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Abstract

This thesis introduces GraphSIFNet, a novel graph-based deep learning framework for spa-
tiotemporal sea ice forecasting. GraphSIFNet employs a Graph Long-Short Term Memory
(GCLSTM) module within a sequence-to-sequence architecture to predict daily sea ice
concentration (SIC) and sea ice presence (SIP) in Hudson Bay over a 90-day time horizon.
The use of graph networks allows the domain to be discretized into arbitrarily speci�ed
meshes. This study demonstrates the model's ability to forecast over an irregular mesh
with higher spatial resolution near shorelines, and lower resolution otherwise. Utilizing at-
mospheric data from ERA5 and oceanographic data from GLORYS12, the model is trained
to model complex spatial relationships pertinent to sea ice dynamics. Results demonstrate
the model's superior skill over a linear combination of persistence and climatology as a sta-
tistical baseline. The model showed skill particularly in short- to medium-term (up to 35
days) SIC forecasts, with a noted reduction in root mean squared error by up to 10% over
the statistical baseline during the break-up season, and up to 5% in the freeze-up season.
Long-term (up to 90 days) SIP forecasts also showed signi�cant improvements over the
baseline, with increases in accuracy of around 10% even at a lead time of 90 days. Variable
importance analysis via feature ablation was conducted which highlighted current sea ice
concentration and thickness as critical predictors. Thickness was shown to be important
at longer lead times during the melting season suggesting its importance as an indicator
of ice longevity, while concentration was shown to be more critical at shorter lead times
which suggests it may act as an indicator of immediate ice integrity. The thesis lays the
groundwork for future exploration into dynamic mesh-based forecasting, the use of more
complex graph structures, and mesh-based forecasting of climate phenomena beyond sea
ice.
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Chapter 1

Introduction

The drastic loss of Arctic sea ice volume is one of the most visible and immediate impacts
of climate change [70]. The Arctic is the fastest-warming region on Earth, and this warm-
ing is a�ecting the sea ice cover more than any other component of the climate system
[78, 71, 8]. According to the National Snow and Ice Data Center (NSIDC), Arctic sea ice
extent (SIE)|the total area of the Arctic Ocean with at least 15% ice cover|is seeing
a steady decline. This is especially prominent in September when sea ice extent is at its
minimum [63]. Declining sea cover is connected to increasing air temperatures, changes in
atmospheric and oceanic circulation, the albedo feedback loop, and the concentration of
greenhouse gases in the atmosphere [71]. The Arctic ice cover is of particular importance
as it helps regulate the Earth's climate, and the decline in sea ice and subsequent loss of
re
ectivity directly contribute to the acceleration of climate change [50]. Changes in Arctic
sea ice cover also disturb marine and terrestrial ecological dynamics [56]; create challenges
for Northern communities [49]; and in
uence human activity as new trade routes become
available through the Arctic [51]. Forecasting sea ice conditions is therefore becoming in-
creasingly important as accurate knowledge of these changes would allow for more e�ective
preparation.

This thesis introduces a deep learning based sea ice forecasting model that employs
Graph Neural Networks (GNNs) integrated within a Long Short-Term Memory (LSTM)
module to predict daily sea ice concentration (SIC) and sea ice presence (SIP) in Hudson
Bay up to 90 days in advance. The choice of Hudson Bay as our study area is driven by
its important role as a shipping hub, the presence of communities living within the region
relying on maritime re-supply, and its unique characteristics as an in-land sea largely
isolated from the wider Arctic. The 90-day forecasting horizon addresses the needs for
planning and decision-making in industries such as shipping operations as well as the
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planning requirements of local communities residing in the region. This time horizon covers
short-term (up to 7 days), medium-term (up to a month) and long-term (up to 3 months)
planning needs. The study highlights the e�ectiveness of GNNs in handling irregular spatial
domains by dividing Hudson Bay into a spatially irregular mesh with a higher resolution
along shorelines. The performance of two types of spatial graph convolutions within the
model are evaluated: the basic Graph Convolutional Network (GCN) and an attention-
based transformer convolution. The model was trained using sea ice and oceanographic
data from a coupled ice-ocean reanalysis product (GLORYS12 [30]), as well as atmospheric
data from the ECMWF Reanalysis v5 (ERA5 [24]). The model's accuracy is validated by
comparing its predictions to a statistical baseline and comparing forecasted and observed
freeze-up and break-up dates at ports on Hudson Bay.

The remainder of this thesis is organized as:

ˆ Chapter 2 provides background on the the problem of forecasting of sea ice, tradi-
tional and deep learning methods, with a focus on convolutional and graph neural
networks.

ˆ Chapter 3 details the methodology, including data sources, the study area, and the
design and experimental setup of the GraphSIFNet model.

ˆ Chapter 4 presents the results of applying GraphSIFNet for forecasting sea ice in
Hudson Bay, comparing its performance with a statistical baseline and analyzing the
model's attention mechanisms and input variable importance.

ˆ Chapter 5 concludes the thesis by summarizing �ndings of this work, the advantages
of GNNs, and suggesting directions for future research.
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Chapter 2

Background

2.1 Problem De�nition

Forecasting sea ice represents a critical challenge in climate science that carries signi�-
cant spatial and temporal complexity. The goal is to predict the future state of the sea
ice cover given the current atmospheric and oceanic conditions. It can therefore be for-
mulated as a next-frame prediction problem. That is, given a sequence of input frames
X = ( X t � n ; :::;X t � 1; X t ), with each frame X t 2 Rw� h� c representing the state of sea
ice at time t, the objective is to accurately predict the nextT frames in the sequence
(X t+1 ; :::;X t+ T ). Here, n denotes the number of frames in the input sequence,w and h
indicate the spatial dimensions (width and height) of each frame, andc symbolizes the
number of channels in the data. These channels represent the various atmospheric and
oceanic variables which a�ect sea ice dynamics such as air or surface temperature, heat

uxes, or sea ice characteristics.

The task of sea ice forecasting is challenging due to several factors:

ˆ Temporal Dynamics : The behavior of sea ice is characterized by seasonal varia-
tions, in
uenced by annual climatic cycles a well as local variations in temperature,
energy 
uxes and winds. These conditions dictate the formation, growth, and melt-
ing of sea ice, which vary from year to year. The predictability of sea ice state is
further complicated by the unpredictability of seasonal variations, often in
uenced
by broader climate trends.
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ˆ Spatial Heterogeneity : The spatial complexity of sea ice, with areas of varying
thickness, concentration, and movement patterns, poses a challenge to models that
must e�ectively capture and predict these detailed spatial variations.

ˆ Multivariate In
uences : Sea ice is subject to various in
uencing factors. Models
must integrate a range of data sources, including atmospheric conditions, oceano-
graphic data, and historical sea ice patterns, to make accurate predictions. Invari-
ably, models cannot fully capture all relevant factors, thus compromises must be
made in selecting the most impactful input variables.

