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EXECUTIVE SUMMARY

detection,

on the descrlptlon of the ML alqorlthmfsed anddeveloped in CLII\ﬂSr the detection prediction,

and attribution of [Es. It does not seek to describe the results in specific applicationsathet the

details of how and why each algorithm was developed or usSdtk specific, detailed results
obtained by applying these algorithms to the CLINT case studies can be found in the respective
deliverables of the other WHsnainly WP3)and have (and will continue to in the last year of the
project) serve as the methodological foundation of CLINSThis Deliverable aims to describe the
software used to construct the models ardigorithms, it also discussed in _detaihe required
software libraries for setting it up. It also explains where the code can be found. As the Deliverable
describesML techniques, italso seeks to identify the parts of the code that consume the most
computational time. For that purpose, some benchmaaksshown.

for EE

is
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1 INTRODUCTION

The CLINT project aims to address important problems in climate scieamtely thedetection,
attribution and causation of climatic Extreme Events (EE), enhancing traditional methods with ML
algorithms. In particular, the objectives of WP2 are to develop:

Advanced feature extraction algorithms for EE detection and prediction;
Advanced ML computation algorithms for EE attribution;
Advanced datalriven causal inference algorithms for EE causation analysis;

Detection is the identification of a statistically significant change in the extreme values of a climate
GFNRAFO6ES 20SNJ 42YS LISNA2R 27T GinywSx»a SSHIONRIARYY
requires an accurate knowledge of the propert@sf (G KS ay2AaSé Ay GKS &
climate variability would be estimated from instrumental observations, but several problems make

this difficult. The instrumental record is short relative to thmiltidecadaltime-scales that are of

interest for detecting and attributing climate change, particularly for variables in the free
atmosphere. The longest records available are those for surface air temperature and sea surface

temperature.

Attribution is usually defined as the process of evaluating the relative contributions of multiple
causal factors to a change or event, with an assignment of statistical confidence (Hegerl et al. 2007).
When applied to specific individual Extreme EvenissjEthis is referred to as EE attribution (EEA,;

see also CLINT Deliverable 5.1). EEA represents a key aspect for understanding climate change risks
since they are often associated with EEs (Hulme 2014). As EEs can occur on a wide range of
spatiotemporal sales, EEA can be applied to very different types of EEs, including weather or
climaterelated ones.

In turn, causation is the process focusing on identifying and addressing the causes and effects of an
event. Specifically, a part of causation analysis is causal inference, defined as the process of
identifying and understanding causéfect relationshipsetween variables. Causal inference helps
predict the outcome of changes in variables, which can be especially useful in the analysis of EE
(Runge et al., 2023).

1.1 The role of the Machine Learning in Climate Science

Machine Learning (ML) is a subfield of Artificial Intelligence (Al) that leverages the information
contained in data to inductively address different tagiid. algorithms consider a set of data, the
training set, to learn patterns that can be exploited to add information or make predictions given
new unseen data. Therefore, a ML algorithm learns from the data, which means that it optimises a
set of parameters sthat it improves its performance with respect to a predefined performance
measure. ML techniquesre more and more frequently applied on a variety of fields in Science and
Engineering, where they exploit the large amount of data available to inductively extract complex
patterns among data that are subsequently employed to generalise to new unsean dat

The CLINT project aims to develop a ML enhanced framework to address important problems in
Climate Science, such as detection, causation and attribution of climatic Extreme Events (EE),
12
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focusing on different specific events such as tropical cyclones, droughts, heatwaves and warm
nights, and compound events and concurrent extremes (ensembles of critical climatic events).
Specifically, one of the objectives of WP2 in CLINT aims to devélafpbtithms to handle the large
amount of climatic spatiwemporal data available, with the ultimate goal of providing suitable
approaches that have good performances on the different applications addressed in CLINT.

1.2 Objectives of the deliverable

The main objective of this report is to provide a description of the ML algorithms for EE detection,
attribution, and causation developed within CLIISpecificallythis Deliverabl@imsto describe in
detail the algorithmic part of the developments carried out, focusing on the computation part of
the algorithms and on the software developed for different tasks and EEs problems within CLINT.

