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Abstract

Data science makes it possible to apply a wide range of methods to problems
in different fields. These include the prediction of sea ice concentration at the
poles, which has a number of implications, including navigation, economic and
diplomatic interests, and a better understanding of our planet. At the same time,
during the year 2023, Antarctica experienced its lowest peak of sea ice extents
ever recorded. This thesis evaluates the ability of neural networks, and more
specifically the U-Net architecture, to predict Antarctic sea ice concentration by
using and replicating data from a dynamical model. The models are compared
with two baselines that represent the minimum performance that a more complex
model must achieve in order to be relevant, a climatological forecast and a linear
model. In addition, two different-sized versions of the U-Net architecture are used
to compare the impact of model size on the results. Each model is evaluated from
different angles to understand its strengths and weaknesses. The results show that
the two U-Net architectures achieve better results than the baselines in terms of
both mean error and error variance. However, no improvement is detected when
using a larger model, with both versions delivering similar performances.
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Chapter 1

Introduction and Context

The recent advances in data science allow applying a broad range of machine
learning techniques to any problem as long as enough data are available, and earth
sciences are no exception. The idea of this thesis is to apply some of these tech-
niques to the forecasting of sea ice concentration (SIC) in polar regions. The SIC
is a measure of the amount of sea ice for a given area expressed as a percentage.
Studying and forecasting the SIC not only gives us a better understanding of how
ice sheets react to climate change, but also greatly facilitates navigation in these
waters and therefore the access to these areas, particularly for scientific purposes,
but also recently for tourism.

This can either be done with a focus on the Arctic region or the Antarctic one.
For diplomatic, economic and proximity reasons, most studies on the subject focus
on the Arctic. On the other hand, Antarctica, which is more isolated and which
seemed to resist the influence of climate change, has been the subject of much less
research. Indeed, until 2007-2008, the ice pack at the South Pole did not seem to
be affected by global warming and from then on even showed a tendency to extend
its surface, but this was not to last, since from around 2015 the extent of sea ice
began to diminish [16]. Furthermore, the year 2023 shows huge anomalies in the
sea ice extent (SIE) in the Antarctic [8] as shown in Figure 1.1. It is important
to keep in mind that the seasons in the northern and southern hemispheres are
reversed, so in Antarctic the minimum SIE occurs in February, which corresponds
to the end of the southern summer, and conversely, maximum SIE is reached in
September, which corresponds to the end of the southern winter and the beginning
of the southern spring.

This thesis focuses on the Antarctic, which allows to apply some existing SIC
forecasting methods that have already proved their worth on the other pole. These
methods can be classified in two categories: The dynamical methods and the statis-
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Figure 1.1: SIE observations made by the OSI SAF [8]

tical methods. On the one hand, dynamical methods use models based on physical
laws while the statistical methods rely on the data collected whose are then feed
to statistical models. However, those two approaches are still closely related as
dynamical models can be fine-tuned using statistical ones and statistical models
can use outputs from the dynamical ones as training input. Here, the focus is on
statistical methods, but it is the outputs of the dynamical model NEMO-SI3 [23]
that is used as input for our statistical models.

Only talking about statistical methods is vague as this term covers a wide
range of approaches, going from simple linear regressions and extrapolations to
more complex Markov models [25] or Gaussian processes [11]. Hereby study fo-
cus on supervised machine learning and more specifically neural networks. Their
versatility and extensive number of already existing architectures makes them ap-
plicable to a lot of fields, and amongst them, the computer vision and time series
forecasting. Those combined frame perfectly the problem at hand: based on a
satellite image of the Antarctica where each pixel, instead of containing informa-
tion about colour, contains the SIC of the corresponding area, what will be the
concentration like in one month ?
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The neural network architecture this study focuses on is the U-Net architec-
ture, an encoder-decoder network using convolutional layers primarily used in 2015
in biomedical image segmentation by Ronneberger et al. [21] and then successfuly
applied to SIC forecasting in the Arctic by Andersson et al. [1]. Two versions of
different sizes of that architecture are compared between each other to evaluate
the impact of the model size on the results. To assess the relative performances of
the neural networks, the two baseline methods used are the climatological forecast
and a linear regression model, the goal being to compare, from a data science and
earth science point of view, the performances of these methods [12].

Hereby study is conducted based on data in the form of daily grids contain-
ing the SIC as a percentage. Those can come either from satellite observations
where passive microwave brightness temperatures are converted to SIC, or either
as mentioned above, from dynamical models. Concerning the Antarctic, as seen in
Figure 1.2 the data are represented using a lambert azimuthal equal-area projec-
tion centred on the South Pole which, as its name suggests, keeps the areas equal,
with each pixel corresponding to an equivalent surface. The resolution is of 25km,
meaning that each of the pixels represents a 25 square kilometres area. As a whole,
each data sample’s size is 432x432 pixels.

Figure 1.2: SIC data samples generated by NEMO-SI3

Then, as indicated by Figure 1.3, Antarctica can be divided in five main re-
gions based on their geographical properties and inherent geophysical mechanisms.
Therefore, SIC varies differently according to the regions. For instance, the Weddel
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sea region is often the easiest to forecast, while the Indian, West Pacific and Ross
regions are considered less predictable, the Amundsen-Bellingshausen (A and B)
region being intermediate. However, this can vary according to seasons and not all
studies show the same exact trends [16]. The other aspect in which SIC varies is
according to the season. It is therefore relevant to compare the performances of the
models according to the time of year. In the Southern Hemisphere, summer begins
on December 1 and ends on February 28, autumn runs from March 1 to May 31,
then comes winter from June 1 to August 31 and finally spring from September 1
to November 30. These regional and seasonal divisions are later used to assess the
performance of the models and gain a better understanding of the regional and
temporal performances disparities in the forecasts.

Figure 1.3: Oceans and seas around Antarctica

Therefore, the objectives of this study are multiple, each of them is described
below:

• Compare the ability of the U-Net architecture to forecast the SIC at one
month lead time compared with a climatological forecast and a linear model.

• Analyse each model’s performances from a numerical, spatial, regional and
seasonal perspective.
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• Assess the usefulness of U-Net model’s size in relation to performances.

This study aims to evaluate the U-Net deep learning architecture’s effectiveness
in predicting SIC one month ahead. We compare the U-Net’s performances with
those from the climatological forecast, which uses historical averages, and a lin-
ear model. This comparison highlights U-Net’s potential advantages in capturing
complex patterns and improving prediction accuracy over conventional methods
due to its architecture and use of the ReLU non-linear activation function.

The second objective is to evaluate each model’s ability to predict SIC by
examining its performance from numerical, spatial, regional, and seasonal angles.
Numerical analysis measures prediction accuracy using the MAE and NSE metrics,
while spatial analysis assess the model’s ability to forecast SIE by computing the
IIEE and NIIEE of the predictions. Each of these metrics are described in the next
chapter. Regional analysis focuses on the performances according to the regions
described above, and seasonal analysis explores how accuracy varies throughout
the year, depending on the seasons. This comprehensive evaluation provides in-
sights into the model’s strengths and weaknesses in different contexts.

The last objective is to compare the performances of two U-Net models, one
small and one large, in predicting SIC. By evaluating these models, we aim to de-
termine how model size impacts prediction accuracy and computational efficiency.
This comparison helps to identify whether the larger model’s increased complexity
provides significant performances benefits over the smaller model, offering insights
into the trade-offs between model size and forecasting performances.

The document is structured in such a way as to lead the reader through the
research process in an ordered manner, beginning with this introduction setting
out the general context and objectives of the study.

The second chapter contains a review of the literature on the subject, covering
the many elements on which this study is based. It discusses the basic concepts,
the different ways of framing the problem, the metrics used and the existing neural
network architectures.

The third chapter describes the entire research process, starting with the dataset
used to train and evaluate the models and then discussing the methods applied to
the data and models to produce the forecasts.

The fourth chapter defines the baselines used, i.e. the climatological fore-
cast and a linear model, and describes how they are implemented. This gives an
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overview of the performances of basic approaches, and represents the performance
to be beaten for any more complex model to be relevant.

The fifth chapter considers the implementation and structure of the two U-Net
models. After a comparison between the number of parameters and the size of the
small version and the large one, we discuss the tuning of the hyperparameters for
both models as well as the most relevant set of input variables to use based on our
dataset.

The sixth chapter compares the results of the models under the different aspects
described above and using different visualisations. It shows the advantages of us-
ing the U-Net architecture compared to the baselines and describes their strengths
and weaknesses. We also note that the large model gives similar performance to
the small model, indicating that the architecture used has more impact in this case
than the size of the model.

Finally, chapter seven draws conclusions from the study on the basis of the
above-mentioned objectives. This is followed by a bibliography listing the works
on which this study is based, and an appendix containing visualisations that pro-
vide more detailed information on the performances of each model regarding each
metric. The code implementing the models discussed here is available on GitHub1.

1https://github.com/JustinLalieu/Predicting-the-evolution-of-Antarctic-sea-ice-with-data-
science
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Chapter 2

Related works

Before delving into the core of this thesis, the following is a review of the
literature mentioning some papers, concept and algorithms that were found useful
to the research. Some of them provide a better understanding of the task at hand,
while others have been used directly as a foundation for the work that follows.
Not all of their aspects are discussed as those are quite comprehensive and address
different approaches, the intention is rather to give the reader an overview of what
is being done in the field and the wide range of methods that exist at all stages of
the research.