ˆ Non-Linearity : The interaction of factors a�ecting sea ice is marked by non-
linearity{that is, non-linear relationships between input variables{demanding mod-
eling approaches that can e�ectively capture these complex relationships.

ˆ Impacts of Climate Change : The ever-changing climate adds an additional layer
of complexity to sea ice prediction. As global temperatures rise, altering patterns
and extents of sea ice, models must evolve to accommodate these changes.

For these reasons, an e�ective model for sea ice forecasting must be capable of inte-
grating both spatial and temporal data, interpreting the impact of diverse environmental
variables, and adapting to ongoing climatic changes. The model should ideally be versatile
in its analytical approach, allowing for the inclusion of various data types and capable of
discerning complex patterns in both the spatial distribution and temporal evolution of sea
ice. Moreover, it should be su�ciently 
exible to adjust to the changing dynamics of sea
ice under the in
uence of global climate change, ensuring that forecasts remain relevant
and accurate over time.

2.1.1 Statistical Forecasting Techniques

While traditional time series modeling techniques such as ARIMA have been widely used for
forecasting, they are less e�ective for spatiotemporal forecasting due to their inherent limi-
tations in handling spatial dependencies and complex temporal dynamics. ARIMA models,
primarily designed for univariate time series, lack the capacity to e�ectively model spatial
relationships and multi-dimensional data structures, which are critical in spatiotemporal
forecasting. To address these limitations, methods like Vector Autoregression (VAR) [67]
and Spatial Autoregressive (SAR) [3] models were developed, o�ering improved handling
of multivariate data and spatial dependencies, respectively. However, these models still
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struggled with dynamic spatial relationships and non-linear interactions [86] [12]. Space-
Time Autoregressive Integrated Moving Average (STARIMA) models [55] were introduced
to better integrate spatial dependencies with temporal dynamics. Dynamic linear models
(DLMs) and state space models [33] o�ered a framework for handling evolving temporal
dynamics but were limited in their spatial modeling capabilities. These statistical models
often utilize historical sea ice concentration, temperature, and other meteorological vari-
ables to make short-term forecasts. However, they lack the ability to adequately capture
the complex spatial and temporal patterns inherent in sea ice dynamics needed to forecast
over longer timeframes [41].

2.1.2 Dynamical Sea Ice Models

Dynamical models, often integrated within data assimilation systems, simulate the inter-
actions between sea ice, atmosphere, and ocean by solving a set of physical equations or
coupled partial di�erential equations. For instance, the Pan-Arctic Ice-Ocean Modeling
and Assimilation System (PIOMAS) [89] is a coupled ice-ocean model that assimilates
sea surface temperatures, sea ice concentration, and sea ice velocity data to simulate the
evolution of sea ice thickness and distribution, among other variables. Another signi�cant
model is the Community Ice CodE (CICE) [27], developed by the Los Alamos National
Laboratory. CICE can function as a standalone sea ice simulator or as a component within
various climate models or data assimilation systems. The model has several interlinked
modules, including a thermodynamic model for calculating snow and ice growth, an ice
dynamics model predicting ice pack velocity based on its material strength, a transport
model detailing the advection of ice concentration and volumes, and a ridging model that
redistributes ice across thickness categories according to energy balances and strain rates.
The neXtSIM-F [82] model is another modern stand-alone sea ice model based on Brittle-
Bingham{Maxwell (BBM) sea ice rheology. It is forced by the TOPAZ ocean forecasts
as well as the ECMWF atmospheric forecast, and assimilates OSI SAF sea ice concentra-
tion. The use of a more sophisticated ice rheology such as BBM leads to more realistic
representations of processes like ice drift and ice deformation [58]. These models, while
computationally intensive and requiring extensive calibration, are relatively reliable and
have been extensively used by climate scientists, particularly in longer term climate mod-
els [28] (though they can also be used for short- and medium-term forecasting). The high
computational cost, and rigidness of these models have inspired interest in alternative
modelling techniques such as systems based on deep learning [2, 4, 1, 9].
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2.2 Deep Learning

Arti�cial Neural Networks (ANNs) are foundational to the concept of deep learning. Orig-
inally inspired by the biological neural networks in the human brain (under a framework
termed connectionism), ANNs were originally developed for understanding the biological
functionality of the brain and providing a computational basis for neuroscience, as well
as for performing tasks that traditional computer systems struggled with such as pattern
recognition [83]. ANNs are composed of interconnected nodes orneurons organized in
layers. These layers will typically consist of input, hidden and output layers. ANNs with
many hidden layers are referred to asdeepnetworks (hence the termdeeplearning). Mul-
tilayer Perceptrons (MLPs) are one of the most basic class of feedforward ANNs. An MLP
consists of several fully-connected layers of nodes, including an input layer, one or more
hidden layers, and an output layer. In a fully-connected MLP, each neuron in one layer is
connected to each of the neurons in the subsequent layer according to a neuronal weight,
which represents the connection's synaptic strength. The value of these weights are learned
during training by way of an optimization algorithm. The key feature of ANNs such as
MLPs is their ability to learn arbitrary non-linear functions, meaning they can be used for
a myriad tasks such as classi�cation, regression, or pattern recognition.

2.2.1 Basic Concepts

The following subsections provide some background on the fundamental concepts in deep
learning needed to understand the model proposed in this thesis. Much more could be writ-
ten about the mathematics and statistics underlying deep learning, however for conciseness
only crucial high-level concepts are brie
y discusses here.

2.2.1.1 Activation Functions

Activation functions are crucial components of ANNs as they introduce the non-linearity
required to model arbitrary functions. They typically take the form of some simple, typ-
ically continuously di�erentiable, non-linear function (such as the sigmoid function), and
are applied to the output of all neurons of each layer. Activation functions can take many
forms depending on the task. A few common activation functions are:

Sigmoid Function A smooth function bounded between 0 and 1, historically popular
in binary classi�cation tasks as its output can be interpreted as a probability. The
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sigmoid function is given by

� (z) =
1

1 + e� z
(2.1)

.

Hyperbolic Tangent (tanh) Similar to sigmoid but outputs values between -1 and 1,
bene�cial in cases where zero-centered outputs are desired. The tanh function is
given by

tanh(z) =
ez � e� z

ez + e� z
(2.2)

.

Recti�ed Linear Unit (ReLU) Allows only positive values to pass through, introduc-
ing non-linearity while mitigating the vanishing gradient problem. Arguably the
most used activation function in deep learning due to its computational simplicity
and proven e�ectiveness. The ReLU function is given by

ReLU(z) = max(0 ; z) (2.3)

.

Leaky ReLU Variation of ReLU which allows a small, non-zero gradient when the input
is negative, alleviating the `dying ReLU" problem, that is, neurons becoming inactive
due to the zero-valued derivative when inputs are negative. The Leaky ReLU function
is given by

LeakyReLU(z) = max(0 :01z; z) (2.4)

.