1.3 Connections to other deliverables and milestones

This report is connected to the following deliverables and milestan2stReview of ML algorithms
for Climate Sciencevhich describes the statef-the-art ML algorithms to support climate science

in the detectlon causatlon and attrlbutlon of extreme evetﬁ—@#mst—pmtet—ype—et—algemhm

bepteeleeed—m-@ktNlVlSlQZS WhICh descrlbe the flrst prototypes of ML alqorlthms for detectlon

attribution, and causationleveloped in CLIN(Rnd D3.2, which incorporated these milestones and

expanded upon thenpFirst-prototype-of-algorthmsforEE-detection-which-deseribes-the-first ML
algorthmsfor-extreme—event-detectigrand MS3034-from—-WR3 which describe how the ML

improved algorithms for EE detection were usgd WP3 to—further—existing—climate—seience
algerthmsfor the various EEs studied in CL{NTd the upcoming D3.3, whiefill incorporatethese

milestones and expand upon thenKinally, this report is alsanked to the upcoming D9.Final
exploitation strategy which will describéhe IP repository where the present algorithms will be
listed as IP items created during the project.

1.4 Report organisation and structure

ediction

espective
ribe the
for
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The rest of the deliverable is structured in three sections:

Section 2provides a brief summary on Machine Learning algorithms for extreme climate
events, and the tasks associated with detection, prediction, attribution and causation in
CLINT.

Section 3is the core of the document, where the algorithms are presented and associated
with the EEs considered in CLINT.

Section 4summarises the main conclusions of this document.

14
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2 MACHINE LEARNING HFORITREME CLIMATE EVENTS

2.1 Machine Learning as a Tool for atmospheric Extreme Events

As the number and intensity of EEs have increased in the last few decades (likely as a consequence
of climate change (Grant et al., 2017)), so has the number of scientific studies on them. In this
context, most studies on EEs can be categorized whethgrftieis on analysis (Herring et al. 2015),
detection (Easterling et al. 2016), and causation/attribution to human activities (Stott et al. 2016).
Also, many authors have focused their research on studying compound EEs (combinations of
multiple EEs that cdribute to societal or environmental risk, e.g , Raymond et al. 2020), the
relationship of EEs with different processes such as carbon cycle (e.g., Reichstein et al. 2013) or soill
moisture (Whan et al., 2015), and the effects of EEs on economics (e.gmnaoket al. 2017) and

their impact on human systems (e.g., Zscheischler et al., 2014), to name just a few. In this context,
different mathematical and computational methods have been used to analyse and forecast EEs,
including Numerical Weather PredictigNWP) (Vitart et al., 2018), statistical and probabitiased
methods (Sapsis et al., 2021), nonlinear physics and chaos theory (Chowdhury et al., 2022), and, in
the last decade, an important number of Machine Learning (ML) and related techniques such as
Deep Learning (DL), a field with an exponential growth in climate and atmospheric sciences (Salcedo
et al., 2023), climate change studies (Rolnick et al., 2019), and Earth System science in general.

2.2 The tasks that can be handled by Machine Learning

ML aims to extract information and relevant patterns from data that can be generalised to gather
information on new unseen samples and exploit them to make decisions. ML is, in general,
composed of three main subfields: supervised learning, unsuperviseding, and reinforcement
learning. Given a set of input features and related target outputs, the goal of supervised learning is
to build a model that can make predictions based on labelled data. Supervised learning in the
context of climate sciences iggigally divided divided into three main subfields:

Classification, where the target is one of K discrete classes and the goal is to assign each
input to a class.

Regression, where the target is a continuous variable, and the goal is to learn a mapping
from the input that produces a prediction as close as possible to the target.

Probability Estimation, where the goal is to associate to each input a probability distribution
over a set of possible events.

In the unsupervised learning case, the only available information is a set of unlabelled input features
and the goal is to learn an efficient representation of the input. This is usually daresinftwo
standard ways, depending on the information of interest that should be extracted from data. A first
option is clustering techniques, whose goal is to group data in order to maximise the similarity of
data within the same group and minimise the simtlatetween different groups. The second is
dimensionaity reduction, which focuses on projecting data into a lower dimensional space, in a way
that preserves the data structure while reducing their dimension, which is useful for computational
time, memory usage, and algorithm performances.
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Finally, reinforcement learning is the ML approach taken to solve sequential demisking
problems, which aims to find the optimal distribution of actions to take in each possibletstate
maximise the cumulative reward (usually modelling the problem as a Markov Decision Process).

