the final architecture of our proposed
Ice-SPP-net (ISPP-net) with SPPmodule embedded at the 3rd
layer of the model encoder. Table 1 provides a detailed sum-
mary of ISPP-Net architecture. ‘‘Number of Filters’’ indicates
the number of output channels in the convolutional layer.
‘‘Kernel Size’’ and ‘‘Stride’’ refer to the spatial dimensions
(height × width) of the convolution or pooling operations.
Numbers (e.g., 64, 128, 256, 512) indicate the number of
filters at each corresponding stage.

IV. EXPERIMENT AND DISCUSSION
A. DATASET
This process will begin with the collection of sea ice data,
which are satellite images of Hudson Bay Sea ice in the
Canadian Arctic Archipelago. These images are taken from
the Sentinel-2 satellite database that has been uploaded to the
Kaggle platform website. In addition, the Canadian Regional
Ice Chart was also used in this study to generate a mask for
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FIGURE 4. Proposed architecture of ISPP-net.

each of the satellite image data to classify the sea ice concen-
tration into eight classes. These Sentinel-2 satellite images
offer detailed depictions of icy areas with an accuracy of 10-
meters per pixel. The satellite images obtained are 3392 and
dated from 01.01.2016 to 31.07.2018. Figure 5 illustrates
example of a set of input image and its annotated sea ice map
and Table 2 shows the division of ice concentration into eight
classes.

The satellite image dataset is then set to a size of 256 ×

256 for each small patch. The selected spot size is based
on previous related studies that have been conducted by
researchers, and the majority of those studies have shown
satisfactory segmentation performance and use a spot size
resolution of approximately 256 × 256. We divided the
dataset into a 70% training set and a 30% testing set, fol-
lowing the approach of Kang et al. [36], who also employed
a two-way partitioning strategy in sea ice segmentation. The
training set (2374 images) was used to fit the model, while the
testing set (1018 images) remained strictly untouched during
model development and was used only for final evaluation.

The training set was intentionally larger to ensure the model
could effectively learn the underlying patterns and generalize
well. The splitting process was randomized to maintain rep-
resentativeness and minimize bias among the dataset. This
ensured that both training and testing subsets reflected the
diversity of the overall dataset. To mitigate potential over-
fitting and support generalization, we applied several data
handling techniques, including class balancing through over-
sampling and random shuffling of the dataset in each run.
In future work, we intend to adopt a three-way split with a
dedicated validation set to enhance model tuning and ensure
unbiased performance evaluation.

Futhermore, images with fewer pixels for some classes,
were oversampled. This will help in dealing with class imbal-
ances in the dataset which can bias the model towards more
pixel classes. In addition, the data set also goes through a ran-
dom image imputation process. This process helps the model
learn from diverse scenarios, as the training environment
was enriched through additional data variations. Flip, rotate
images and carve out smaller patches to explore every corner

167086 VOLUME 13, 2025



M. M. Stofa et al.: Sea Ice Concentration Mapping Based on Sentinel-2 Multispectral Imagery

of the icy landscape. In this way, it further diversifies the
training experience, and prepares our model for real-world
uncertainties.

FIGURE 5. Example of a set of input image and its annotated sea ice map.

B. EVALUATION METRICS
The performance of the suggested ISPP-net and its bench-
marked models are assessed using two evaluation metrics.
The chosen metrics are mean intersection over union (mIoU)
and accuracy (ACCU). True positive (Tp), true negative (Tn),
false positive (Fp), and false negative (Fn) are the fundamen-
tal units on which these metrics are based. False positives
(Fp) and false negatives (Fn) occur when the predicted class
does not correspond with the actual ground truth, indicat-
ing erroneous positive and negative predictions, respectively.
Conversely, true positives (Tp) and true negatives (Tn) occur
when the prediction accurately matches the ground truth label
for both positive and negative cases. Based on these indices
(Tp, Tn, Fp, and Fn), the mIoU, and ACCU can be calculated
by the following formula:

mIoU =
1
j

∑j

i=1

Tp
Tp+ Fp+ Fn

(1)

ACCU =
Tp+ Tn

Tp+ Tn+ Fp+ Fn
(2)

in which the j stands for the jth classes. WhilemIoUmeasures
the overlap between the predicted segmentation and the actual
ground truth as the ratio of their intersection to their union,
ACCU focuses primarily on the true detection rate for both
positive and negative cases.