2.1 The CNN approach and evaluation metrics

An important paper in the field of statistical SIC forecasting is Prediction of
monthly Arctic sea ice concentrations using satellite and reanalysis data based on
convolutional neural networks by Kim et al. (2019) [14]. They propose a 1-month
SIC prediction model for the Arctic using a convolutional neural network (CNN)
consisting of three convolutional layers and one fully connected layer, and compare
its performances with a random-forest (RF) based ensemble model and an anomaly
persistence model. Another objective was to assess the importance of each of their
8 input variables using a sensitivity analysis.

Models were trained by dividing the whole dataset in two sub-datasets, each
then split in a training and a validation set. The first training set ranges from 1988
to 1999 and use the year 2000 as validation and the second go from 1988 to 2016
and data is validated on the year 2017. This aims at evaluating the models on
years whose knew different trends due to the accelerated ice melt instead of only
validating on recent years. Also, the somewhat small size of the whole dataset is
noteworthy as later studies uses bigger datasets. Data itself is made of 8 input
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variables starting with SIC itself, SIC anomalies, sea surface temperature, 2m air
temperature, albedo and wind. They note that it is the previous SIC itself that is
the most important input variable to SIC forecasting.

To compute the performances of their models, they use five different metrics
starting with the mean absolute errors (MAE), root-mean-squared error (RMSE)
and the normalised RMSE (nRMSE) but also using more specialised metrics with
the Nash–Sutcliffe efficiency (NSE) and the anomaly correlation coefficient (ACC).
Here are their mathematical expressions with SICg being the ground truth and
SICp the prediction, an overline (SICx) indicating the mean of the variable:

MAE = mean(|SICp − SICg|) (2.1)

RMSE =
√

mean((SICp − SICg)2) (2.2)

nRMSE =

√
mean((SICp − SICg)2)

std(SICg)
(2.3)

NSE = 1−
∑

(SICg − SICp)
2∑

(SICg − SICg)2
(2.4)

ACC =

∑
(SICp − SICp)(SICg − SICg)√∑

(SICp − SICp)2
√∑

(SICg − SICg)2

(2.5)

Each of these metrics tells something different about the performances of a
model. The MAE is a common metric used in data science for regression tasks.
Then, nRMSE, the RMSE divided by the standard deviation of the actual SIC,
allows to cope for the important number of low SIC pixels during the summer to
evaluate the performances of the model by taking into account the whole range
of SIC values. The NSE on the other hand, is a widely used measure in SIC
forecasting that compares the observed data with the predicted values, providing
a normalized statistic that indicates how well the predictions match the obser-
vations. An NSE value of 1 indicates perfect agreement between the model and
the observations, while an NSE of 0 indicates that the model predictions are as
accurate as the mean of the observed data. Negative NSE values indicate that the
model performs worse than simply using the mean of the observed data. Finally,
the ACC, which is also widely used in climatological forecasting, compute the cor-

11



relation between the prediction anomalies and the actual anomalies and lies thus
between -1 and 1. When computing those metrics, they average them spatially
and temporally to grasp a better understanding of the differences in performances
according to different regions and seasons.

In terms of global results, the persistence model has the lowest performances
on all metrics while RF and CNN show similar results in MAE, ACC and RMSE
but CNN has a better nRMSE than the RF. They went into a deep analysis of
these performances throughout the paper and using those metrics and by compar-
ing them at regional and seasonal level, researchers have come up with a number
of observations. Among them, they concluded that the CNN’s error distribution
was more stable than the others. Also, CNN and RF models might be weaker at
predicting marginal SIC zones (sea ice close to the open ocean) than central zones
and that does not apply to the persistence model, that might either be due to the
fact that marginal ice is thinner and thus more prone to melting and detachment
or, predictability might be smaller because the training sample over marginal zones
is also smaller than for the central zones. A number of visualisations are also used,
leading, among other things, to the observation that the error variance for each
metrics is greater in the RF than in the CNN.

2.2 Other relevant metrics

Besides metrics described above, others exist and showcase different aspects of
the performances of a model to accurately forecast SIC. In Predicting the Daily
Sea Ice Concentration on a Subseasonal Scale of the Pan-Arctic During the Melt-
ing Season by a Deep Learning Model, Ren and Li (2023) [19] are using a revisited
version of the U-Net architecture which is described in the following section (2.3).
We here focus on the metrics they propose to evaluate their model and not on
the results as this study focuses on the Arctic and not on the Antarctic but more-
over, the framing of the problem is different than ours. Indeed, as they focus on
the subseasonal scale during the melting season, they forecast SIC on a sequential
manner starting from 1 to 90 lead days.

Researchers introduce a hybrid loss function based on the mean squared error
(MSE) and the normalised integrated ice-edge error (NIIEE) which is intended to
overcome the limitations of using only the MSE when predicting SIC. The first lim-
itation is MSE’s inability to measure the spatial similarity between the SICp and
the SICg. Indeed, the MSE being only based on numerical differences, it could
favour a prediction that is numerically better but spatially worse. The second
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limitation is the fact that SIC varies throughout the year, thus, measures during
summer when SIE is low and winter when SIE is larger could be unbalanced and
lead to biased fit of the model according to seasons.

MSE = mean((SICp − SICg)
2) (2.6)

IIEE = (SICp ∪ SICg)− (SICp ∩ SICg) (2.7)

NIIEE =
IIEE

SICp ∪ SICg

= 1− SICp ∩ SICg

SICp ∪ SICg

(2.8)

Hybridloss = MSE + 0.01× NIIEE (2.9)

Figure 2.1: Schematic representation of IIEE and NIIEE [19]

To take into account such spatial performances of the model and not just its
numerical performances, NIIEE is based on the integrated ice-edge error (IIEE)
which is a commonly used metric in SIC and SIE forecasting. To use the IIEE,
we binarize the SIC, values greater to 15% are set to 1 (considered as ice) and
values lower are set to 0 (considered as open waters). This transformation is used
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to represent the SIE based on the SIC. We then compute the sum of the areas
where ice is present in SICg but not in SICp and where ice is present in SICp but
not in SICg. Mathematically speaking, the IIEE is the union of SICp and SICg

minus their intersection. The IIEE is then normalised to compute the NIIEE by
being divided by the union between SICp and SICg, the result ranging from 0
(perfect spatial match) to 1 (no intersection). Finally, the hybrid loss is a simple
function of the MSE and the NIIEE. It should be noted that in the paper, they
consider SIC ranging between 0 and 1 instead of 0 and 100 which explains the loss
ponderation. Figure 2.1 is a visual representation of the IIEE and NIIEE provided
by the authors.

2.3 IceNet and The U-Net model architecture

One of the paper that motivated and constitutes the basis of this thesis is
Seasonal Arctic sea ice forecasting with probabilistic deep learning, written by An-
dersson et al., (2021) [1]. They propose a data-driven deep learning approach to
forecast the monthly averaged sea-ice concentration for the next 6 month in the
Arctic. Here, the model called IceNet, is trained based on 50 input layers, among
them SIC, climate variables, statistical SIC forecasts and metadata. Then, the
training dataset spans on 2200 years of climate simulation data from the CMIP6
covering the years 1850-2100 on which forcing effects have been applied to account
for a multitude of scenarios. The model is finally fine-tuned on the available obser-
vational data collected by satellites from 1979 to 2011. The data gathered between
2012 and 2017 are employed as validation dataset for hyperparameters tuning but
not for training and the years ranging from 2018 to 2020 form the test dataset to
assess the capacity of the model to accurately forecast on unseen data.

The point that really interests us is the architecture of the model used. They
propose an adaptation of the U-Net architecture, an Encoder-Decoder neural net-
work architecture using convolutional operations, initially used to segment medical
data [21] and characterised by its distinctive U-shaped structure. Figure 2.2 con-
tains a visual representation of the network given by the authors.

The encoder consists of the first five blocks with each block made up of con-
volutional layers followed by ReLU activations and max-pooling (downsampling)
operations. This first half of the network progressively reduces spatial dimensions
while increasing feature depth to capture abstract features. A batch normalisation
layer is used between the convolutions and the max-poolings to standardizes the
inputs of each layer, promoting smoother and faster training by maintaining con-
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Figure 2.2: IceNet’s U-Net architecture [1]

sistent data distributions throughout the network. Then, the decoder consists of
the last four blocks and reverses the process of the encoder by using up-sampling
(transposed convolutions) and convolutional layers to reconstruct the image’s orig-
inal resolution. Critical to U-Net’s effectiveness are the skip connections that link
corresponding layers in the encoder and decoder, preserving spatial information
lost during down-sampling. The architecture ends with a series of convolutional
layers to produce the final forecasted output, enabling precise predictions by lever-
aging both high-level context and fine details.

Regarding the problem formulation, instead of forecasting the exact SIC for a
particular date, they predict the monthly averaged SIC. Moreover, they reframe
the problem from the regression task of returning a percentage representing the
SIC, to a classification task where the output can fall in three classes: open-water
if SIC is below 15%, marginal ice if SIC is between 15% and 80% and full ice is
SIC is above 80%. This explains the shape of the output, 432x432 corresponding
to the data grid, x3 stands for each class and x6 is the prediction for each of the
six following months. To make the model evaluation easier, they go even further
and group together the marginal ice and full ice classes, the task becomes a binary
classification problem that is equivalent to forecasting the sea-ice edge, i.e. where
SIC is greater than 15%. Being in an imbalanced classification problem, they use
a custom focal loss which is a variant of the common cross-entropy loss function.
That loss is also weighted according to the month of the year and the active grid
cell region history for that month. This balances the seasonal variations and the
effect of the abundance of 0% SIC in the whole grid.