All the tasks important in CLINT such as detection, predicitmhution, and causation, which will
be specified in the following subsections, can be tackled as different parts associated with a subfield
of ML (tasks related to supervised learning, unsupervised learning or reinforcement learning), as

can be seen in Table 2.1.

Detection and Prediction

Dimensionality reduction

Aggregate fineggrained spatial features in a dynamidalta-driven way.
No need to manually extract aggregations of variables.
Faster computations and less risk of overfitting of ML models.

Feature selection

Identify relevant variables.
Identify nonredundant variables.
Faster computations and less riskavkerfitting if many norrelevant input features are removed.

Supervised learning

Detect an EE through the most relevant drivers.
Quantify the performance of the prediction to confirm that the identified variables are drivers 0

the considered EE.
Automatically extract relevant features (with some techniques such as convolutional neural

network).

Causal Inference

Only applicable in the sense of a means to perform feature selection (see Section 2.2.4 below
Causation).

Attribution
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Dimensionality reduction

Same advantages of detection
More complex to apply since it is usually necessary to keep separated the variables related to
human influence.

Feature selection

Identify if humanrelated variables are relevant ambn-redundant candidate drivers of the EE
under analysis.

Supervised learning

Evaluate the improvement of prediction performance of the models with hunetatted features to
find. statistical evidence of their impact on the EE.

Causal Inference

Not applicable.

Causation

Dimensionality reduction

Still applicable to reduce the dimensionality of features.

Feature selection

Applicable as prprocessing step aimed to reduce the set of candidate causal features.

Supervised learning

Not applicable.

Causal Inference

Classical causal analysis with interventions is not applicable, need to rely on observational ca
inference.
Causal discovery identified as the core component, designed to identify the causal structure &
variables.
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Table 2.10verview of the identified ML subfields and their importance for the detection and prediction,
causation and attribution of EEs.

2.2.1 Detection

The primary phase of detection of climatic EEs is identifying the drivers that contribute to their
occurrence. Given a collection of candidate features, the simplest method to discover the most
significant drivers, or extract meaningful combinations otdeas using a datariven strategy, is to

use feature selection or dimensionality reduction approaches. Then, supervised learning
approaches are of relevance since they are often used as the final phase of the detection pipeline,
taking the discovered caimhte drivers as inputs to test the selected features' capacity to recognize
an EE situation.

The general ML pipeline reported in Figure 2.1 identifies a standard common framework

encapsulating most of the methodologies described in this report for detection. It is composed of
three main steps.

All variables . . . Reduced Relevant ) Data-driven
Dimensionality variables Feature variables Supervised EE detection
Reduction Selection EE— Learning

Figure 2.1 General pipeline for the detection of EE with ML methods.

First, a preprocessing phase is implemented to extract relevant candidate characteristics from high
dimensional data through Dimensionality Reduction (DR). Indeed, when dealing with high resolution
gridded datasets, they frequently need to be aggregatedriter to find essential characteristics
while also decreasing computational and memory resources. Subsequently, Feature Selection (FS)
methods are typically used to discover significant and-redundant features in a ML problem.
These methods can be usatfter the feature extraction step (either with dimensionality reduction
approaches or directly on all variables), and they produce a subset of features that are the most
relevant for the task under analysis in terms of a specific performance measurehthiEcterises

each FS algorithm. FS algorithms are often divided into three types of methods: wrapper,
embedding, and filter. Filter approaches that take into account-lnogar connections have been
found as the most promising in terms of performanceli@h-dimensional nonlinear relationships,
which often define the complicated realorld datasets examined for detection in CLINT. However,
the impact of wrapper and embedded methods have also been investigated in various applications.

Furthermore, as the final stage in the pipeline, traditional supervised learning methods can be
combined with more sophisticated approaches (mtdsk learning or deep learning) to measure
the candidate drivers' capacity to recognize an exceptional euader investigation. Supervised
learning techniques can be used alone or in conjunction with one or both dimensionality reduction
and feature selection.

In addition, some approaches include dimensionality reduction and feature selection into the
learning process (for example, autoencoders learn a lower dimensional latent representation of the
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input features, or the regularisation term within the loss function of the Lasso regression
automatically selects only the most relevant features). Deliverable D2.1 provides a raeptin
overview of feature selection, dimensionality reduction, and sused learning.