2.2.1.2 Batch Normalization

When training ANNs, data is often split into batches, that is, small subsets of the entire
training set, in order to more e�ciently use computational resources, decrease training
time, and increase generalization [34]. Batch normalization is a commonly used technique
for improving the speed and stability when training ANNs. It helps combat the issue
of covariate shift, where the statistical distribution of the inputs to each layer of a deep
network change during training as a result of changing the previous layer's weights. This
is achieved by normalizing the outputs of each layer by subtracting the batch mean and
dividing by the batch standard deviation.
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2.2.1.3 Regularization Techniques

Regularization techniques are critical in preventing over�tting in neural networks, espe-
cially when the data or model are exceedingly complex, ensuring that the model generalizes
well to unseen data. Common regularization techniques are L1/L2 regularization, dropout,
and early stopping:

L1 and L2 Regularization Both L1 and L2 regularization add a penalty term to the
loss function to discourage the model weights from becoming too large. In L1 regu-
larization the penalty is proportional to the absolute value of the magnitude of the
weights, while in L2 the penalty is proportional to the square of the magnitude of
the weights.

Dropout Dropout refers to nullifying the output of a randomly selected set of neurons
during training. That is, their contribution to the subsequent layer is temporarily
ignored, discouraging the model from overly relying on a single neuron's contribution.

Early Stopping Early stopping refers to monitoring the model performance on a test set,
and prematurely stopping the training procedure (prior to reaching the maximum
number of training epochs) if no improvement is observed over some pre-determined
number of consecutive epochs. This prevents the network from continuing to learn
the noise in the training data after the model fully captures the learnable patterns
in the data (known as over�tting).

2.2.1.4 Backpropagation

Backpropagation is the fundamental algorithm by which ANNs are trained. During train-
ing, weights are adjusted iteratively by calculating the gradient of the loss function with
respect to the each adjustable weight of the network using the chain rule. These gradients
generally correspond to the contribution of each weight to the error. After each pass, the
weights are adjusted according to these gradients and the learning rate, which controls the
size of the step taken when updating weights. After the gradients have been calculated,
thus determining the direction in which weights should be updated, an optimizer is used
to perform the update step. Common optimizers are the basic batch gradient descent [60],
stochastic gradient descent (SGD) [60] and the Adam optimizer [37].

Batch gradient descent Batch gradient descent is one of the most fundamental forms
of the gradient descent algorithm. In this approach, the entire dataset is used to
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compute the gradient of the cost function for each iteration of the training process.
The weight update rule in Batch Gradient Descent is given by

� t+1 = � t � � � r � J (� t ) (2.5)

where � represents the weights,� is the learning rate, and J is the loss function
computed over the entire dataset. This method ensures a stable descent towards the
minimum and a consistent gradient update at each iteration. However, its major
drawback is the computational ine�ciency, especially with large datasets, as it re-
quires sequentially loading the entire dataset into memory and computing gradients
over all data points, leading to slow iterations. This can be remedied by using mini-
batch gradient descent, where the dataset is divided into smaller subsets, allowing
for more e�cient processing and faster convergence.

Stochastic gradient descent (SGD) SGD is a variant of the gradient descent algo-
rithm that updates the model's weights using only a single data point (or a small
batch of data points) at a time. The weight update rule in SGD is given by:

� t+1 = � t � � � r � J (� t ; x(i ) ; y(i )) (2.6)

where � represents the weights,� is the learning rate, J is the loss function, and
(x(i ) ; y(i )) is a sample from the training data. SGD updates weights more frequently
than in batch gradient descent, thus reducing computational cost and accelerating
training, particularly on large datasets. The stochasticity introduces more variability
into the learning process leading to a less smooth but potentially more exploratory
convergence path. This helps avoid converging on local minima, often improving
generalization.

Adam Adam (adaptive moment estimation) calculates an exponential moving average of
the gradient and the squared gradient, and the parameters� 1 and � 2 control the
decay rates of these moving averages. The weight update rule in Adam is

mt = � 1 � mt � 1 + (1 � � 1) � r � J (� t )

vt = � 2 � vt � 1 + (1 � � 2) � (r � J (� t ))2

m̂t =
mt

1 � � t
1

v̂t =
vt

1 � � t
2

� t+1 = � t �
�

p
v̂t + �

� m̂t

(2.7)
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where mt and vt are estimates of the �rst and second moments of the gradients,
respectively, and� is a small scalar used to prevent division by zero. Adam is par-
ticularly e�ective in large datasets and complex models due to its adaptive learning
rate.

2.2.1.5 Loss Functions

Loss functions (or cost functions) are used to calculate the disparity between the output of
the model and the expected output (or ground truth). This is theJ function used by the
optimizer to calculate the error gradients. Many loss functions exist, including task-speci�c
loss functions, but the two most basic loss functions are the mean squared error loss, and
the cross-entropy loss.

Mean Squared Error (MSE) Common in regression tasks, it computes the average of
the squares of the di�erences between the predicted and actual values. The formula
is

MSE =
1
n

nX

i =1

(Yi � Ŷi )2; (2.8)

whereYi is the actual value andŶi is the predicted value.

Cross-Entropy Common in classi�cation tasks, it computes the di�erence between the
probability distributions of the model output and the expected output. For binary
classi�cation, the formula is

�
nX

i =1

[Yi log(Ŷi ) + (1 � Yi ) log(1 � Ŷi )]: (2.9)

Loss functions are crucial in training ANNs as they dictate the model's goal. Loss func-
tions can be arbitrarily constructed depending on the task at hand, including combinations
of functions, if it desired that the model perform well according to multiple criteria.

2.2.2 Convolutional Neural Networks

Convolutional Neural Networks (CNN) [40] are a type of ANN optimized for processing
data that possesses a grid-like structure such as raster images. The de�ning feature of
CNNs is the convolutional layer that operates on a localized receptive �eld rather than
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operating over all data points as did the earlier fully connected ANNs. These convolutions
allow for greater spatial understanding, leading to exceptional performance in tasks that
require spatial reasoning such as image classi�cation, object detection, or action recognition
[42]. The CNN convolution can be mathematically expressed as

(f � g)( i; j ) =
X

m;n

f (m; n)g(i � m; j � n) (2.10)

wheref represents the input,g is a two-dimensional kernel, andi; j are pixel coordinates.
By stacking convolutions, CNNs can capture increasingly complex patterns at higher levels
of abstraction [47]. Convolutional layers utilize kernels with learnable weights, adjusted
during backpropagation, to extract pertinent features from the input. The behavior of the
convolution operation is shaped by several hyperparameters including kernel size, stride,
and padding. Kernel size refers to the kernel's dimensions, stride dictates the spacing of the
kernel's movement across the input, and padding involves adding extra pixels around the
input to maintain the spatial dimensions of the output feature map. Furthermore, CNNs
often use pooling layers for down-sampling, reducing the spatial resolution of feature maps
and, consequently, the network's computational complexity. A common method in this
context is max pooling, which is formulated as

MaxPooling(A) = max
within window

(A) (2.11)

where A represents a local region in the feature map. As with MLPs, CNNs incor-
porate non-linearity through activation functions applied after each convolution. For a
more comprehensive explanation of CNNs and their applications a good reference is Zhou
et al. (2020) [91]