On results, they divided their evaluation according to the month of the year
and the lead time and compared the performance of their model with that of a
leading dynamical model at the time, the ECMWF’s SEAS5 model [13]. IceNet
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outperforms SEAS5 for 2 to 6 month lead times, SEAS5 being better only at a
1-month lead time which might be due to the fact that they forecast the aver-
aged monthly SIC instead of the exact SIC for a particular date. Furthermore,
the model’s accuracy depends on the month that is predicted, its accuracy drops
during summer because of what they call the spring predictability barrier, as the
ice’s melting is always harder to forecast than its freezing in winter, but this also
depends on the area of interest, some sea’s SIC being easier to forecast than others.

2.4 SIPNet, the U-Net in Antarctica

Then, in Subseasonal Prediction of Regional Antarctic Sea Ice by a Deep Learn-
ing Model by Wang et al. (2023) [26], authors propose a model named SIPNet to
forecast the weekly averaged SIC in Antarctica at sub-seasonal time scales (i.e. 1
to 8 weeks lead time). The architecture of the model consists of an encoder-decoder
structure, similar to a U-Net, but in which layers are composed of ResNet blocks.
The model uses only previous SIC data at different time scales as input variables,
with a dataset using satellite observations ranging from 1979 to 2021. Models are
evaluated seasonally and by using MAE, ACC and IIEE. SIPNet is then compared
with a persistence forecast, a linear Markov model and different dynamical models
(ECMWF, NCEP, and GFDL).

Results shows that SIPNet outperforms them all, but that its performances vary
according to the seasons. A better skill is observed in autumn which they explain
by a higher predictability because of predictable ocean heat content anomalies,
while the lowest skill occurs in spring with error mainly occurring in SIC marginal
zones. Regionally, SIPNet is still performing better than the other models, its
lowest average MAE being found in Weddel Sea. Although, the model shows less
forecast skill in the West Pacific and Amundsen-Bellingshausen regions, but is still
the best performing model even at 8 weeks lead time. Therefore, it is this study
that is closest to the work that follows, even if, as we shall see in section 3.2, the
framing of the problem is not the same. Nevertheless, certain comparisons are
possible and are discussed in section 6.4.

2.5 The alternative ConvLSTM architecture

Other studies examine the ability of the Convolutional Long Short-Term Mem-
ory (ConvLSTM) architecture to forecast SIC [3][15][27]. Among them, the study
Deep Learning Shows Promise for Seasonal Prediction of Antarctic Sea Ice in a
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Rapid Decline Scenario written by Dong et al. (2024) [5]. Here, researchers use
ConvLSTM to forecast both monthly sea-ice area (SIA) and SIE in Antarctica,
with a focus on the months from December to June (summer and autumn).

As its name suggests, this architecture uses the advantages of convolutional
operations directly in LSTM cells. The first allows extracting spatial information
while the latter consider temporal information. Indeed, LSTM is a type of recur-
rent neural network (RNN) architecture designed to recognise patterns over time.
Unlike traditional neural networks, which process data in a static manner, RNNs
are designed to work with sequential data, making them well-suited for tasks in-
volving time series analysis. By using this architecture, the framing of the problem
is different than when working with a CNN or a U-Net as the input data format
is not the same. Thus, instead of giving the model layers of punctual information,
the ConvLSTM takes as input an ordered sequence of data and outputs an ordered
sequence of data. They compared their model with the climatological forecast and
the ECMWF dynamical model and found that the ConvLSTM performs better
and shows great interannual and interseasonal performances.
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Chapter 3

Materials and methodologies

As seen with related works, the problem can be framed many ways and the
study can be based on a wide range of data sources. This section covers and
describes the dataset used alongside a clear description of the problem. On the
whole, the programming language used throughout the research is python. Data
are stored using NetCDF files, which are convenient to store multidimensional
geospatial data and is a widespread format in this field. All the neural networks
discussed later are implemented using PyTorch and its framework PyTorch Light-
ning. Finally, all the plots are made using drawio and the packages Matplotlib,
Seaborn and Basemap.

3.1 Dataset

Data is the most important aspect of the whole data science pipeline, it is often
stated that a model can only be as good as the data it is being trained on and
SIC forecasting makes no exception. Many organisms allow access to satellite ob-
servations of SIC, among them, the Copernicus Climate Change Service (CDS) [4]
provides daily gridded data containing SIC for both the Arctic and the Antarctic
collected by the EUMETSAT and the OSI SAF [7]. Figure 3.1 is an example data
sample.

However, as mentioned in the introduction, this research is not conducted us-
ing actual satellite observations but instead using synthetic data produced by the
dynamical model NEMO (Nucleus for European Modelling of the Ocean). This is
a general ocean circulation model developed by a European consortium which is
currently used in several countries for fundamental research, operational forecasts
of the state of the ocean, seasonal forecasts and climate projections [23][17]. Data
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Figure 3.1: SIC data sample collected available on the CDS

were produced by the version 4.2.1 of NEMO coupled with the Sea Ice modelling
Integrated Initiative (SI3), the model as a whole being referred to as NEMO-SI3.

One of the reasons to use synthetic data is that satellite observations are only
available from 1979 to present and contain some gaps during which data collec-
tion using satellites could not be conducted. On the other hand, NEMO-SI3 can
simulate data on longer time spans and without interruptions. The dataset used
in this study is therefore a simulation of NEMO-SI3 from 1st January 1961 to 30
November 2023. This dataset has been divided into three parts, the training set
from 1961 to 2016 inclusive, on which the statistical models are trained, the vali-
dation set from 2017 to 2019 inclusive which is used to tune the hyperparameters,
and the test set from 2020 to November 30th 2023, which is used to evaluate the
final performances of the models on unseen and recent data.

The only thing retained from the satellite observations available at CDS is the
432x432 grid (EASE-grid version 2.0) used to represent the SIC using a Lambert
Azimuthal Equal-Area (LAEA) projection centred on the South Pole. Its focus
on the Antarctica is great for visualisation purposes, but its real advantage is its
squared shape, which is perfect to work with when using convolutional operations.
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Indeed, raw NEMO-SI3 data come using an eORCA1 grid, containing information
about oceans and both poles and representing data by a 360x331 rectangular grid
as seen in the left image of Figure 3.2. This is practical to store data about both
poles, but only less than the half of that information being required in our case and
the grid being less convenient both for visualisation and for working with convo-
lutions, all the NEMO-SI3 data are transformed to the LAEA grid using python’s
Basemap package’s interp function. The interpolation result is shown in the right
image of Figure 3.2.

Figure 3.2: Comparison of the raw SIC outputted by NEMO-SI3 and its interpo-
lation

In addition to SIC, other variables are also produced by NEMO-SI3 whose can
be useful to use as input variables to our statistical model. Among them, two were
selected manually based on their accessibility and the physical relationship between
them and the SIC: the snow thickness and the mixed layer depth (MLD). Other
important variables exists such as the heat content, the upward solar radiations or
the sea level pressure [1] but the goal is not here to perform a comparative study
of the impact of those variables but rather to see if their impact in the whole data
science pipeline matter as much as data preprocessing or the model’s architecture
itself for example.
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A brief description of the manually selected variables is necessary, Figure 3.3
contains a visual representation of each. Of the two, snow thickness is the most
straightforward, it describes the amount of snow in metres that covers the under-
lying ice. Mixed layer depth is less obvious, as explained by Treguier et al. [22], the
mixed layer is the interface between the ocean interior and the atmosphere or sea
ice, its depth corresponds thus to the depth of the deepest layer where interactions
occur between the ocean and the atmosphere or sea ice. Finally, when predicting
for a particular date, the three variables available are SIC, snow thickness and
MLD and each is available at 30, 60, 90 and 365 days before the date in question.
These time intervals have been chosen to take account of the trend in the evolution
of the SIC over the last three months and the state of the SIC the previous year,
and to avoid cluttering the model with too many variables. The SIC climatological
variable is also available as the mean SIC at the same date for a certain number
of years.

Figure 3.3: Snow thickness and MLD outputted by NEMO-SI3, after interpolation

21



3.2 Methods

The problem can be framed many ways, by either forecasting the SIC or the
SIE, for days or for months, with a focus on particular regions or studying the
Antarctica as a whole. In this study we chose to forecast the SIC at a one month
(30 days) lead time for the whole Antarctica. Thus, when forecasting for a par-
ticular date, each model only has access to information that is 30 day old or more
than this date. While other studies try to forecast for longer time spans going up
to 6 months, this research focuses more on the impact of the architecture and the
hyperparameters used rather than on the maximum achievable prediction range.