2.2.2 Prediction

Prediction is the natural continuation of the detection task (see 2.2.1). Once the significant drivers
of the EEs process are identified, the prediction task can be carried out. Prediction is centred around
the objective of forecasting the value of a tatgariable based, usually, on historical data. The
target variable, also known as the dependent variable, is what we aim to predict. This could be a
continuous variable, such as predicting the sea surface temperature in a specific period, or a
categoricabr discrete variable, such as the occurrence (or not) of a HW.

The prediction task can be categorised according to: time, spatial scale or type of target. If the time
horizon of the prediction is 0, that is, the same time (hour or day) as the predictor data, it is
sometimes referred as nowcasting to distinguish infra forecast (although the term means short
term forecasting (minutes to hours) in the weather forecast community). For gbort and
mediumterm predictions, the task is called forecasting, whilst for estimation of future scenarios,
the task is called pjection. Depending on the time horizon and the time resolution of the event
(hourly, daily, monthly), there is a threshold from which the prediction of the EEs events is not
feasible (Craig et al. 2021).

Secondly, prediction can be made on a small fscale, or on a mediudarge synoptiescale. The
non-redundant and governing drivers are not the same in the two cases. In addition, it is possible
for the available data to not be at the same scale as #ngédt (i.e. using synoptic reanalysis data to
predict a locakcale station data in a specific region), or to not be available (i.e. weather stations are
not uniformly distributed across the local area), or to be biassed (i.e. data for a very accurate
syngtic model that is not precise at smaller scale).

Finally, the type of target variable influences the type of prediction. If the variable is continuous,
the prediction task is a regression problem. If the target is categorial (or discrete), where the order
between categories is not important, the taska classification problem. Moreover, if the order
between the categorial (or discrete) variables is relevant, then the task is known either as an ordinal
classification or ordinal regression (i.e. classes of impacts of EEs, where is not the same to be
mistaken between no impact and low impact than between no impact and severe impact).
Furthermore, the type or variable can be analysed also in terms of the way this variable is
constructed and interrelated. That is, if the target variable is talependent, hen the regression
problem is a time series forecasting problem, or if the data is structured haien@nsional grid,

then the problem is an imageased classification (or regression). Deliverables D2.2 and D7.2 shows
a case study of forecast application.

2.2.3 Attribution

Attribution is typically defined as the process of determining the relative contributions of causative
factors to an event and assigning statistical confidence (Hegerl et al., 2007). When applied to
individual Extreme Events (EES), this is known as BEufitin (EEA; for more details see D5.1). EEA

is an important factor for comprehending climate change hazards because they are frequently
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related with EEs (Hulme 2014). Because EEs can occur at a variety of spatiotemporal scales, EEA car
be used to address a wide range of EEs, including weather or clrelated ones. Although it is
generally possible to make assertions about climate changféects on the quantity or probability

of occurrence of specific forms of EE (NAS 2016), EEA continues to be considered as a difficult
subject (Van Oldenborgh et al. 2020), particularly for specific types of EE such as heat waves or
droughts, etc. Thuseveral approaches, datasets, and methodology have been employed for EEA,
including coupled general circulation models, empirical approaches, and {suzdel approaches

(Stott et al., 2016).

In general, EEA techniques can be divided into two categoriesas#d and mechanistic (Jézéquel

et al. 2018). The first is based on quantitative statistical approaches, designed to prevent type |
mistakes (false alarms). The second is procesnted and concentrates on weknown and
reliable components of climate change in order to reduce type Il errors (missed detections)
(Shepherd 2016). Neither is superior to the other; they merely occupy different portions of the EEA
spectrum.