2.2.3 Graph Neural Networks

Graph Neural Networks (GNNs) are a class of ANNs designed to operate on graph-
structured data. Like CNNs, they aim to extract patterns from data through layers that
progressively capture local structures and, eventually, global context within the graph.
Zhou et al. (2020) [91] gives a good comprehensive overview of GNNs, including a sys-
tematic taxonomy of model types and examples of real-world applications. This section
presents a more succinct overview, focusing on concepts relevant to the model proposed in
this thesis.
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2.2.3.1 Fundamental Concepts

A graph, denoted asG = ( V; E), consists of nodes (or vertices)V and edgesE arbitrarily
connecting these nodes. Each nodev 2 V can have associated featureshv, and each
edge (u; v) 2 E can also have associated featureseuv for the edge connection nodeu to
node v. A graph may be directed or undirected, where an undirected graph contains
edges with no speci�ed directionality (euv � evu) and a directed graph contains directed
edges (euv 6= evu). This distinction is important as it in
uences graph processing (e.g.
in a graph convolution, the direction of the edges dictates the nodes involved in each
node's convolution). Graph edges may also be weighted, giving each edge a scalar weight
corresponding to the strength of each connection.

To e�ciently represent and manipulate graphs in a computational context, graphs are
often represented using matrices. Node features are represented using a feature matrix
H 2 RjVj� dn for features of dimensionalitydn , while edge features are represented using a
matrix E 2 RjEj� de for edge features of dimensionalityde. Edge connections are typically
de�ned using an adjacency matrixA 2 RjVj�jVj where the entry A ij is nonzero (1 for
unweighted graphs or to the weight of the edge for weighted graphs) if there is an edge
from nodei to node j , and 0 otherwise. This can of course e�ciently be represented using
sparse matrix. Alternatively, the connections can be represented using a matrixE 2 R2�jEj

where the �rst row contains the indicesi and the second row contains the indicesj of the
connections.

The power of GNNs lies in their ability to capture the dependencies and structural
information encoded in the graph. This is achieved through a process called message
passing, which iteratively aggregates and transforms feature information from neighboring
nodes. The process can be generically formulated as

h (l+1)
v = UPDATE (l )

�
h (l )

v ; AGGREGATE (l )
��

h (l )
u ; e(l )

uv : u 2 N (v)
	� �

(2.12)

whereh (l )
v is the node feature vector (or node embedding) of nodev at layer l , e(l )

uv is the
edge feature vector (or edge embedding) of the edge connectingu to v at layer l , N (v) de-
notes the neighborhood of nodev, and AGGREGATE (l ) and UPDATE (l ) are di�erentiable
functions speci�c to the GNN architecture [21]. The AGGREGATE function combines
the node and/or edge feature vectors of the neighboring nodes, creating a `message" which
summarizes the information from these nodes. This is typically a permutation-invariant
function as graphs normally do not order connections. The UPDATE function then com-
bines this message with previous embeddingh (l )

v to create the new embeddingh (l+1)
v . As a

concrete example, the AGGREGATE function may be a simple MLP, while the UPDATE
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function may be a simple summation. The initial feature vectorh (0)
v is normally the input

featuresxv themselves. Each iteration aggregates information from each node's neighbors,
thus after K iterations, each node has received information from all nodesK connections
away, referred to as theK -hop neighbourhood. Equation 2.12 is the general form of the
graph convolution, of which many speci�c equations have been proposed.

2.2.3.2 Graph Convolution Techniques

Graph convolution techniques form the core of many GNN architectures. They are broadly
categorized into spectral and spatial approaches, distinguished by the basis on which the
convolution operates.

Spectral Convolution Methods Spectral methods, based on signal processing theory,
analyze graphs in the spectral domain by decomposing graphs using the graph Laplacian
[11] de�ned asL = D � A whereD is the diagonal degree matrix with diagonal elements
D ii =

P
j A ij (that is, the number of edges connecting to nodei ). The eigenvalues of the

graph Laplacian (or "spectrum\) are directly related to the frequencies within the graph.
Speci�cally, the eigenvectors ofL represent the modes of the graph, where modes with
lower eigenvalues (thus lower frequencies) capture the graph's broad structural patterns,
re
ecting slow changes in the signal across the graph while modes with higher eigenvalues
(thus higher frequencies) capture more rapid changes, corresponding to �ner details or
local structures within the graph. Thus, the graph Laplacian's decomposition into its
eigenvalues and eigenvectors allows us to �lter and analyze the graph at di�erent levels of
granularity, facilitating the removal of noise or the extraction of meaningful patterns from
the graph signal [85].

Spectral methods have a strong theoretical basis in signal processing theory, however
a full explanation of the underlying theory is beyond the scope of this thesis as spectral
approaches are not used in the model proposed in this thesis. Still, it is instructive to
introduce basic spectral methods as spatial methods can be interpreted as an approximation
of the most widely used spectral method, the Chebyshev graph convolution (ChebNet)
[14]. ChebNet �lters graph signals by truncating the Chebishev polynomial series de�ned
recursively byTk(x) = 2 xTk� 1(x) � Tk� 2(x), with T0(x) = 1 and T1(x) = x for some signal
x. ChebNet is then de�ned as

h (l+1)
v = �

 
KX

k=0

Tk( ~L)h (l )
v W (l )

k

!

(2.13)
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where h (l )
v is the feature vector of nodev at layer l , K is the order of the Chebyshev

polynomial, W (l )
k is the learnable weight matrix for the k-th polynomial at layer l , Tk

is the k-th Chebyshev polynomial, and~L is the scaled graph Laplacian matrix de�ned
as ~L = 2L=� max � I , where L is the normalized graph Laplacian,� max is the largest
eigenvalue ofL , and I is the identity matrix [23]. The parameterK dictates the size of the
neighbourhood considered by the convolution. ChebNet is only one example of a spectral
graph convolution, and many more have since been proposed [91].