The main evaluation metric used to evaluate and dis-
cuss the models’ performance in this study is the mIoU.
Since this study is an 8 classes segmentation task, using
mIoU is advantageous because it handles class imbalances
by equally weighing each class’s Intersection over Union,
provides a comprehensive measure of accuracy for each
class, and assesses the model’s ability to manage overlaps
and closely located classes. Additionally, mIoU offers a bal-
anced performance indicator across all classes, preventing
the metric from being skewed towards classes that are eas-
ier to predict. It is also optimization-friendly, suitable for
gradient-based optimization methods used in deep learning,
which allows it to be incorporated directly as a loss function to

optimizemodel performance across diverse sea ice conditions
effectively.

C. EXPERIMENTAL SETTING
The ISPP-net was created using the Keras-Tensorflow frame-
work in Python to enable accurate comparisons, with
hyper-parameters finely tuned to maximize classification
efficacy. Analytical performance metrics were calculated
using the Numpy library. The architecture standardizes the
use of one-hot encoding with a SoftMax activation function
in the final dense layer. The Adam optimizer, maintaining
a steady learning rate, was employed to adjust the model
parameters during training sessions, focusing on optimizing
the cross-entropy loss function for improved accuracy. Sev-
eral data augmentation techniques were applied to improve
generalization and reduce overfitting. These included random
image flipping, rotation, and patch extraction. All satellite
images were resized from the original resolution to 256 ×

256 pixels, in order to match the input requirements of
ISPP-net and baseline models. Batch sizes were chosen based
on the constraints of the model dimensions, with the maxi-
mum feasible batch size being used to train the models on a
single Nvidia Tesla P100 graphics card available through the
Kaggle platform, which supports a batch size of 64 for the
ISPP-net and five other baseline models. Table 3 below states
the overall hyper-parameter settings for the models’ training.

D. BASELINE MODELS
We compare the proposed model of ISPP-net with the follow-
ing existing models:

1) U-net [37]: U-Net is a convolutional neural network
designed for precise biomedical image segmentation, char-
acterized by its distinctive U-shaped architecture.

2) Seg-net [38]: Seg-net is a deep convolutional
encoder-decoder architecture optimized for semantic pixel-
wise segmentation

3) DAB-net [39]: DAB-net is a compact convolutional
neural network featuring depth-wise asymmetric bottleneck
blocks for efficient semantic segmentation.

4) Ternaus-net [40]: TernausNet is a U-Net-based con-
volutional neural network enhanced with pre-trained VGG
encoders for improved image segmentation.

5) FC-Dense-net [41]: FC-Dense-net is an FCN that inte-
grates the dense connectivity pattern of Dense-net into the
architecture for semantic segmentation.

E. ABLATION STUDY
We conducted a comprehensive ablation study to determine
the optimal network configuration for our proposed multi-
scale CNN aimed at sea ice concentration measurement. The
objective was to meticulously evaluate different multiscale
module designs, their specific placements within the network
layers, and the impact of varying the number of parallel paths
on overall performance.
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TABLE 1. Overall architecture of the ISPP-net.

TABLE 2. Division of ice concentration into eight classes.

Firstly, we investigated two different multiscale module
architectures: Spatial Pyramid Pooling (SPP) and Atrous
Spatial Pyramid Pooling (ASPP). These architectures were
selected for their demonstrated ability to capture contextual
information at multiple scales, a feature that is crucial for
accurately analyzing the complex patterns of sea ice as cap-
tured in Sentinel-2 imagery. Next, to determine the optimal
placement of the multiscale module, we experimented with
incorporating the SPP and ASPP modules at three different
layers within the encoder of the network: layers 3, 4, and
5. Each of these layers represents a different level of feature
abstraction:

TABLE 3. Hyper-parameter settings for the baseline models and ISPP-net.