Before being fed to the models, data are loaded on the fly using a custom Py-
Torch Dataset class to avoid taking up too much memory space. Training data are
shuffled to avoid the gradient descent to be impacted by the seasonal pattern of the
target variable, but the validation data are not. At this stage, data are normalised
and standardised in order to improve the performance and stability of the train-
ing and predicting steps. This preprocessing of the data ensures that the input
features have consistent scales and distributions. For instance, SIC is expressed as
a percentage between 0 and 100, but MLD which is expressed in meters can take
values between 0 and several hundred metres. First, the normalisation (Eq. 3.1)
consists of a min-max feature scaling step which brings data values between 0 and
1. Then, data are standardised (Eq. 3.2) so that each variable has a mean of 0 and
a standard deviation of 1. As the dataset used consists of variables with different
scales and units, this avoids any feature to be too significant compared to the oth-
ers due to greater values but also make the gradient descent converges faster and
be more stable during training. Once data has been processed through the model,
the inverse operations are applied to make the output comparable with the truth
values of SIC.

x′ =
x−min(x)

max(x)−min(x)
(3.1)

x′ =
x−mean(x)

std(x)
(3.2)

During training, a loss function is required to optimise the model’s parameters
by gradient descent and to determine their optimal state. No hybrid loss as pro-
posed by Ren et Li (2023) [19] was used as no particular benefit or improvement
was found. The MAE (2.1) is chosen as this is a widely used metric in SIC fore-
casting [14][19][26] and it has the advantage of being expressed in the same unit as
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the output which makes it easily interpretable. Also, another advantage of MAE
over MSE is that it is less impacted by outliers as by squaring the error, MSE gives
a higher weight to large errors than to small ones. Besides the loss function, other
metrics are used to monitor the performances of each model during both training
and predicting on the validation and test sets. Each measure has been chosen on
the basis of what it can tell us about the performance of a model and on the basis
of the existing literature.

To assess the numerical performances, in addition to the MAE, the NSE (2.4)
is also used, while spatial performances are computed using the IIEE (2.7) and
NIIEE (2.8). Those metrics are used because they each provides a unique per-
spective on the performance of SIC forecasts. MAE helps in identifying the overall
accuracy of the model by quantifying how far off the predicted SIC values are from
the actual values on average while NSE indicates how well the model’s predictions
align with the actual observations beyond just the magnitude of the errors and
compares it directly with the observed average value. IIEE evaluates the raw spa-
tial accuracy of SIC forecasts while NIIEE which adjusts the IIEE by dividing it by
the total length of the ice edge in the observed data, makes the models comparable
on a consistent scale across different seasons with varying SIE.

After being trained, if using the same input for prediction, a model will always
output the same forecast as its weights are set and no random parameters are
part of its architecture. However, when training a new model, the weights are
initialised randomly, which means that two distinct models trained using the same
dataset and hyperparameters and predicting with the same input will output a
different forecast. Thus, the random initialisation of the weights influences their
convergence, and even if the models were trained long enough, the final weights
might be different from one run to another. However, after experimentation, this
variability is small enough to be negligible as soon as the number of training epochs
is sufficient and the learning rate and optimiser are appropriate. In this case, the
number of epochs and the learning rate are given for each model, and the optimiser
used is Adam. Therefore, for each model discussed here, only the best of several
runs is kept.

A small post-processing step is applied to the predictions of the models imple-
mented using PyTorch as they do not have a sense of the lower and upper bound
implied by a percentage value. Negative values are thus set to 0 while values above
100 are reduced to 100 as those values would not make sense otherwise.
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Once trained, each model is thus evaluated on the validation set and based on
the metrics discussed above in order to tune the associated hyperparameters which
are described in each corresponding model section. For each model architecture,
the main hyperparameters requiring tuning are the learning rate, the number of
training epochs and the input variables. The learning rate determines the step size
at each iteration while moving toward a minimum of a loss function. It controls
how much to change the model in response to the estimated error each time the
model weights are updated. If set too high, the model might exceed the optimal
point and not converge towards the best solution, but if too low, the convergence
might take a long time or get stuck in a suboptimal solution. The number of epochs
is a hyperparameter that defines the number of times the learning algorithm will
work through the entire training dataset. If too few epochs, the model might
underfit the data and not learn its underlying patterns well enough, but if too
many, it might overfit the data, learning the training set too well including its
noise and outliers and thus performing poorly on unseen data. Finally, for the
input variables, including irrelevant features can confuse the model and lead to
poor performances, but not including all the relevant features might lead the model
to miss some patterns from the data. The final performances of the selected models
are then compared to the test set which consists of data unseen by the models,
either during training or during hyperparameters tuning.
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Chapter 4

Baselines

To assess the performance of a model, it is necessary to compare it with simpler
models, the baselines. This is where the persistence and climatological forecasts
and the linear regression model come in useful. As these are simple ways of provid-
ing a prediction, they represent the baseline performance that any more compli-
cated model needs to achieve to be relevant. So that the performance of baselines
can be easily compared with that of more complex models, they are implemented
in PyTorch using trivial models.

4.1 Persistence and climatology forecast

The first and simplest way to provide a forecast is by predicting that the current
weather conditions will continue for a certain period. This is the idea behind the
persistence forecast, which is a basic method widely used as a baseline in climate
forecasting. As in our case, the models have information on data from a month ago
compared to the prediction, this is also the case for baselines. For example, the
persistence forecast can predict that the SIC in one month time will be identical
to what it is now. Or, since the SIC follows a seasonal cycle, it can forecast that
it will remain the same as it was a year ago.

A slightly more complicated, but still simple, approach is the climatology fore-
cast. This is a type of weather forecast based on average weather conditions for
a specific period of the year. An example would be to forecast that the SIC on a
given date will be the average of the SIC over the last 5 or 10 years on the same
date.
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4.2 Linear model

While persistence and climatology are using a single variable, a linear model
can use multiple ones. By associating a weight to each variable, this approach can
take several parameters into account and weight them to provide a more accurate
forecast. In fact, the baselines discussed above are special cases of a linear model
for which the weight of one variable is 1 and that of all the others are reduced to 0.
The advantage of the linear approach is that its weights are interpretable. Thus,
if the weight of a variable is 0, it is not useful in the context of a linear model,
whereas if one weight takes on a higher value compared to the others, it means
that the variable is relevant.

There are many possible approaches to implementing a linear model, we have
chosen to use PyTorch here because of the great versatility it allows when imple-
menting the model and the use it makes of the input data. In addition, it facilitates
data loading by using the same methods for all the models discussed in this study,
and also makes it easier to compare model performance during the development
phase using tools such as TensorBoard. Therefore, in addition to the input vari-
ables, two other hyperparameters are used to train the models. The learning rate
determines how much the weights of the model will change during training at each
iteration while moving toward a minimum of a loss function. Then, the number
of epochs refers to the total number of times the entire dataset is passed forward
and backward through the neural network during training.

Here, the structure of the model is such that each variable input is assigned a
weight, with the output of the model being the sum of the variable inputs multi-
plied by their respective weights. Thus, for three variables, the model is composed
of three weights which are updated during training by gradient descent with a
step determined by the learning rate in order to minimise the loss function. Other
approaches are conceivable regarding the architecture of the linear model, one
could consider one weight per pixel and per variable instead of one weight per
variable. However, after experimentation, this approach turned out to be ineffec-
tive, as the model failed to minimise the loss function due to the excessive number
of parameters and the lack of interaction between them, resulting in an unsta-
ble and divergent model that was overly influenced by the latest training samples
encountered.
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4.3 Results

First, the relative performances of persistence and climatological forecasts are
studied based on the metrics described in section 3.2 Methods. Let us say we want
to predict the SIC at date x, the information available to the model is all the data
from date x-30 days and before. The two most relevant persistence forecasts are
therefore those based on data from 30 days ago (Persist-30), as they are the closest
in time to the date to be predicted, and data from 365 days ago (Persist-365), as
the SIC follows a seasonal cycle and should be more or less identical from year
to year. For climatological forecasts, it only makes sense to take the average of
the SICs spaced 365 days apart, the remaining question is how many years are
taken into account. Here we are considering climatological forecasts that take the
average of the last 5 (Clim-5x365), 15 (Clim-15x365) and 30 (Clim-30x365) years.
Table 4.1 contains the mean of each metric over the whole validation set. As a
reminder, the lower the MAE, IIEE and NIIEE, the better, while for the NSE, the
higher and closer it is to 1, the better.

Persist-30 Persist-365 Clim-5x365 Clim-15x365 Clim-30x365
MAE 2.721 1.721 1.657 1.615 1.664
NSE 0.360 0.705 0.778 0.816 0.814
IIEE 5395.100 3505.441 4286.307 3953.296 3944.671
NIIEE 0.363 0.280 0.297 0.278 0.276

Table 4.1: Mean of each metric for each forecast over the validation set

The first thing that stands out is the poor performance of Persist-30 compared
with the other approaches. This makes sense since this forecast is always 30 days
behind the date to be forecast, whereas the others are much more relevant thanks to
SIC’s regular seasonal cycle. Then, the best numerical performances are achieved
by the Clim-15x365 which seems to greatly average the SIC seasonal cycle, but it
is the Persist-365 that has the best spatial performances, which by the way is a
special case of climatological forecast equivalent to a Clim-1x365. This shows that
forecasting SIC and SIE is not the same task and that a model can be good at
one but weak at the other. Those two forecasts are kept to be compared with the
linear models to select the best baselines.

Different set of input variables are given to the linear model to assess their
relative usefulness in a linear context, details and final weights rounded to two
figures are given in Table 4.2, if left blank, the variable was not considered by this
model. The linear models considered here are trained with a learning rate of 0.01
for 5 epochs. However, as shown by Table 4.2 and Table 4.3, this does not lead to
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a stable convergence of the weights. This can be explained by too great an impact
from the random initialisation of the weights and by too few parameters to de-
scribe a complex dataset. This indicates that using gradient descent to implement
a linear model for this particular task might not be the most stable and efficient
approach. However, this method is sufficient to obtain better results than with
persistence and climatological forecasts and gives an idea of the performance’s or-
der of magnitude that a linear model can achieve, which is sufficient in the scope
of the present study.