Spatial Convolution Methods Unlike spectral methods, spatial methods operate di-
rectly on the graph based on the nodes' spatial relations, making them perhaps more
intuitive. A basic spatial convolution can be de�ned by simply multiplying the node em-
beddingsH by a weight matrix W to linearly project the embeddings, propagating the
node embeddings through the graph by multiplying by the adjacency matrixA, and pass-
ing the result through some non-linear function. This may be thought of as akin to one
layer in a standard MLP. More formally, for a network with L layers, the convolution for
layer l is

H (l+1) = � (AH (l )W (l )) (2.14)

whereH (l ) is the node feature matrix (or node embeddings),W (l ) is the weight matrix of
the l th layer, and � is some non-linear activation function. This is the basis for the most
fundamental spatial graph convolution (often simply referred to as the graph convolutional
network or GCN) by Kipf and Welling (2017) [38]. The paper however makes some modi-
�cations to this formulation. First, self-loops (connecting each node to itself) are added to
the adjacency matrix by simply adding the identity matrix Â = A + I . This encourages
the model to update node embeddings with new information rather than replacing them,
preserving the integrity of the original node embeddings and therefore increasing stability
[38]. The adjacency matrix is also normalized using the diagonal node degree matrixD̂ of
Â with elementsD̂ ii =

P
j Â ij . Incorporating these two elements, the graph convolution

network is de�ned as
H (l+1) = � (D̂ � 1=2Â D̂ � 1=2H (l )W (l )): (2.15)

Note that this convolution only aggregates node features, neglecting any edge weights or
edge features. Formulated on a node-level (for a single row ofH ), scalar edge weights may
be added by multiplying each term in the summation by the respective edge weighteuv ,
becoming

h (l+1)
v = �

0

@
X

u2N (v)[f vg

euvp
d̂vd̂u

h (l )
u W (l )

1

A (2.16)
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whereh (l )
v is the feature vector of nodev at layer l , N (v) denotes the set of neighbors of

nodev, W (l ) is the weight matrix for layer l , and d̂v is the degree terms fromD̂ for node
v. High-dimensional edge features are not considered in this convolution, instead, a scalar
edge weighteuv is used.

Note that this can also be framed as a simpli�cation of ChebNet described above when
using a �rst-order approximation. That is, the GCN considers only the �rst-order term
(K = 1) of the Chebyshev polynomial and approximates the largest eigenvalue� max � 2.
This approximation simpli�es the ChebNet from Equation 2.13 to

h (l+1)
v = �

�
T 0( ~L)h (l )

v W (l )
0 + T 1( ~L)h (l )

v W (l )
1

�
: (2.17)

Simplifying further by using a single weight matrixW ( l ) = W (l )
0 = � W (l )

1 and recalling
that T0(x) = 1 and T1(x) = x, this becomes

h (l+1)
v = �

�
(I + ~L)(h (l )

v W (l ))
�

: (2.18)

Finally, recalling that L = D � A and ~L = 2L=� max � I , this is identical in form to the
GCN in Equation 2.15.

Other forms of spatial graph convolutions exist beyond the basic GCN. For instance,
another popular class is the GraphSAGE (Graph Sample and Aggregating) [20] graph con-
volution. Instead of processing the entire graph by multiplying the adjacency matrix with
the weight vector as in Equation 2.15, GraphSAGE samples a �xed number of neighbors
for each node to generate updated node embeddings. The generic form of GraphSAGE is
expressed similarly to the generic convolution in Equation 2.12 as

h (l+1)
v = UPDATE (l )

�
h (l )

v ; AGGREGATE (l )
��

h (l )
u ; e(l )

uv : u 2 N s(v)
	� �

(2.19)

with the only modi�cation being the addition of a node sampling strategyNs, which
could take the form of a �xed random sample, for instance. The node sampling procedure
improves computational complexity thereby more e�ciently handling large or dynamic
graphs, and allows for superior inductive learning as it can generate embeddings for nodes
not seen during training, contrary to the GCN that considers all nodes.

Attention mechanisms have played a key role in many important innovations in the �eld
of arti�cial intelligence from language modelling [76] to computer vision tasks [15], thus
attention-based GNNs have also become popular [73]. In its simplest form, an attention-
based spatial graph convolution adds an attention term to the aggregation

h (l+1)
v = UPDATE (l )

0

@h (l )
v ;

X

u2N ( v)

� (l )
uv � f (l )

�
h (l )

u ; e(l )
uv

�
1

A (2.20)
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where f () is an arbitrary transformation function applied to the node and/or edge em-
beddings, and� uv is an attention coe�cient applied to the edge relating nodeu to node
v, determined using some attention mechanism. These attention mechanisms normally aid
in graph based tasks by allowing the model to focus on important parts of the graph. This
is achieved by allowing each node to selectively attend to its neighbors based on the input
features and a set of learned weights. The primary theoretical bene�t of using attention in
GNNs is its ability to capture context-dependent relationships in the graph, which might
be overlooked by conventional aggregation methods. For instance, in graphs with complex
interactions or varying node degrees, attention can provide a more adaptable and precise
way to aggregate information from neighbors.

Numerous attention-based graph convolutions have been proposed. A widely used
example is the graph attention network (GAT) [77] given by

h (l+1)
v = �

0

@
X

u2N (v)[f vg

� (l )
uv W (l )

1 h (l )
u

1

A (2.21)

with attention coe�cients determined by

� (l )
uv = softmax

�
�

�
W (l )

2

h
W (l )

1 h (l )
v kW (l )

1 h (l )
u

i��
(2.22)

whereW 1 and W 2 are learnable weight matrices andk denotes concatenation [85]. An-
other example is the transformer graph convolution [66] which uses a query-key-value
self-attention mechanism rather than the simpler attention mechanism based on feature
concatenation and transformation used in the GAT. The transformer convolution is given
by

h (l+1)
v = �

0

@W (l )
1 h (l )

v +
X

u2N (v)[f vg

� (l )
uv (W (l )

2 h (l )
u + W (l )

3 euv )

1

A (2.23)

with attention coe�cients determined by

� (l )
uv = sof tmax

 
(W (l )

4 h (l )
v )T (W (l )

4 h (l )
u + W (l )

3 euv )
p

d

!

(2.24)

whereW 1, W 2, W 3, W 4 are weight matrices andd is the feature dimensionality. This is
the convolution operator used in this thesis, selected over GAT due to the ability to use
edge features, and the ability to capture more nuanced node feature interactions due to the
query-key-value mechanism. Note however, that in this convolution the edge features must
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(a) CNN: Kernel �lters
(bottom �gures) are learned

to extract patterns in an
image of a building.

(b) GNN: Non-linear functions are learned
to model the relationship between

neighboring nodes in a graph.

Figure 2.1: Conceptual comparison of the mechanisms of convolutional neural networks
(CNN) and graph neural networks (GNN). (a) CNNs learn kernel �lters which slide across
the image to identify patterns in the image, such as edges or gradients. (b) GNNs learn
a function to update a target node's state vector (A) by non-linearly combining the state
vectors of its neighbours (B, C, D).

be projected to the same dimensionality as the node features, and they are not updated
during the convolution step (i.e. they remain constant through training). In certain cases
this may be a limitation of the method, however if the edge features represent physical
features of graph that provide important context that we would like retained, and the
desired predictions are on the node level rather than the edge level, this is not a signi�cant
limitation.