1) Layer-3: Captures fine-grained, local features essential
for detailed ice structure analysis.

2) Layer-4: Represents an intermediate level, balancing
detail and broader contextual information.

3) Layer-5: Captures high-level, abstract features which are
useful for general context but might miss finer details.

Lastly, we further varied the number of parallel paths
within the multiscale modules, testing configurations with 2,
3, and 4 parallel paths. The parallel paths allow the network
to process input features at multiple scales simultaneously,
which enriches the representation of the input data. This
variation aimed to find the configuration that strikes the best
balance between computational efficiency and performance:

1) Two Parallel Paths: Provides basic multi-scale represen-
tation but may lack depth in capturing complex features.
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2) Three Parallel Paths: Enhances multi-scale feature rep-
resentation while maintaining computational efficiency.

3) Four Parallel Paths: Increases the depth of multi-scale
analysis but adds significant computational overhead without
proportional performance gains.

Table 4 and Table 5 presented the ablation study results
with variation of placement of the module and number of
parallel paths within the multiscale module for SPP module
and ASPP module, respectively.

TABLE 4. Results of ISPP-Net.

TABLE 5. Results of IASPP-net.

The ablation study’s findings revealed that the optimal
configuration for our multiscale CNN involved using the SPP
module placed at layer 3 of the encoder with 3 parallel paths.
This specific configuration consistently yielded the highest
performance across the evaluation metrics, mIoU.
The SPP module demonstrated superior performance com-

pared to the ASPP module in the context of sea ice mea-
surement. The straightforward approach of SPP in pooling
features at multiple scales effectively captured the essential
multi-scale contextual information needed for this task. This
suggests that the complexity introduced by the atrous convo-
lutions in ASPP did not provide additional benefits for this
particular application. Placing the multiscale module at layer
3 was the most effective. Layer 3’s position in the network
allows it to capture detailed local features, which are crucial

for accurately identifying and measuring the characteristics
of sea ice. The analysis showed that this layer strikes an
optimal balance by providing sufficient detail without losing
broader contextual information. The configurationwith 3 par-
allel paths proved to be the most effective. Two parallel paths
provided a limited multi-scale representation, insufficient for
capturing the complex features of sea ice. On the other hand,
four parallel paths introduced unnecessary complexity and
computational load without a significant improvement in per-
formance. Three parallel paths, however, offered a balanced
approach, enhancing feature extraction while maintaining
computational efficiency.

The comprehensive ablation study highlighted that the SPP
module, when placed at layer 3 of the encoder with 3 parallel
paths, is the most effective configuration for our multiscale
CNN. This optimal configuration exhibited a superior ability
to accurately measure sea ice concentration from Sentinel-
2 imagery, validating its effectiveness for this application.
The findings underscore the importance of detailed local
feature extraction and balanced multi-scale representation in
improving the performance of sea ice measurement models.
Thus, developing the best multiscale CNN with our proposed
model, ISPP-net.

F. BENCHMARKING RESULTS
In this section, we compared the performance of our proposed
model, the ISPP-net, against five baseline models to evalu-
ate its performance. The comparison was based on a series
of standardized tests using the same dataset and metrics.
Each model was assessed using identical hyper-parameters
settings, and the performance was measured through mIoU
and ACCU. Table 6 shows the evaluated metrics for all
models in this study. The best result is indicated in bold.
It can be observed that ISPP-net achieves the best perfor-
mance among other baseline models. The results indicate
that the combination of a base encoder-decoder architecture
and multiscale module of SPP can improve the performance
of sea ice concentration segmentation. The proposed model
achieves an improvement of 6.2 percentage points in mIoU
compared to the highest performing baseline model, Seg-
net. To further isolate the contribution of the multiscale SPP
module, we also evaluated a variant using only the base
encoder-decoder architecture without the SPP module. This
configuration achieved an mIoU of 43.7%, confirming that
the SPP module contributes a 5.5 percentage point gain in
segmentation performance. Similarly, the performances in
terms of ACCU is also illustrated in the Table 6.
Figure 6 shows the segmentation result of our proposed

ISPP-net. The figure shows the input image of raw satellite
data, while the true mask represents the ground truth seg-
mentation. The predicted mask, generated by our ISPP-net,
closely aligns with the true mask, demonstrating the model’s
ability to accurately identify and segment sea ice features.