SIC
Clim

SIC Snow thickness MLD

Lead time 15x365 30 60 90 365 30 60 90 365 30 60 90 365
Lin A 0.96 0.04
Lin B 0.39 0.02 0.59
Lin C 0.57 0.04 0 0.40 0
Lin D 0.51 0.03 0 0 0.47 0 0 0 0 0 0 0 0

Table 4.2: Weights for each variable after training with linear models

Despite the poor convergence, global trends can be interpreted. As expected,
the most important variables are climatology and the 365-day SIC, while the 30-
day SIC has only a slight influence over all the other variables, which are not
considered at all. In the end, even though some models use more input variables
than others, the variables they consider are the same, which is reflected in the
metrics. Only the model that does not use the 365-day SIC has a lower spatial
performance than the others.

Persist-365 Clim-15x365 Lin A Lin B Lin C Lin D
MAE 1.721 1.615 1.606 1.610 1.583 1.606
NSE 0.705 0.816 0.823 0.792 0.813 0.807
IIEE 3505.441 3953.296 3934.615 3219.806 3480.722 3376.413
NIIEE 0.280 0.278 0.276 0.253 0.257 0.253

Table 4.3: Mean of each metric for each potential baseline over the validation set

To gather more information on the performance of the models, we represent
the error of each model as a function of each metric using boxplots in Figure 4.1.
This visualisation helps to compare models by highlighting their variability, central
tendency, and any outliers in their performance. By doing so, it becomes easier
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to discern which model performs consistently better across different metrics and
which ones may have issues with variability or outlier errors.

Figure 4.1: Median and variability of error of each metric for each potential baseline
over the validation set

Each boxplot represents the performances of a model according to a metric,
displaying the distribution of error values through its quartiles. The central box
spans from the first quartile (Q1) to the third quartile (Q3), capturing the in-
terquartile range (IQR) which contains the middle 50% of errors, with the line
inside the box indicating the median error. The whiskers extend to the smallest
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and largest values within 1.5 times the IQR from Q1 and Q3, respectively, depict-
ing the range of the bulk of error values. Outliers, which are errors beyond this
range, are plotted as individual points.

A single model is enough to form the baseline, this model should show good
numerical and spatial performances but also a low error variance. From Table 4.3
and Figure 4.1, we can see that, despite its good spatial performance, the persis-
tence forecast shows a high variance in its errors with some of them being below
those of the other models. For the climatological forecast, the opposite is true, it is
the spatial performances that are worse. However, despite a significant difference
in IIEE between these two models, their NIIEE is almost equal. This is explained
by the fact that the NIIEE is the total number of overestimated and underesti-
mated pixels divided by the number of pixels of the union between the prediction
and the observation. A possible interpretation is that, either the persistence tends
to make higher spatial errors when SIE is low, or the climatology tends to make
lower errors when SIE is high, or both. It shows the importance of using several
metrics to understand the strengths and weaknesses of each model, other tools for
further interpretation will be used later.

On the linear models side, Lin A is necessarily similar to climatology as the
impact of the 30-days SIC is slight. This leaves us with the three other models
whose are actually using the same parameters, the only difference being the weight
attributed to each of them. They still consider the SIC 30 days ago as less signif-
icant in this linear context but do not agree whether to give more impact to the
365-days SIC or to the climatology variable. The two opposite models are Lin B
and Lin C, the first giving more weight to 365-days SIC and the second to the
Clim variable. The fact that Lin B shows better spatial performances because it
gives more weight to the 365-days SIC means that the SIE and its shape tends to
be similar one year after another but inconsistent in the long run. Lin C however
has great numerical performances meaning that SIC tends to vary one year after
the other but is more consistent in the long run. As the error variance of the linear
models is consistent, we can not favour one of them based on that. Lin D finally
is a compromise between the two leading to intermediate results.

The baseline used for the rest of this document will therefore be the Lin D
model that is later referred to as Linear.

Those observations are allowed by the interpretability and low number of the
weights of linear models. Also, they only apply to a linear context. Indeed, the
fact that snow thickness and MLD are not considered by the linear models is not
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surprising, but this is not necessarily the case when using non-linear models, such
as the U-Nets discussed in the next chapter, which use ReLU activation functions.
The down-side of those models being that their weights are not interpretable due
to the introduction of non-linearities but more importantly to the large number of
weights that constitute them.
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Chapter 5

U-Net models

Before delving into the heart of the matter, a brief history of the model is
required. The model architecture on which this study focuses is that proposed
in 2015 by Ronneberger et al. [21] and which was originally intended for medical
image segmentation, the U-Net. In 2021, Andersson et al. have applied the same
neural-network architecture to SIC forecasting in the Arctic and reported encour-
aging results. Since then, other studies have followed and investigated different
aspects of this type of model, still in the Arctic [19][20]. In 2023, Wang et al. [26]
used a U-Net architecture including ResNet blocks to forecast SIC in Antarctica.
This makes this study the closest to the present work since the predicted variable
is the same while the metrics and the neural network architecture used are simi-
lar. However, it should be borne in mind that they train their model on satellite
observations whereas we use the output of the NEMO-SI3 dynamic model. The
other major difference is that Wang et al. predict from one to eight weeks lead
time, whereas we have chosen to focus on one month lead time. A comparison of
their model’s results at four weeks lead time is therefore possible with the results
of the present work and is discussed in section 6.4.

In this study, the required size of the network is compared using two versions
of the U-Net, the first being a reproduction of the IceNet used by Andersson et
al. whose architecture is shown in Figure 2.2 and the second is a reduced version
with fewer blocks and convolutional layers within each block. We call the first
U-NetLarge and the second U-NetSmall, the larger version having more weights
and takes longer to train.

After discussing the implementation of the two U-Nets, the hyperparameter
tuning procedure is described. Among other things, this makes it possible to
consider the impact of the chosen input variables as the non-linearities induced by
ReLU activation functions allow using other input variables than only SIC which

32



was not possible in a linear context. Each network is then evaluated numerically
and spatially, as in the case of baselines, but also from a regional and seasonal
point of view. Finally, we are briefly looking at the model’s ability to predict on
particular years which have been impacted by major climatic phenomena such as
ENSO events.

5.1 Implementations

To compare the relevance of the model’s size and parameters, two implemen-
tations of the U-Net architecture are used. Figure 5.1 contains a representation of
U-NetLarge which has the same architecture as the IceNet model [1] in Figure 2.2,
the only difference being that instead of using a softmax to form the output, we
chose to use the output from the last convolutional layer because the problem
framing is different here. Indeed, whereas Andersson et al. transform the problem
into a binary classification using a softmax layer that assigns each output pixel
a class, we chose to maintain the problem in the form of a regression in order to
be able to evaluate the numerical performances of the model in addition to the
spatial performances. It should be noted that n corresponds to the number of
input layers given to the model, one input layer being a 432x432 representation of
a single variable for a single day. The output is made up of just one layer since the
model is predicting for a single precise date. The same applies to the U-NetSmall
model which is represented in Figure 5.2.

Figure 5.1: U-NetLarge, reproduction of the IceNet architecture [1]
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Figure 5.2: U-NetSmall, reduced version of the U-NetLarge architecture

As proposed by Andersson et al. [1], the U-NetLarge architecture consists of 5
encoder blocks and 4 decoder blocks, each containing between 128 and 1024 layers
of feature maps. Meanwhile, U-NetSmall is made of 4 encoding blocks and 3 de-
coding blocks with between 64 and 512 layers of feature maps. The U-NetSmall’s
hyperparameters (number of encoding-decoding blocks and layers) have been cho-
sen arbitrarily, the goal being to implement a U-Net significantly smaller than the
U-NetLarge to compare the impact of the model size on the performances. Ta-
ble 5.1 contains the number of parameters and the memory size required during
training for a single input (batch size is equal to 1) of size 432x432 pixels according
to the architecture and the number of input layers of the model.

n input
layers

Number of
parameters

Input
size (MB)

Forward/Backward
pass size (MB)

Parameters
size (MB)

Training
size (MB)

Large
1 49,236,865 0.75 2790.40 196.95 2988.10
13 49,250,689 9.70 2790.40 197.00 2997.11

Small
1 7,698,881 0.75 1112.28 30.80 1143.82
13 7,705,793 9.70 1112.28 30.82 1152.81

Table 5.1: Number of parameters and training size for each architecture for a single
input (batch size is equal to 1)
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Here is a description of each column in Table 5.1. The n input layers corre-
spond to the number of input variables and can range from 1 to 13. The number of
parameters is the number of trainable weights and biases that are updated during
the training of the model. The input size corresponds to the memory required to
store the input data only. It depends on the number of input layers, but has very
little influence on the overall size of the model. Most of the model size is due to
the forward backward pass (FBP) size which corresponds to the memory required
only during training to update the weights and biases. Then, the parameters size
represents the memory space used to store the parameters and is thus directly pro-
portional to their number. Finally, the training size corresponds to the memory
required to train the model and is the sum of the input size, FBP size and param-
eters size. Once the model is trained, when only predicting, the space occupied by
the model is only the size of the input plus the size of the parameters. Note that the
numbers given in the table are for a batch size of 1. In practice, during training, the
batch size used is larger and worth 16 or 32 depending on the resources available.
The batch size has a direct impact on the input size and the FBP size, but not on
the number of parameters and therefore the parameters size. In fact, a batch size
of 16 multiplies the size of the input and the FBP by 16, resulting in a training size
of around 22GB for the U-NetSmall model and of 45GB in the case of U-NetLarge.

The first observation in Table 5.1 is that the number of layers has little effect
on the number of parameters. This is because it only influences the number of
parameters in the first convolutional layer, but not the others. It is useful because
it means that considering a large number of input variables does not cost signifi-
cantly more resources. However, this does not necessarily mean that performances
will improve with the number of input variables.