2.2.3.3 CNN vs. GNN in Sea Ice Forecasting

With the advent of deep learning, many neural network methods were developed for spa-
tiotemporal problems, largely based on spatial convolutions with �xed-size two- or three-
dimensional kernels [53]. These convolutional models are particularly well-suited for image
data with a gridded structure such as images or video frames and allow for learning rich
features that are present in real-world image sequences. GNNs o�er a compelling alterna-
tive to CNNs for emulating models of physical processes, such as ice dynamics, for several
reasons. One of the primary advantages of GNNs in this context is their inherent ability to
capture the spatial relationships between neighboring nodes through graph edges, which
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can be arbitrarily speci�ed. This is particularly crucial in applications like sea ice dynam-
ics, where the spatial relationships are fundamental in determining heat and momentum
exchanges, and other factors in
uencing ice processes. In GNNs, both nodes and edges can
encode information about the system, and graph convolutions update these encodings by
applying some non-linear function. This allows GNNs to e�ectively model the exchange
of physical quantities such as heat or ice volume at a given location in space and time
while accounting for the directionality of processes, which is represented by directed edges.
In contrast, CNNs operate on a fundamentally di�erent principle. They extract features
such as edges or gradients from an input image by tuning kernel �lters. This process in-
volves convolving these �lters over the input image to identify patterns and features at
various scales and orientations. While this approach is highly e�ective for tasks like im-
age recognition, where identifying and categorizing visual patterns is key, it may not be
as well-suited for learning the underlying physical laws that govern interactions between
points in space. CNNs typically lack the ability to explicitly model directional relationships
and complex dependencies between disparate points in a spatial domain, which are criti-
cal in understanding and predicting physical phenomena like ice dynamics. A high-level
visual representation of these two neural network types, highlighting their structural and
functional di�erences, is shown in Figure 2.1. CNNs leverage spatial locality and transla-
tion invariance inherent in images through convolutional layers with �xed-size �lters that
extract local features across the image. Techniques such as the use of pooling operators,
stride convolutions, or dilated �lters can be used to capture longer-range patterns and
hierarchical information [22, 88]. In contrast, message-passing GNNs can natively capture
long-range patterns through edge propagation, potentially reaching across the entire graph
structure given a su�ciently deep network [57]. Although in most cases the underlying
graphs are too large for information to be propagated globally (e.g. a one hundred layer
deep network is likely infeasible in most cases), limited information propagation across can
help models gain a holistic view of the spatial domain and learn complex spatial patterns
[84]. Additionally, most types of GNNs exhibit both translation and rotation invariance
as convolutions are applied indiscriminately to all nodes and the aggregation operators are
most often permutation invariant. Note that this is not always the case; operators based
on recurrent units such as the LSTM variant of GraphSAGE [20] or sorting units such as
the SortPooling aggregator [90] do not exhibit rotation invariance. Another noteworthy
advantage of GNNs over CNNs is their scalability due to the inherent parallelism in their
architecture, allowing for e�cient processing of data over large regions or with �ne res-
olution. This parallelism however comes at the cost of higher memory usage which may
become limiting, though this can be circumvented by partitioning the graph and processing
the subgraphs independently before combining the outputs. Overlapping subgraphs can
be used to ensure no spatial artifacts or discontinuities arise from the partitioning.

18



2.2.4 Sequence Modelling

Sequence modeling plays a key role in many �elds such as natural language processing
(NLP), speech recognition, bioinformatics, �nancial forecasting, and climate modeling.
Sequence modeling is the process of predicting or understanding sequences with interrelated
data points, such as words, sounds, genetic data, or �nancial transactions. It aims to
capture the dependencies and relationships within these sequences for e�ective analysis
and prediction. One key task in the realm of sequence modelling is that of forecasting.
Consider a series of data pointsx1; x2; : : : ; xT . The objective is to forecast future values
xT +1 ; xT +2 ; : : : ; xT + N using some functionf , which is de�ned as

xT + n = f (x1; x2; : : : ; xT ); (2.25)

wheren ranges from 1 toN , and N represents the length of the forecast horizon.

Timeseries forecasting contains additional complexities not found in analyses of static
non-temporal datasets, as it requires handling the additional intricacies of temporal dy-
namics such as seasonality, non-stationarity, autocorrelation, and the impact of external
factors. Models must therefore be su�ciently sophisticated such that they not only detect
subtle temporal correlations but also be robust against irregularities and noise in the data.
Models may also need to learn temporal dynamics at multiple temporal scales, or make
use of multi-dimensionality in either the predictor or predictand.

Deep learning has provided powerful tools for sequence modelling, among which the
Recurrent Neural Network (RNN) [75] is one of the most foundational. RNNs are designed
to handle sequences of data by persisting a memory of previous inputs. Mathematically,
an RNN can be described by the following equations

h t = � (W hx t + U hh t � 1 + bh) (2.26)

and
y t = W yh t + by: (2.27)

wherex t represents the input at timet, h t is the hidden state at timet, y t is the output
vector, W h; U h; W y are weight matrices,bh; by are bias vectors, and� is some activation
function. The initial hidden state (h � 1) can be arbitrary selected, usually as zeros or by
sampling from some distribution, while the �nal hidden statehT +1 can be used as a context
vector which summarizes the totality of the input sequence. A visual representation of the
standard RNN in its recursive and unrolled state is shown in Figure 2.2. Despite their utility
in many sequence modelling tasks [43], RNNs face signi�cant challenges, particularly the
issue of vanishing and exploding gradients, which impede the network's ability to learn
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Figure 2.2: The standard RNN cell in its recursive (left) and unrolled (right) representation.
Per Equation 2.26 and Equation 2.27,x t denotes the input at time t, h t represents the
hidden state at time t, y t is the output vector, and W h; U h; W y are learnable weight
matrices. Bias terms are omitted for simplicity.

long-range dependencies. As the sequence gets longer, the gradients of the loss function
tend to either vanish (become very small) or explode (become very large), making it di�cult
for the RNN to learn e�ectively when sequences are long [64].

The Long Short-Term Memory (LSTM) [25] module was developed to address these
issues. LSTMs maintain the sequential nature of RNNs but introduce a memory cell and
three non-linear control gates: input, forget, and output gates which control the 
ow of
information between LSTM cells. Cells maintains a cell statect and hidden stateh t which
accumulates information at each step through an input gatei t which allows information to
be accepted into memory, a forget gatef t which decides which information is discarded, and
the output gate ot which controls the information propagated to the �nal output state.
This allows each cell to track gradients thereby mitigating the vanishing gradient issue
during back-propagation through time which inhibits the RNN . The governing update
equations of the LSTM are

f t = � (W f � x t + U f � h t � 1 + b f )

i t = � (W i � x t + U i � h t � 1 + b i )

ot = � (W o � x t + U o � h t � 1 + bo)

ct = f t � ct � 1 + i t � tanh(W c � x t + U c � h t � 1 + bc)

h t = ot � tanh(ct )

(2.28)

where� represents the sigmoid activation function,� denotes element-wise multiplication,
and tanh is the hyperbolic tangent activation function. The matricesW f;i;o;c , U f;i;o;c , and
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Figure 2.3: The standard LSTM cell with optional peephole connections (dotted green
lines).

L
represents element-wise addition,

N
represents element-wise multiplication,

and b represents the bias terms.

the vectorsb f;i;o;c are the weights and biases associated with each gate.