Figure 7 illustrates the training and testing mIoU values
over 100 epochs. While the training mIoU shows a consis-
tent upward trend, the testing mIoU fluctuates and diverges
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TABLE 6. Comparison results.

FIGURE 6. ISPP-net Segmentation Task Result.

from the training curve after approximately 60 epochs.
This widening gap suggests potential overfitting, where the
model increasingly adapts to training data at the expense of
generalization to unseen data. Although data augmentation
techniques such as flipping and rotation were applied to
mitigate this effect, further regularization strategies such as
early stopping, dropout tuning, or more diverse augmentation
may help narrow this gap. These enhancements are proposed
for future work to improve model robustness.

FIGURE 7. ISPP-net mIoU Graph.

In the performance analysis of various models, U-net
established a solid baseline with a mIoU of 39.00% and
ACCU of 78.00%, although its capacity to handle complex

multiscale features was limited. Seg-net showed improve-
ment over U-net, achieving mIoU of 43.00% and ACCU of
84.20%, yet it did not reach the performance levels of our
proposed ISPP-net model. DAB-net was competitive with
mIoU of 42.40% and ACCU of 83.30%, closely trailing Seg-
net. Ternaus-net, however, recorded the lowest metrics in the
group, withmIoU of 34.40% andACCU of 74.20%, reflecting
its struggles with the detailed features of sea ice imagery.
FC-Dense-net performed marginally better than Ternaus-net,
posting mIoU of 36.00% and ACCU of 76.00%, but it still
lagged behind the other models.

The superior performance of the ISPP-net can be attributed
to its multiscale feature extraction capabilities. Multiscale
approaches are particularly advantageous for sea ice imagery,
which is characterized by a wide variety of shapes, sizes,
textures, and colors. The ability to process features at multiple
scales allows the model to capture both fine-grained details
and broader contextual information, which is essential for
accurate segmentation and classification.

In the context of a sea ice image dataset with 8 classes,
the multiscale approach is crucial for distinguishing between
different types of ice and water features. The classes include
various ice formations and open water that can vary sig-
nificantly in appearance. By leveraging multiscale feature
extraction, the ISPP-net can effectively identify and differ-
entiate these classes, leading to higher accuracy and better
segmentation performance.

Overall, the use of multiscale techniques in the ISPP-net
has proven to be highly effective for the complex task of sea
ice concentration measurement. The enhanced ability to cap-
ture detailed and contextual information from the imagery has
resulted in a model that significantly improves upon existing
methods, making it a valuable tool for both scientific research
and operational applications in monitoring and understanding
sea ice dynamics.

G. DISCUSSION OF RESULTS AND OBSERVED
PERFORMANCE
The experimental outcomes show that the ISPP-net model
achieved numerically higher performance compared with
the other segmentation models (U-net, Seg-net, DAB-net,
Ternaus-net, and FC-Dense-net). In particular, the ISPP-net
had the best mIoU (49.20%) and ACCU (89.30%) standings
of all models. This observed performance improvement can
be explained by the fact that in our architecture, we have the
SPP module, making it possible to extract features across
multiple scales, and also by the fact that the network is
capable of catching more global context and more local
structures of the data. In contrast with the traditional CNNs,
which are run at a predetermined scale, ISPP-net is adaptive
to the varying patterns of sea ice, further empowering the
model to divide up complicated and heterogeneous sea ice
gestures.