Secondly, the number of parameters and the training size are not proportional
because of the FBP size. For a batch size of 1, the U-NetSmall, which has around
7.7 million parameters, has an FBP size of 1.1 GB, whereas the U-NetLarge, with
its 49 million parameters, only has an FBP size of 3 GB. This means that U-
NetLarge, which has more than 6 times as many parameters as U-NetSmall, only
takes up 3 times as much space during training. These ratios remain the same
regardless of the batch size, since only the number of parameters and therefore
their size are not multiplied by the batch size and are negligible in relation to
the final training size. This is one of the advantages of this type of architecture,
which scales well with its number of parameters. It remains to be seen whether
this greater number of parameters results in better performances.
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5.2 U-NetSmall and hyperparameters tuning

Once the architectures have been implemented, the next step is to find the
appropriate hyperparameters to optimise the performances. We begin with U-
NetSmall due to its smaller size which implies a faster training time until conver-
gence. Given that both neural networks share a U-Net architecture, some of the
results of hyperparameters tuning of U-NetSmall will already provide a fair idea of
the optimal hyperparameters for U-NetLarge. The first parameter to be set is the
learning rate as it is a fundamental hyperparameter that directly influences how
quickly and accurately the model learns from the data. It controls the step size at
each iteration while moving toward a minimum of the loss function and if poorly
chosen it can cause the model to converge too slowly, converge to a suboptimal
solution, or even diverge. All the other hyperparameters are kept constant, models
are all trained for 5 epochs and are considering the 30-days and 365-days SIC as
well as the 15-year climatology, results are shown in Table 5.2.

Linear U-NetSmall (N epochs = 5)
Learning rate 0.1 0.01 0.001 0.0001
MAE 1.606 7.978 1.210 1.150 1.728
NSE 0.807 -0.104 0.844 0.849 0.771
IIEE 3376.413 17320.422 2144.506 2159.638 2524.508
NIIEE 0.253 1.000 0.192 0.186 0.208

Table 5.2: Mean of each metric for the U-NetSmall model with different learning
rates

As expected, the learning of 0.1 being too large leads to terrible results due to a
complete divergence of the model, which fails to learn during training and returns
only matrices full of zero values. Conversely, a learning rate of 0.0001 is too small
and leads to slow convergence, which shows worse numerical results than the linear
baseline. On the other hand, learning rates of 0.01 and 0.001 give similar results
that are already better than the linear baseline. This similarity can be explained
by the use of the Adam optimizer, which adjusts the learning rate during training
to reduce the impact of its initial choice, leading to greater stability. Between
these two learning rates, it is better to choose the smaller one, which could lead to
a smoother learning process, with more stable convergence, and could also help to
avoid overshooting the optimal solution. This does not mean that the best learning
rate will be the same for U-NetLarge, but it is likely to be similar.

The second hyperparameter to adjust is the number of epochs. If it is too small,
the model will underfit and thus not have time to learn the patterns in the input
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data, but if it is too large, it risks learning them too well and therefore overfitting.
The process is the same as above, this time the number of epochs changes but the
learning rate and input data remain the same, results are shown in Table 5.3.

Linear U-NetSmall (Learning rate = 0.001)
N epochs 1 3 5 7 10
MAE 1.606 1.632 1.268 1.150 1.291 1.384
NSE 0.807 0.750 0.839 0.849 0.790 0.832
IIEE 3376.413 2786.562 2167.628 2159.638 2400.468 2269.022
NIIEE 0.253 0.223 0.191 0.186 0.200 0.192

Table 5.3: Mean of each metric for the U-NetSmall model with different number
of epochs

The best performances are obtained with 5 epochs, with less the model un-
derfits and with more it overfits the input data. Once again, the optimal number
of epochs for U-NetLarge should be slightly greater given the greater number of
parameters, but not significantly greater. The final hyperparameter to tune is the
input variables given to the model. Unlike the learning rate and the number of
epochs, the best set of input variables for U-NetSmall should be identical to that
for U-NetLarge. Due to the high number of combinations possible from our yet
restricted dataset, only the most meaningful ones are tried here, they are indicated
in Table 5.4 and the corresponding results are shown in Table 5.5 and Figure 5.3.
Unlike linear models, the weights are not interpretable, so a cross is indicated if
the variable is used by the model.

SIC
Clim

SIC Snow thickness MLD

Lead time 15x365 30 60 90 365 30 60 90 365 30 60 90 365
UNetS A X
UNetS B X X X
UNetS C X X X X X
UNetS D X X X X X X X X X
UNetS E X X X X X X X X X
UNetS F X X X X X X X X X X X X X
UNetS G X X X X X X X

Table 5.4: Input variables selected for each U-NetSmall model
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UNetS A UNetS B UNetS C UNetS D UNetS E UNetS F UNetS G
MAE 1.785 1.150 1.179 1.209 1.001 1.038 1.060
NSE 0.782 0.849 0.856 0.868 0.878 0.880 0.881
IIEE 2786.197 2159.638 2119.615 2092.924 1841.370 1875.007 1899.472
NIIEE 0.259 0.186 0.185 0.174 0.163 0.166 0.166

Table 5.5: Mean of each metric for the U-NetSmall model with different input
variables

Figure 5.3: Median and variability of error of each metric over the validation set
for U-NetSmall for each different set of input variables
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The results have a clear tendency to improve the more input variables are
used, but not all of them are responsible for the same improvement. Foremost, as
seen with UNetS A, using only the 30-days SIC, i.e. the most recent information
available to the model, does not produce better results than the linear baseline
and has the worst error variance among all the models. By considering more past
SIC data, performance improves rapidly, both numerically and spatially, as in-
dicated by the UNetS B and UNetS C results. In addition, the error variance is
significantly reduced compared with the UNetS A. model. All this shows the value
of using several time ranges for the same type of variable input, in this case the SIC.

When comparing the benefits of adding the snow thickness and MLD vari-
ables to the set of input variables considered by the model, several things stand
out. The difference between the UNetS D and the versions previously discussed is
small, with only a slight improvement in spatial performance and the NSE while no
improvement on the MAE. This indicates that the model is better at predicting the
position of the sea ice as well as the variance intrinsic to SIC variations, but does
not improve in terms of numerical accuracy. However, the variance in the model’s
error is also slightly reduced, which means that by adding more information to
the data available to the model, it is better able to predict the SIC accurately and
consistently.

The actual improvement occurs when the MLD is considered by the model,
as shown by the performance of UNetS E, UNetS F and UNetS G, which have
the best performance in all aspects and the lowest error variance. This suggests
the relevance of taking the MLD into account when forecasting the SIC, whereas
for the snow thickness, no improvement in performance has been observed. This
is confirmed when these two variables are taken into account by the model, as is
the case for UNetS F, where performance is similar to that of the UNetS E model
using only the MLD. Finally, UNetS G, which considers only the 30-days snow
thickness and MLD, shows slightly poorer results than UNetS E and F, which
indicates the pertinence of considering these variables on different time scales in
order to extract the inherent trends. In addition, since adding more variable inputs
has a negligible impact on the number of parameters and therefore the training
time of the model, it does not make the model more complicated to run.

This gives the optimal UNetSmall model which is trained with a learning rate
of 0.001 for 5 epochs on the SIC and MLD variables at 30, 60, 90 and 365 days as
well as the SIC climatology over 15 years at the same date. This model is referred
to below as UNetS.
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5.3 U-NetLarge and hyperparameters tuning

The information previously gathered during the tuning of the hyperparameters
of the UNetSmall network can be used to facilitate the tuning of the UNetLarge
network, whose training time is longer given its greater number of parameters.
This already gives an order of magnitude to expect for the learning rate and the
number of epochs, but above all it indicates the optimal input variables to use with
this architecture for this particular problem. Therefore, only the learning rate and
the number of epochs remain to be tuned in the context of UNetLarge, and the
variables used are the same as those of the UNetS E model in the previous section.

Since the UNetLarge is larger and more complex than the UNetSmall, its op-
timal learning rate is expected to be equal or smaller than 0.001. So, given that
the learning rate of 0.1 used with UNetSmall led to the trivial output of 0% SIC
everywhere, the smallest learning rate considered here is 0.01. Results are shown
in Table 5.6, models are trained over 5 epochs.