A variant of the LSTM is the peephole LSTM [75], which allows the gates to also look
at the cell state, providing the model with greater context. The equations for a peephole
LSTM are similar to that of the standard LSTM, with the addition of weight matrices
V f;i;o multiplying the cell state at each gate, given by

f t = � (W f � x t + U f � h t � 1 + V f � ct � 1 + b f )

i t = � (W i � x t + U i � h t � 1 + V i � ct � 1 + b i )

ot = � (W o � x t + U o � h t � 1 + V o � ct + bo)

ct = f t � ct � 1 + i t � tanh(W c � x t + U c � h t � 1 + bc)

h t = ot � tanh(ct ):

(2.29)

A visual representation of the LSTM and peephole LSTM cell is shown in Figure 2.3,
where the dotted green lines represent the optional peephole connections.

Other notable variants of the recurrent network are the Gated Recurrent Unit (GRU)
[10] and the Bi-direction LSTM (BiLSTM) [19]. The GRU simpli�es the LSTM architecture
by merging the hidden and cell states into a single vector. It uses only two gates, the reset
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and update gates, enabling more e�cient processing of sequential data, though performance
is usually poorer than LSTMs on complex sequence modelling tasks [7]. The BiLSTM
enhances LSTM by processing sequences in both forward and backward directions, making
it adept at capturing context by simultaneously considering information early and late
timesteps in the input sequence. BiLSTMs are useful in tasks requiring more sophisticated
understanding of context at the cost of greater computational requirements.

2.2.4.1 Sequence-to-Sequence

Sequence-to-sequence (seq2seq) models play a key role in timeseries forecasting as they
allow mapping between input and output sequences of di�erent lengths [74]. Seq2seq
models typically use an encoder-decoder structure, where both the encoder and decoder
are some recurrent module such as the RNN, GRU or LSTM (although recent advances
in NLP favour transformer architectures, omitted here since they are not used in this
thesis). The encoder and decoder blocks serve distinct functions. The encoder processes
the input sequence, distilling it into a context vector of �xed dimensionality. This vector
serves as a compressed representation of the input sequence, encapsulating its essential
information. In recurrent implementations, the encoder is an RNN/GRU/LSTM that
reads each element of the input sequence one at a time while updating its internal hidden
state. Conversely, the decoder is tasked with generating the output sequence based on the
context vector provided by the encoder. In recurrent implementations, it is also typically
an RNN/GRU/LSTM and produces the output sequence one element at a time while
updating its internal hidden state. For an input sequence of length M and a desired output
sequence length N, the encoder processes each input sample sequentially as

henc
m = enc(xm ; henc

m� 1) for m = 1; 2; :::; M (2.30)

whereenc is some recurrent cell (such as an RNN cell),x t is the input at time t, and henc
m

is the corresponding hidden state. The last hidden state of the encoderhenc
M (the context

vector) is then used to initiate the decoder, that is,hdec
0 = henc

M and unrolls the sequence as

hdec
n = dec(yn� 1; hdec

n� 1) for n = 1; 2; :::; N (2.31)

wheredecis also some recurrent cell andhdec
n is the hidden state at each output timestep

t. Each element of the decoder hidden state is transformed by some application-speci�c
output function f out () as

yn = f out (hdec
n ) (2.32)

where f out () may be a function such as a softmax, MLP, or a more complex function.
Since the encoder and decoder operate separately and sequentially, the input length does
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Figure 2.4: A basic sequence-to-sequence model using an RNN encoder and RNN decoder
for an input sequence of length M and output sequence of length N. Per the RNN equations
in Equation 2.26 and Equation 2.27,x t denotes the input at timestept, he; t and hd; t
represents the encoder and decoder hidden state at timet, respectively,y t is the output
vector, and W h; U e;h; U d;h ; W y are learnable weight matrices. Bias terms are omitted for
simplicity.

not need to equal the output length, as is the case if a single recurrent network is used.
Building on the RNN shown in Figure 2.2 based on Equation 2.26 and Equation 2.27, this
encoder-decoder structure is shown conceptually in Figure 2.4.

2.2.4.2 Spatiotemporal Forecasting

Spatiotemporal forecasting extends the principles of sequence modeling to datasets where
both spatial and temporal dynamics are signi�cant. This is particularly relevant in �elds
such as meteorology, tra�c 
ow prediction, and environmental modeling, where data points
are not only temporally sequenced but also spatially related. The challenge in spatiotem-
poral forecasting is in e�ectively capturing the often complex interactions between the
spatial and temporal components. This dual-dependency often leads to high-dimensional
data, which can be challenging to analyze due to computational constraints and the risk
of over�tting due to the complexity of the task.

Strictly spatial models can be used for spatiotemporal forecasting by setting the input
to timestep T and the output to timestep T + 1. However, incorporating explicit temporal
modelling often enhances forecasting ability in deep learning models [81]. The simplest way
to create hybrid spatiotemporal models is to combine them sequentially, for instance by
�rst processing the inputs spatially using a CNN, then processing this encoded state using
a temporal model such as an LSTM. This method may however not su�ciently exploit
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the interdependencies between the spatial and temporal dimensions. More sophisticated
approaches have been developed to address this challenge, integrating spatial and temporal
processing more closely. For example, the Convolutional LSTM (ConvLSTM) [65] combines
spatial convolutions within an LSTM network, leading to strong performance in tasks such
as precipitation nowcasting or video frame prediction. The core equations of a ConvLSTM
are given by

f t = � (W f � x t + U f � h t � 1 + b f )

i t = � (W i � x t + U i � h t � 1 + b i )

ot = � (W o � x t + U o � h t � 1 + bo)

ct = f t � ct � 1 + i t � tanh(W c � x t + U c � h t � 1 + bc)

h t = ot � tanh(ct )

(2.33)

where � denotes the convolution operation, and the other symbols retain their meanings
from the standard LSTM equations [65]. The ConvLSTM can capture complex spatiotem-
poral correlations e�ectively, but it can be computationally expensive due to the multiple
use of convolution operations. This same approach can be extended to graph-structured
data by replacing the convolution operation� with a graph convolution operation� G. This
is the graph convolutional LSTM proposed by Seo et al. (2018) [62], and it is de�ned as

f t = � (W f � G x t + U f � G h t � 1 + b f )

i t = � (W i � G x t + U i � G h t � 1 + b i )

ot = � (W o � G x t + U o � G h t � 1 + bo)

ct = f t � ct � 1 + i t � tanh(W c � G x t + U c � G h t � 1 + bc)

h t = ot � tanh(ct ):

(2.34)

2.3 Related work

The application of deep learning techniques to sea ice forecasting has gained increasing
attention in recent years due to their computational e�ciency and generalizability, partic-
ularly in the face of a changing climate and increased availability of large training datasets.
Early studies applying deep learning to sea ice forecasting were limited to either spatial or
temporal modelling. For instance, Chi and Kim (2017) [9] used a long-short term memory
(LSTM) module to forecast sea ice on a per-pixel level but did not consider spatial patterns.
Kim et al. (2019) [36] later used a deep neural network (DNN) with two fully-connected
layers to forecast sea ice concentration considering interactions between pixels through
dense layers but did not explicitly account for spatial autocorrelation. Later models based
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on the convolutional neural network (CNN) were able to leverage spatial patterns. An-
dersson et al. (2021) [2] used a U-net trained on both climate simulation and observation
data to forecast monthly sea ice concentration and was found to out-perform the SEAS5
dynamical model, but did not explicitly model in the temporal dimensions. Spatiotemporal
models were then proposed that unify spatial and temporal models. Liu et al. (2021) [45]
proposed a model based on the convolutional long-short term memory (ConvLSTM) [65]
to perform one-step ahead forecasting of sea ice in the Barents sea which showed promise
by outperforming statistical baselines. Asadi et al. (2022) [4] built on this work by propos-
ing a sequence-to-sequence model based on the ConvLSTM to forecast sea ice presence in
Hudson Bay. The model generally outperformed the European Centre for Medium-Range
Weather Forecasts's (ECMWF) subseasonal-to-seasonal (S2S) ensemble predictions [79].