Nevertheless, the second category has recently emerged as a promising and adaptable approach,
despite the lack of an established methodology. Awetiwn EEA approach of this second category
examines the observed circulation features at the time of thdNE&dakumbura et al. 2021). The
Analogue Method (AM) uses historical replicas of atmospheric circulation (also knoflowas
analogue$ to estimate how the EE would have been in previous times under the sameslzalge
circulation as now (Stott et al. 26}

For example, (Yiou et al. 2007) investigated whether the 2006/2007 extreme temperature
anomalies in Europe may have occurred during similar atmospheric flow conditions in previous
years. Since then, the AM was used in a number of EEA studies, includingt(dl. 2017) and
(Barriopedro et al. 2020), and it has laid the groundwork for more sophisticated methods based on
model simulations, such as the storyline approach (van Garderen et al. 2021), in which the observed
atmospheric circulation is fixed (e.gia nudging) to assess the effect of changing thermodynamic
factors on EE. Another advantage of the AM is that it can be used for both observations and model
output. It enables the study of the role of drivers on the EE by simply placing extra linstation

the chosen flow analogues. As such, it paves the way for a variety of innovations, including the
creation of Machine Learning (ML) models.

In the last years, different attribution problems in Climate Science have been tackled voidised
(ML/DL) algorithms. Specifically, the idea behingeianced EEA is using ML algorithms to find
RATFSNBYOSa 0SG6SSy GKS Rillevdls of2afthrapageénic nflnghdes. R a ¢
These two worlds can come from two observational periods (i.e. a new/recent and old/past world)
or from climate simulations (i.e. a factual and counterfactual world with and without anthropogenic
forcings). For examp)éinding statistically significant differences in a ML detection of a given event
in preindustrial and posindustrial data would indicate evidence of attribution due to
anthropogenic forcing. In general, the scheme of this kind of problem is showgurer2.2. In this
illustration, the ML model is represented by a neural network, which is applied to presgndata

on one side and on prmdustrial period data on the other. If the ML model is the same (in terms of
input variables and ML structure), dthe series are long enough for training and representation of
the data distribution and internal variability, any statistically significant difference in the detection
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can be attributed to differences in the external forcings of the two worlds (anthropogenic forcing in
the case of Figure 2.2.

Attribution

ML approach 1 ML approach 2

comparison

>

Present data Past data
(no anthropogenic-forcing)

Figure 2.2Scheme of EE attribution process with ML algorithms.

2.2.4 Causation

Machine learning approaches are designed to exploit the information shared between features and
target, without necessarily identifying a causal relationship among variables. The inspection of the
causeeffect relationships can be an added value in reakldv@pplications based on physical
systems. Indeed, the identification of drivers that aa&usingthe EE may add knowledge on the
interconnected processes among meteorological and climatic variables and on the generation and
occurrence of an EE. Additidlya from a ML perspective, the prediction of an ML model based on
causal features may lead to a more robust model, able to generalise across various heterogeneous
environments.

The addition of causal discovery methods in a general ML pipeline can be considered for classical
tasks such as detection and forecast. Figure 2.3 reports in grey a standard ML workflow, which can
consist of a preprocessing phase composed of dimensionalityction and/or feature selection,

aimed to extract relevant features, and a supervised learning phase that performs the final
prediction of the target. In the figure, a causaliigsed phase is included in the workflow, aimed to
identify a causal intemgtation on the selected variables or to causally validate the final prediction
through causal discovery.

In general, causal inference methods are focused on the identification of the causal interaction
between variables, knowing the causal graph a priori. The causal graph is a representation that
shows the causal relationship between the different variabléswever, in observational settings

such as Earth sciences, there is no knowledge of the underlying causal graph of interaction between
variables. In this case, causal discovery algorithms are specifically designed to search for the causal
graph. Differenmethods exist to perform different tasks in this setting. In particular, classical causal
discovery approaches are based on nonparametric independence tests, or they assume a
distribution governing the relationships among variables, to extract more infooma The
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interested reader may refer to Deliverable D2.1 for a broader discussion on causal inference and
causal discovery.

Causal
Discovery

Figure 2.3Classical supervised learning pipeline, described as an exampletéation, and
interaction with causality.

Considering the general supervised learning workflow of Figure 2.3, causal discovery can be
beneficial in two ways. First, given a large set of candidate input features, causal discovery can be
applied as a preprocessing step, together or in place of iciEsdimensionality reduction and
feature selection, in order to extract meaningful features in terms of causal interactions with the
target. Additionally, causal discovery can be applied at the end of the pipeline to validate the
informativeness of the awsidered features. Indeed, at the end of the workflow we have a prediction
model, based on the selected features. At this point, it is possible to apply causal discovery methods
on these variables, to understand if the considered features have a cauatbmship with the

target. This may give additional insights on the physical relationships between the considered
variables.