This performance gap is particularly notable when
comparing ISPP-net with Seg-net and DAB-net, which
also use encoder-decoder frameworks but lack adaptive
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multiscale pooling mechanisms. This difference is partic-
ularly noticeable when comparing between ISPP-net and
Seg-net and DAB-net, which, however, use encoder-decoder
frameworks without an adaptive multiscale pooling layer.
ISPP-net shows improvements of more than 6% in mIoU
over these models, which suggests that multiscale contextual
learning can be beneficial in the segmentation of natural
unstructured patterns such as sea ice.

These findings indicate potential benefits. Mapping sea ice
concentration with high accuracy is critical to the awareness
of the polar regions and climate-related event predictions. The
environmental monitoring systems and the efficiency of the
safety of the sea navigation in the arctic area can also be
positively affected by the improved accuracy of segmenta-
tion, which can also be used to support the global climate
modeling that refers to sea ice extent and concentration as
central variables. In addition, it is possible to use the ISPP-net
framework as a guideline in the multiscale modeling of other
environmental monitoring applications, e.g., deforestation
mapping or flood extent identification.

Although ISPP-net is quite a good performer, it has certain
limitations as well. First, Sentinel-2 imagery, which is prone
to cloud cover and seasonal change in light, is high-resolution
but can be impacted by seasonal changes in the light. Second,
applying 256 × 256 patches provides significant computa-
tional advantages but is at the cost of losing larger spatial
context between patches. Finally, the currently implemented
version is able to process only optical imagery; adding multi-
modal information, such as SAR, might be a solution to make
it more robust in adverse conditions (e.g., night, cloud cover).

The limitations will be dealt with in future work to
includemulti-sensor fusion, temporal data, and transfer learn-
ing within the Arctic and Antarctic regions. Increasing the
capacity of the model to allow its application to a broader
geographic and seasonal range will be necessary in the pro-
cess of deploying it as a practical implementation tool of
climate action within the United Nations SDG 13 framework
of action.

V. CONCLUSION
In this study, we presented a novel multiscale convolutional
neural network approach, specifically the ISPP-net, designed
for the accurate measurement of sea ice concentration using
Sentinel-2 imagery. The necessity for such advanced tech-
niques stems from the critical role sea ice plays in the Earth’s
climate system, influencing ocean circulation, weather pat-
terns, and global temperature regulation. Given the ongoing
and rapid changes in sea ice extent due to climate change,
reliable and precise measurement methods are essential for
both scientific research and policymaking.

The ISPP-net utilizes the SPP module to enable mul-
tiscale feature extraction, addressing the shortcomings of
conventional single-scale CNNs which often fail to effec-
tively handle the intricate variations in sea ice imagery.
By processing features at various scales, ISPP-net enhances
its ability to discern both detailed and broader contextual

elements, significantly boosting its performance in segment-
ing and classifying sea ice features. The increased accuracy
in measuring sea ice concentration can refine climate models,
leading to improved forecasts of climate conditions. More-
over, the valuable insights derived from this research can
contribute to worldwide initiatives aimed at climate change
mitigation, in line with the United Nations’ Sustainable
Development Goal 13: Climate Action.

As for future works, the ISPP-net can be extended and
elaborated in several meaningful directions. First, it might
be possible to increase the robustness of the model against
variable weather and lighting conditions by combining
multi-sensor satellite data, e.g., by performing an optical
(Sentinel-2) and a radar (Sentinel-1) observation in close
time proximity together. Second, the use of transfer learn-
ing [42]methods would allow themodel to generalize to other
areas of the polar world with minimum retraining, includ-
ing the Antarctic. Third, the synthesis of training examples
using generative adversarial networks (GANs) [43], [44] may
contribute to better performance of segmenting the sea ice,
particularly improving the results on classes that are under-
represented during training. Lastly, the real-time deployment
of ISPP-net on resource-limited systems, i.e., ship-borne or
remote sensing systems, would increase its practical applica-
bility in climatemonitoring operations. Such future directions
are meant to grow the capacity of ISPP-net further to be much
more adaptable, scalable, and relevant beyond its environ-
mental application.
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