GNN-based approaches have recently seen some attention in global climate modelling,
motivated in part by successes in GNN-based physics simulation models such as Mesh-
GraphNets [54] or graph network simulators [61, 59]. Keisler (2022) [35] �rst proposed a
GNN for forecasting the global climate using an autoregressive encoder-processor-decoder
architecture. Gridded reanalysis data was encoded onto an icosohedron graph structure
on which a message-passing neural network performed several steps of processing before
being decoded back onto the latitude-longitude grid. Results showed that the model is
competitive in comparison with state-of-the-art physical models when forecasting geopo-
tential height and temperature over a 6-day rollout with a 6-hour temporal step. Lam
et al. (2022) [39] built upon this work with GraphCast, a similar model structure with the
most notable di�erence being the use of multiple icosahedron grids at varying spatial reso-
lution. They demonstrated greater skill than operational state-of-the-art physical models
when forecasting global temperature, precipitation, and wind patterns over a 10-day roll-
out at a 6-hour temporal step. Before climate forecasting, GNNs have had a relatively long
history in hydrology [72, 46, 44] and tra�c forecasting [6, 31]

25



Chapter 3

Methodology

3.1 Data

In this thesis, the Hudson Bay systen is taken as the region of interest, and ERA5 reanalysis
data is used as atmospheric forcing data to train the models along with oceanographic
variables from the GLORYS12 reanalysis product. Sea ice concentration estimates from
GLORYS12 are used as the target variable and a proxy for the ground truth.

3.1.1 Study Area

The Hudson Bay system (Figure 3.1) is selected as the study area due to its important
role as a major shipping hub, its vital importance to local communities reliant on maritime
resupply, and its unique characteristics as an in-land sea largely isolated from the broader
Arctic. Hudson Bay serves as a crucial maritime trade route, connecting the Canadian
interior to global markets. Accurate sea ice forecasting is essential for the safe and e�cient
operation of shipping routes in the region. Furthermore, the remote communities along
Hudson Bay's coastlines and tributaries depend heavily on maritime transportation for
essential goods. This includes the transportation of food, medical supplies, and other
necessities, which are critical for their subsistence. The reliability of sea ice forecasts
directly impacts the accessibility and regularity of these deliveries, a�ecting the well-being
and resilience of these communities. Hudson Bay's unique physical characteristics as an in-
land sea partially enclosed by the Canadian mainland result in distinctive sea ice patterns
in
uenced by local climate, geography, and ocean currents. Sea ice in Hudson Bay exhibits
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Figure 3.1: Region of interest (orange), including Hudson Bay, Foxe Basin, James Bay,
and Hudson Strait. The area covers a total area of roughly 3,300,000km2.

seasonal variations, with ice covering the entirety of the area during colder months and
near complete melt during warmer months. The presence of both fast ice (ice attached
to the shoreline) and pack ice (drifting with ocean currents) in
uences ice dynamics and
navigation strategies.

3.1.2 ERA5

ERA5 [24] is a climate reanalysis dataset produced by ECMWF that o�ers hourly estimates
of climatic variables at a spatial resolution of 0.25� from 1979 to present. It is based
on the IFS Cycle 41r2 4D-Var data assimilation system and includes a wide range of
climatic variables at di�erent pressure levels of the atmosphere. The IFS system assimilates
observations from dozens of satellite missions and ground stations to create a physically
consistent best representation of atmospheric conditions. Although the model does not
have a coupled ocean-atmosphere component, it uses daily passive microwave-derived sea
ice concentration estimates from the Ocean and Sea Ice Satellite Application Facilities
(OSI-SAF) as the bottom boundary condition for ice-covered seas [24]. This thesis follows
previous studies [4, 2] and use 2-meter temperature, 10-meter wind speeds, and surface
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sensible heat 
uxes from ERA5 as input features to our model (see Table 3.1)

3.1.3 GLORYS12

GLORYS12 [30] is a global ocean and sea ice reanalysis data product developed by the
Copernicus Marine Environment Monitoring Service (CMEMS), utilizing the LIM2 EVP
NEMO 3.1 platform [48] in the ORCA025 con�guration designed by the DRAKKAR con-
sortium. This con�guration includes a global sea-ice model with a 1/4� Mercator grid.
Atmospheric forcing for the ocean surface model is provided by ECMWF's ERA-Interim
[13] reanalysis data until 2019, and ERA5 data thereafter. The spatial resolution of the
ocean and ice models is 1=12� . The data assimilation component of GLORYS12 includes
in-situ temperature and salinity (T&S) pro�les, satellite sea surface temperature (SST),
and along track sea-level anomalies derived from satellite altimetry. The assimilation of
oceanic observations occurs using a reduced-order Kalman �lter, which is based on a singu-
lar evolutive extended Kalman (SEEK) �lter. The SEEK �lter utilizes a three-dimensional
multivariate background error covariance matrix and operates on a 7-day assimilation cycle.
The system also integrates sea ice concentration observations from IFREMER/CERSAT.
Historical records are available from 1993 to present. This work uses GLORYS12 sea ice
concentration, thickness, velocities and sea surface temperatures.

3.2 Meshing

Meshes allow for greater 
exibility in de�ning the model's spatial basis. Unlike two-
dimensional convolutional approaches, which require de�ning a regular two-dimensional
grid of pixels over a region, meshes are comprised of cells of abitrary sizes, allowing the
modeler to control which areas are modelled in higher resolution (e.g., around ports or pas-
sages of interest). Since cells are only de�ned in regions of interest we also avoid the need
to apply a land mask as a post-processing step, unlike in CNN-based approaches which
most often model over the whole region before applying a mask to exclude land pixels from
the output.

Figure 3.2 shows possible meshes for Hudson Bay using a 1/12 degree grid as the base
resolution when trying to balance resolution and computational requirements. The mesh
shown in (a) uses the base resolution as a regular mesh, which is computationally heavier
with its 32,856 cells, while the mesh in (b) uses a regular four-times coarsened version of
the same mesh with 2,425 cells, which may not have su�cient de�nition. At the shoreline,
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