Therefore, depending on the structure of the problem and on the interest of the user (i.e., maximise
the prediction performance of the supervised learning phase or consider only causally relevant
features) causality can be considered as a final validgilmase of the interactions between the
selected features and the target or a additional step of the preprocessing phase of feature extraction
and selection.
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3 ML ALGORITHMS DEVELOPED IN CLINT FOR EXTREME EVENTS

This section describes the ML models developed in the CLINT project from the technical point of
view. The models are categorised based on their application to EEs, including cyclones, heatwaves,
droughts, and compound events.

3.1 Machine Learning for General Purpose problems related to EEs

This first section describes algorithms developed within CLINT that are not inherently tied to any
specific type of EE, but can be useful for several types of EEs, as they perform manipulations of
(target or input) data that are universally useful in clteacience.

3.1.1. Interpretable Variable Aggregation for EEs Detection

In this section, we describe three novel algorithms that have been designed, theoretically analysed,
and empirically validated through experiments within the CLINT project. Rather than focusing on
specific EEs, we provide a theoretical description of tired algorithms, and demonstrate their
empirical validation using benchmark data. These algorithms are designed to address specific needs
and issues within the project but are also applicable to a broad range of general ML problems due
to their innovativenature. Three related scientific peer reviewed papers have been produced, which
are either published or under revision (Bonetti et al., 2023, 2024a, 2024b), and each of the next
three subsections will be devoted tiescribingeach of these algorithms in detail.

In general, the main purpose of these methods, that can be seen as dimensionality reduction and
multi-tasklearning approaches, is to aggregate variables (features or targets) in an interpretable
way (usually the mean), preserving the interpretability e reduced variables, with guarantees to

be beneficial for the detection task. This way, meaningful features are extracted, and similar targets
are aggregated together. This reduces computational costs and the number of models, preserving
the physical meaing of the aggregated variables, and improving the performances. These
algorithms are designed to address a specific preprocessing phase of ML applications for detection
in CLINT (dimensionality reduction), often crucial to reduce the number of inputrésatfurther
extended to also reduce the number of targets, when highly correlated ML tasks need to be
performed.

The main motivation behind the introduction of these approaches resides on the need to enhance
standard preprocessing phases, often adopted inkdked works for EE detection, and in general

for Earth science applications, consisting in the applicatiorthef mean function to a set of
neighbouring measurements over certain predefined regions. This preprocessing leads to the
extraction of features that are average values of quantities over an area (for example, starting from
high spatial resolution precipiton gridded data, the daily average precipitation over a basin can
be extracted as a feature). This extraction is often a crucial step, when dealing witthimghsional

data, since it allows a large reduction of their dimensionality. It allows to retheceomputational

costs as it also prevents some issues of ML such as the curse of dimensionality, which is particularly
relevant when a large set of variables and a small number of data samples is available. Moreover,
averaging over a region preservéetinterpretability of the extracted features However, from a ML
methodological perspective, this preprocessing procedure does not consider the relationships
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between the original data, since it only aggregates them because of their spatial location, without
considering their similarity (e.g., correlation). Therefore, the newly designed algorithms described
in this section are based on the idea that the aggregeof variables should be performed in order

to extract features that maximise the association with the target.

First, a linear analysis is conducted, leading to an algorithm that aggregates features with their mean
when convenient for the regression phase, starting from linearity assumptions and deriving
guarantees based on correlation. Then, an extension thatiders nonlinear relationships and
nonlinear functions of features is analysed, together with an extension that allows to apply the
proposed methodology in classification settings. Finally, a ftagi case is analysed, considering
features and targets atlifferent locations. Both are aggregated using the mean with a principled
algorithm, resulting in a reduced set of tasks over a reduced set of features, and with the ability to
perform similarly or better than the initial individual tasks with the full skfeatures.

Figure 3.1.JExample of dimensionality reduction aggregation with the proposed "LIinCFA" algorithm over a large
portion of Northern Italy. Pixels of the same colour are aggregated with their mean by the algorithm. The algorithm
aggregates the neighbouring pixels wittetr mean if this is convenient in terms of ML performance.