Linear UNetS U-NetLarge (N epochs = 5)
Learning rate 0.01 0.001 0.0001 0.00001
MAE 1.606 1.001 7.978 1.069 1.079 1.146
NSE 0.807 0.878 -0.104 0.877 0.864 0.868
IIEE 3376.413 1841.370 17320.422 1845.040 2021.361 2134.007
NIIEE 0.253 0.163 1.000 0.165 0.173 0.183

Table 5.6: Mean of each metric for the U-NetLarge model with different learning
rates

Here, given the greater complexity of UNetLarge, a learning rate of 0.01 re-
sults in a model that diverges completely from the solution by returning only SIC
percentages with a value of zero. When trained over 5 epochs, the model performs
best with a learning rate of 0.001, as is the case for UNetS, but it fails to perform
better than the latter, both numerically and spatially. With smaller learning rates,
performance decreases. However, it is relevant to compare the impact of a learning
rate of 0.0001 as it might be able to achieve better convergence on a larger number
of epochs. Table 5.7 contains the performances of the model when trained with a
learning rate of 0.001 on different number of epochs, the same applies to Table 5.8
but with a learning rate of 0.0001.
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UNetS U-NetLarge (Learning rate = 0.001)
N epochs 3 5 6 7 10
MAE 1.001 1.169 1.069 1.009 1.014 1.105
NSE 0.878 0.873 0.877 0.885 0.879 0.864
IIEE 1841.370 1964.429 1845.040 1879.798 1861.161 1984.779
NIIEE 0.163 0.177 0.165 0.163 0.166 0.176

Table 5.7: Mean of each metric for the U-NetLarge model with a learning rate of
0.001 and with different number of epochs

UNetS U-NetLarge (Learning rate = 0.0001)
N epochs 5 7 10 13 15
MAE 1.001 1.079 1.042 1.027 1.050 1.086
NSE 0.878 0.864 0.879 0.870 0.870 0.872
IIEE 1841.370 2021.361 1977.262 1953.705 1956.098 1985.871
NIIEE 0.163 0.173 0.169 0.169 0.170 0.169

Table 5.8: Mean of each metric for the U-NetLarge model with a learning rate of
0.0001 and with different number of epochs

The results show different trends between the two learning rates considered de-
pending on the number of epochs used. For 0.001, the optimal number of epochs
ranges from 5 to 7, the best results being attained after 6 epochs, if smaller the
model does not completely converge and if larger it overfits the input data. With
the smaller learning rate of 0.0001, the model converges later, at around 10 epochs.
Indeed, we can see an improvement in the results as the number of epochs increases,
but this trend is reversed once this threshold has been passed. However, and this
is particularly true when the learning rate is equal to 0.0001, the difference in
performance for each metric is small and the model delivers relatively constant
performance as a function of the number of epochs, which indicates that for this
configuration, the final weights are less influenced by the number of epochs because
of the optimizer used.

Despite this tuning of the learning rate and the number of training epochs on
the UNetLarge, the model delivers performances similar to the UNetSmall without
being able to do better. However, it is still relevant to compare the performance
of the two architectures in greater depth, given that they may show differences in
terms of seasonal or regional performances. Therefore, the version of UNetLarge
providing the best results is the one trained with a learning rate of 0.001 over 6
epochs, and it is this version that is used in the following section and referred to
as UNetL.
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Chapter 6

Results

Given that the models have been defined, trained on the training set and tuned
on the validation set, it is now possible to evaluate their performances on the test
set, which contains data unseen by the models. This allows to assess the real per-
formances of a model to generalize to future data, as if the model were actually
being applied. We are interested here in different aspects of these performances,
primarily numerical and spatial, as in the case of hyperparameter tuning, then
seasonal and regional, in order to understand them better and draw further obser-
vations from them. Four models are compared in this chapter, they are detailed
in Table 6.1 as well as the hyperparameters they use.

Learning
rate

N epochs
SIC
Clim

SIC MLD

15x365 30 60 90 365 30 60 90 365
Climatology X
Linear 0.01 5 X X X
UNetS 0.001 5 X X X X X X X X X
UNetL 0.001 6 X X X X X X X X X

Table 6.1: List of the models compared in this chapter with their hyperparameters

To better understand the differences in performance between these different
models, their outputs are shown in Figure 6.1 for the year 2023, which is part of
the test set. The predictions are made on the first day of the months of January,
March, May, July, September and November to show, over the course of the year,
the evolution of the SIE as well as the differences between the forecasts of the
models.
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Figure 6.1: Comparison of the models outputs for the year 2023 (test set)
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At first sight, the difference in forecasts between the baseline models (clima-
tology and linear) and the U-Net models is already remarkable. On the one hand,
the baselines keep the details observed on actual data, whereas the U-Net models
give much smoothed forecasts. This is particularly noticeable for the month of
January, which comes at the end of the ice melt period and for which the SIE is
low but contains many local differences in SIC. This is less the case for the month
of March, for which the SIE is very low, and also for the following months during
which the ice is reforming more uniformly.

When SIE is large, as we can see it in July, September and November, the U-
Nets are more faithful to the real data while being more precise than the baselines,
with SIC values that are more pronounced in marginal zones, between the open
ocean and the pack ice. The baselines, on the other hand, show more uncertain
sea-ice boundaries and are not as accurate on the details in those marginal zones.

This suggests that the performance of the models is not constant throughout
the year but that, it is easier for these models to predict the SIE when it is high in
winter, than when it is low, in summer. This highlights the importance of compar-
ing these models on a seasonal basis, given that the underlying mechanisms and
patterns differ depending on the time of the year.

From a regional point of view, remarkable differences can be observed when
the SIE is low, in January and March, with ice mainly present in the Weddel
sector and a slight presence in the Ross sector, while the Amundsen-Bellingshausen,
Indian and West Pacific regions are free of ice. These regional differences are still
noticeable when the ice is forming, as is the case in May, but this diminishes as
the SIE increases. As in the case of the seasons, this suggests that differences can
be observed in the performances of the forecasts depending on the region that is
being studied.

6.1 Numerical and spatial performances

In this section we begin by comparing the performance differences between the
models on the training set and test set, Table 6.2 contains the results. This allows
us to assess the model’s ability to generalize to new data. If the model performs
well on the validation set and on the test set, it is a good indication that the data
in each set follow similar patterns which make the model able to perform well on
new data. On the contrary, if a model performs well on the validation set but not
on the test set this indicates that the splits have been poorly chosen and follow
different patterns. In the present case, this would be possible if the test years were
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significantly different from the years used for training, due to exceptional climato-
logical phenomena that would not be represented in the training set.

Climatology Linear UNetS UNetL

Validation set

MAE 1.615 1.606 1.001 1.009
NSE 0.816 0.807 0.878 0.885
IIEE 3953.296 3376.413 1841.370 1879.798
NIIEE 0.278 0.253 0.163 0.163

Test set

MAE 1.694 1.621 1.061 1.052
NSE 0.736 0.743 0.857 0.843
IIEE 4082.062 3495.989 1885.585 1965.015
NIIEE 0.303 0.282 0.185 0.186

Table 6.2: Mean of each metric for the different models over the validation set and
over the test set

The results are of a similar order of magnitude between the validation set and
the test set, indicating that the data from these two sets follow similar patterns
and that the model generalizes well to new data. However, it appears that per-
formance is systematically lower in the test set than in the validation set. As
mentioned in the introduction of this section, this may be due to several things,
the first being that the models were trained to perform on the training set, then
the hyperparameters were tuned to perform on the validation set. So, if the test
data does not follow exactly the same patterns as the training and validation data,
this can be reflected in the results.

The other option is that it may be due to the first signs of global warming in
the Antarctic, but the limited data available on the effects of this change makes
it difficult to assess this. Indeed, as the effects of global warming in the Antarc-
tic are only visible since around 2015 [16], the years it impacted represent a very
small part of the training set, while all the years in the validation and test set are
affected by it.

Then, the differences between the forecasts of the baselines and the U-Net
models observed in Figure 6.1 can also be seen in the numerical results, with cli-
matology and the linear model performing similarly to each other on the one hand,
and the two U-Nets also showing comparable performances between themselves on
the other. This difference is equally marked when looking at the error variance of
each model for each metric, as shown in Figure 6.2.
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Figure 6.2: Median and variability of error of each metric for each model over the
test set

6.2 Seasonal and regional performances

Performance analysis can now be taken a step further by looking at other
aspects of SIC forecasting. The first step is to consider the differences in results
depending on the season. Given that SIC follows a seasonal cycle of melting and
freezing, the performance of predictions differs depending on the moment of the
year. Figure 6.3 provides a visualisation of the results averaged by season. This
allows a seasonal breakdown of the information previously shown in Figure 6.2,
which only gives a global overview.
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Figure 6.3: Median and variability of error of each metric for each model and for
each season over the test set
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By taking an interest in performance on a seasonal basis, we can make certain
observations that were previously not possible using the average over an entire
split. Overall, the difference between the performances of U-Nets and baselines is
also noticeable here, the former outperforming the latter in all aspects, but not to
the same extent for all configurations of metrics and seasons. Once again, of the
two U-Nets, it is the small that performs slightly better than the large for almost
all the metrics and seasons, by offering the best mean error but also with a lower
error variability in most cases.

Regarding the metrics, we have already divided those indicating numerical per-
formance with the MAE and NSE and those indicating spatial performance with
the IIEE and NIIEE, but we also need to distinguish between those that are nor-
malised and those that are not, i.e. those who do take the SIE into account and
those that do not. Indeed, the MAE and IIEE are raw metrics whose calculation is
not influenced by a smaller or larger actual SIE, whereas the NSE and NIIEE take
these seasonal variations into account. In the case of the NSE, it compares the
mean squared error of the model’s predictions to the variance of the observed data
relative to the performance of a simple baseline model that always predicts the
mean of the observed observations whereas for the NIIEE, it is the IIEE divided
by the extent of the union between observation and forecasting. This normali-
sation of the metrics can be seen in the results, since the MAE and IIEE follow
similar patterns over the seasons, as do the NSE and NIIEE.

Therefore, on the performance of models overall, we note that without normal-
isation, the model’s mean errors are smallest in summer and autumn, when the
SIE is low, and increase in winter and spring, when SIE is large. However, when
the normalised metrics are considered, the situation is reversed and the models
perform best in winter and spring, when the SIE is high and the errors have less
weight compared with larger areas of ice. In fact, when there is little ice, the
models necessarily make small errors, but these errors are considerable in relation
to the small amount of ice actually present. Conversely, when the SIE is large, the
models make larger errors, but these are small in relation to the total SIE.