To further describe the intuitive behaviour of the proposed dimensionality reduction methodology,
Figure 3.1.1 shows an example of the results of one of the algorithms, ¢ai€fFAThe figure
represents Northern Italy and specifically the Po River basin, whoskeasibs are represented with

black continuous lines. Each coloured pixel of the figure represents a location where measurements
of temperature are available, that can bensidered as a feature. To reduce the dimensionality, one
may average theneasurements of all the pixels within a sbasin, following the geographical and
hydrological characteristics of the data. However, this has no guarantees on the ML performance.
The proposed algorithms, on the other hand, focus on the relationships betyaies of points and

their relationship with the target, to decide whether to aggregate them or not. Therefore, in this
example, theLinCFAalgorithm identifies some groups of pixels to aggregate by computing their
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mean, represented in the figure with the same colours. From the figure it is therefore possible to
conclude that, in this case, the newly designed e#t@en approach aggregates the pixels
differently from the geographical boundaries of the dodsins. Agescribed in the next subsections,

this enhances the detection capability of the ML model, since the proposed aggregation algorithms
are designed to have some performance guarantees on the ML models trained on the aggregated
features, depending on the assiptions made.

Linear Dimensionality Reduction in Regression Problems: LInCFA

This first subsection describes the first dimensionality reduction algorithimear Correlated
Features Aggregation (LInCFA#&)at is designed to aggregate features by computing their mean,
when it is convenient in terms of regression performance. This section highlights the analysis that
can be found in the paper that presents the algorithm (Bonetti, Metelli, & Restelli, 2024)e the
interested reader can refer for more accurate descriptions of the performed analyses, as well as
additional results, ppofs and experiments

As introduced at the beginning of the section, ttirCFAlgorithm is designed to aggregate features

by computing their mean, and the related theoretical analysis provides guarantees on the
convenience of the aggregation of two features in terms of regression performance, measured
through the mean squared err@nd analysed by exploiting the bigariance decomposition.

This algorithm was designed and analysed focusing on linear regression as a ML method, and
assuming a linear relationship between the features and the target. In this context, the algorithm
iteratively identifies a partition of the set of features, extriat the one feature from each set of

the partition (the mean of its elements).

Intuitively, in linear settings, two features should be aggregated if their correlation is sufficiently
large. This is formally confirmed by the biamiance analysis, which identifies a theoretical
threshold on the minimum correlation for which it is fitable to aggregate two features. This
threshold is the minimum correlation value between two features where, comparing the two linear
regression models before and after the aggregation, the variance decrease is larger than the
increase of bias. This gwaatees that the regression performance, evaluated in terms of mean
squared error (MSE), is not worse after the aggregation.

It is also important to underline the limitations of the algorithm and its analysis. The linearity
assumption restricts its theoretical guarantees to linear contexts, although the algorithm can be
heuristically applied also in ndmear problems. Moreoveithe choice to aggregate with the mean
restricts the application of the algorithm to problems having only continuous features as inputs,
since the mean is not wedlefined for categorical variables. It would also be improper to evaluate
the mean between aterogeneous features. Hence, in the application of the algorithm on climate
data, only measurements at different locations of the same variable (e.g., temperature) and with
the same unit of measurement, will be aggregated with their mean. Finally, toaaisidl the
aggregation of measurements that refer to distant locations, it is possible to constrain the algorithm
to only aggregate variables related to neighbouring grid points. This leads to an applicative variation

1 Code can be found at: https://github.com/PaoloBonettiPolimi/PaperLinCFA.git
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of the LinCFAalgorithm for spatially distributed data, that is relevant for the detection of EEs in
CLINT, although the algorithm is a general dimensionality reduction approach, applicable to any ML
regression problem with continuous features.

The analysis of theinCFAlgorithm is first performed in a twdimensional setting, considering the
relationship between the two feature® o and the targetoto be linear, and affected by Gaussian
noisexd 0 @ U @ T7,withf DO 1, &n this context, we compare the performance (in
terms of bias and variance) of the tvedmensional linear regressic® U w 0 w with the

one-dimensional linear regression, which takes as input the average between the two features:

0 —— U aBMoreover, the main analysis performed is asymptotical. Indeed, similar results hold

for the finite-samples case, under proper assumptions, but the computations and final expressions
are more convoluted, without providing further insights on the behavioiuthe algorithm.