Then, the models show greater variability in errors during summer and au-
tumn, once again when the SIE is small. On the other hand, in winter and spring,
the error variability does not increase alongside with SIE. We notice that for the
non normalised metrics, the variability remains of the same order of magnitude in
autumn, winter and spring, but once considering normalized metrics, this variabil-
ity is minimal for winter and spring while increasing in autumn.
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All this indicates that when the SIE is low (summer and autumn) the errors
are on average smaller than when the SIE is high (winter and spring) but these
smaller errors are proportionally greater compared to the SIE.

Figure 6.4: Mean SIC percentage residuals (truth - prediction) of each model for
each season over the test set
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For a better understanding of the geographical distribution of these errors, Fig-
ure 6.4 shows the mean of the residuals for each model and for each season. Here
again, a number of trends emerge.

For baselines primarily, throughout the year, predictions give SIC values that
are larger than they actually are, as indicated by the negative values present
throughout the seasons. As baselines are based solely on previous data, this might
be due to the recent impact of global warming and accelerated ice melt in Antarc-
tica. Spatially, the trends are different when the SIE is low and when it is high. In
summer and autumn, because the SIE is low, the errors are just as prevalent in the
marginal zones as in the central zones, although there are regional differences. In
winter and spring, on the other hand, errors occur mainly in marginal areas, with
central areas consistently having a high SIC, which is straightforward to predict.
Regionally, then, the differences are only noticeable for low SIE, with the Weddel
and Ross sectors showing the greatest error, notably because during these periods
the ice is mainly present in these regions.

For U-Nets, the errors are again smaller than for baselines. Here, unlike base-
lines, the models tend to provide SIC values that are smaller than they really are,
with mainly positive residuals. The differences in residual patterns for low and
high SIE observed for the baselines can also be seen here, with the errors being
mainly central in summer and autumn and marginal in winter and spring. From
a regional point of view, the differences in errors are once again more pronounced
in the Weddel and Ross sectors for low SIE, since that is where the ice is located
during these periods.

6.3 Inter-annual performances

We have seen that the performance of the models varies according to the sea-
son, which means that the U-Net models, although offering better performance
than the baselines, do not predict the SIC and SIE with consistent accuracy over
the year. If this consistency in intra-annual performance is difficult to achieve,
it remains to be seen whether these models have better inter-annual consistency.
Figure 6.5 shows the mean error for each year for each metric and for each model.

We observe that for all the metrics, the errors in the baselines vary greatly from
one year to the other. This is potentially due to climatological events having an
impact on Antarctic sea ice. On the other hand, the U-Nets models, in addition
to providing better performance than the baselines, show much more consistent
performance over time.
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Figure 6.5: Yearly mean for each metric for each model over the whole dataset

However, normalised metrics show greater variance than their non-normalised
counterparts, and this is particularly the case for the NIIEE, which, unlike the
other metrics, follows a pattern similar to that of the baselines. This can be ex-
plained by the fact that the NIIEE takes direct account of the truth SIE and
therefore marks spatial errors relative to it. These variations in the NIIEE there-
fore indicate changes in the SIE that were not predicted by the models.

One potential cause of these variations are ENSO (El Niño-Southern Oscilla-
tion) events, a significant climate phenomena originating in the tropical Pacific
Ocean, involving periodic variations in sea surface temperatures and atmospheric
pressures. These events have two main phases: El Niño and La Niña. El Niño is
characterized by the warming of sea surface temperatures in the central and east-
ern Pacific Ocean, leading to widespread climatic effects such as altered weather
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patterns, increased rainfall in some regions, and droughts in others. La Niña, on
the other hand, involves the cooling of sea surface temperatures in the same re-
gions, typically resulting in opposite weather anomalies [24].

The peaks in NIIEE observed in 1972 and 1973 are probably due to the ENSO
event that occurred at the same time. The same applies to 1976, 1977, 1992, 1993
and 2006. However, not all ENSO events, whether El Niño or La Niña, are nec-
essarily reflected in the NIIEE, with 1987 and 1988 experiencing a major El Niño
event, while the NIIEE seemed stable at the same time. Conversely, not all spikes
can be explained by an ENSO event, as in the case of 1980, a year that was not
marked by any ENSO event, or the particularly low peak observed in 2014, which
occurred after an El Niño event [18].

To carry the inter-annual analysis further, Figure 6.6 shows the average NIIEE
for the UNetS model as a function of each month over the entire dataset, from
January 1961 to November 2023. This provides a better idea of the impact of
each month on the error, and therefore of which months are responsible for most
of the annual errors. As previously observed in Figure 6.3, winter and spring
have consistently low NIIEE, and it is mainly the months of December, January,
February and March, during which the SIE is low, that are responsible for most of
the NIIEE, but it is also during these months that the peaks observed in Figure 6.5
can be seen, whereas the months during which the SIE is high have a constant
NIIEE over the years, whether they are marked by an annual peak or not.

6.4 Comparison with SIPNet

Some of the previously discussed results can be compared with those gath-
ered by Wang et al. (2023) [26] with their SIPNet model, which is described in
section 2.4. As a reminder, they only use MAE, IIEE and ACC to compute the
performances of their model meaning that only the first two can be used for com-
parison. Foremost, from a seasonal point of view, both studies show the best MAE
and IIEE forecasting skill in autumn and the worst in spring. To be more precise,
our results show a better median performance in summer but accompanied by the
greatest variability, while in autumn the median error is higher, but the variability
is at its lowest. Regionally, we also find that the greatest error comes from the
marginal ice zones, but the SIPNet shows the smallest error in the Weddel sector,
while we have concluded that our models show the greatest error in this same zone.
Finally, they also noted that their network is able to capture the variability caused
by ENSO phenomena.
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Figure 6.6: Mean NIIEE of the UNetS model for each month and for each year
over the whole dataset
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Chapter 7

Conclusions and perspectives for
future works

The aim of this thesis is to evaluate the ability of the U-Net architecture to
reproduce the outputs of the dynamical model NEMO-SI3 for predicting sea ice
concentration in Antarctica and to compare its performances with the climatolog-
ical forecast and a linear model. Antarctica was chosen over the Arctic for two
main reasons, the first being that many studies are already focusing on the North
Pole for economic, diplomatic and proximity reasons. The second reason is that
the Antarctic, which seemed to be unaffected by climate change, has been showing
signs of accelerating ice melt since around 2015, and this was particularly the case
in 2023, which saw the lowest peak in SIE ever recorded.

After a literature review introducing the concept, metrics and architecture used
in this study, we describe the dataset used as well as the framing of the problem
and the methods applied to obtain the model predictions. We then describe the
U-Nets architectures used with a version similar to that used by Andersson et al.
in Arctic [1] but adapted to the problem framing which is considered as UNetLarge
and a reduced version with fewer encoder-decoder blocks, layers and parameters
referred to as UNetSmall. After fine-tuning the hyperparameters of these models,
they show better performances than the baselines, both numerically, with more
accurate SIC values, and spatially, with predicted SIE closer to the truth values.
The U-Nets models also produced better results, both intra-annually, with better
resistance to seasonal variations, and inter-annually, with more consistent perfor-
mance than the baselines over the years. From a regional point of view, for low
SIE, i.e. in summer and autumn, it is the Weddel and Ross regions that show the
most error, mainly because ice is predominantly present in these regions and not
the others during these seasons. For large SIE values, the error appears mainly
in the marginal zones, for all regions. Of the two U-Nets considered, the UNet-
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Large model shows no improvement over the UNetSmall version, the latter even
performing slightly better in many configurations.

The objectives described in the introduction have therefore been achieved.
Nonetheless, certain aspects can be investigated in greater depth and could be the
subject of potential future works. Some are discussed here, and the applications
of deep learning to the prediction of sea ice are even broader, offering extensive
opportunities for further exploration. When discussing the results, as the study
focused mainly on temporal performances, it is possible to examine further the
regional performances of the U-Net model by comparing numerically each sector’s
performances. Then, instead of predicting for a specific period of time, a month
(30 days) in this instance, it is possible to forecast the SIC over several periods
of time, either in terms of weeks, as Wang et al. [26], or over several months, as
Andersson et al. [1]. Also, in this study, we were interested in the impact of using
two additional input variables, snow thickness and MLD, but many others are con-
ceivable and also produced by the NEMO-SI3 model. Thus, a more comprehensive
study of the importance of these input variables is relevant and has great potential
for improving model performances, as it was the case with the integration of MLD
in the training set.

As explained in chapter 2, other model architectures exist and show promising
results. It is therefore relevant to compare extensively the performances of these
different architectures within the same study, based on the same dataset, with an
identical problem framing and using the same metrics. Furthermore, a number of
ready-to-use time series forecasting models have recently been published by leading
companies in the field, such as Google’s TSMixer [2] or Nixtla’s TimeGPT [10],
which may also be relevant for comparison.

Lastly, in the fields of time series forecasting and climatology, model uncer-
tainty is a major point that is particularly lacking in statistical models, as op-
posed to dynamical models. Indeed, dynamical models can provide a probability
of forecast and evaluate their uncertainty by considering slightly different initial
conditions through ensemble forecasting, which produces a range of possible out-
comes and estimates the probability of different scenarios. In contrast, statistical
models typically generate a single forecast based on historical data and patterns,
lacking the ability to account for small variations in initial conditions and failing to
provide a measure of forecast uncertainty. This limitation reduces their utility in
scenarios where understanding the range of possible outcomes is crucial, however,
studies [6][9] have shown that it is possible for statistical models to incorporate
measures of uncertainty.
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Appendix

Figure 1: Mean IIEE of the UNetS model for each month and for each year over
the whole dataset
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