The following equation shows the asymptotic correlation threshold identified in the bivariate
asymptotic analysis, that is the core of themCFAlgorithm. Assuming unitary variances to further
simplify the notation, we identify that the decrease of variance is greater than the increase of
(squared) bias, when the two featurésfto are aggregated with their mean, if and only if:

c”
i po 0

"hRP

This result shows that, in a bivariate linear setting with Gaussian noise, it is profitable to aggregate

two variables with their mean, for the linear regression model, if and only if:

The correlatiorf  between the two variables is large.

The variance of the noise is large, which means that the process is noisy, and the variance

should be reduced.

The number of samples is small, indeed in this case there is little knowledge about the

actual model, therefore it is better to learn one parameter rather than two.

0 there is a small differencé 0 between the two coefficients that regulate the (linear)
relationship between the two features and the target, which implies that they are similar,
and learning a single coefficient introduces a little loss of information.

O¢ O«

O«

This analysis was subsequently extended to a ti@eensional setting, where the relationship
between the three features and the target is assumed to be linear, with Gaussiandeoise: w

Vw 0o Th DO mh 8Similarto the bivariate case, considering each pair of features
whw, the analysis compares the performance of the bivariate linear regressiom @ 0 &

with the univariate linear regression that considers their maan 0 —— 0O chto decide
whether it is convenient to aggregate them or not.

This can be further extended to a general linear regression problenD¥é@htures, considering the

third variable as a combination between all the remaining ones. The choice to consider a tuple of
features at time and decide whether it is convenient to aggregate them, without directly inspecting
their relationships with the dter features, can be justified with multiple arguments. first,
considering a large numbé& of features which usually happens when dimensionality reduction is
applied, and comparingll the possible models where groups of variables are aggregated, is
combinatorial in the number of features and it would be impractical. Also, comparing thB full
dimensional regression model with tie1l dimensional model, where two variables are aggregated,
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is not feasible. Indeed, when the number of features is huge, in addition to a polynomial
computational cost, both models suffer issues like the curse of dimensionality and the risk of
overfitting. In the original paper (Bonetti, Metelli, & Restelli, 20243 possible to find the three
dimensional analysis and iBsdimensional extension, together with the related results.

A drawback of applying the general result in practice is that it requires the knowledge of Bll the
coefficients, which is unrealistic, or to approximate them through an estimate, performing linear
regression on the complet®-dimensional dataset, which has a polynomial computational cost.
Therefore, since the equation in the threimensional asymptotic analysis becomes equal to the
bivariate one if the two features have the same correlation with the third, if they are highly
correlated, it is reasonabl® assume this to be valid and to apply the asymptotic bivariate result to
decide whether the two features should be aggregated or not.

Algorithm 1 LinCFA: Linear Correlated Features Aggregation

Input: D features {1,...,: vp}; target y; n samples
Output: reduced features {Z1,...,Zq}, with d < D
P+~ {} > Partition of the features
V<« {} > Set of already considered features
for each i € {1,..., D} do
if i €V then
P« {i}
V <+ VU{i}
for each je {i+1,..., D} do
¢  correlation(x;, x;)
b  threshold(a;, 25, y)
if ¢ > b then > Aggregate the features
P+ PU{}
V<« VUu{j}
end if
end for
P~ PU{P}
end if
end for
d «+ |P|
for each k € {1,..., d} do
T = T%T“ EiePk o5
end for
return {zy,...,%4}

Figure 3.1.2Pseudecode of the dimensionality reduction algorithm presented in this section.

Figure 3.1.2 shows the pseudode of theLinCFAalgorithm that follows from this analysis. The
algorithm creates a reduced-dimensional partition of the indices of the featuregf8 HO by
iteratively comparing couples of features, and adding them to the same subset, if their correlation
(correlation whw  is greater than the thresholdahresholdhwn ), which is derived from the
theoretical result introduced above. Then, the algorithm aggregates the features in edcbfsbe
partition 0) with their average, producing each outgt.

To validate the.inCFAlgorithm on data, some synthetic experiments have been performed, as well
as preliminary applications to realorld benchmark datasets. In most of the cases, the regression
test scores of the linear regression show improved results, when applied orathseals after the
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application ofLinCFAalgorithm to reduce their dimensionality. The effectiveness of LtieCFA
algorithm has also been tested in comparison with classical dimensionality reduction approaches
such asPrincipal Component Analysiad its variants, or with more advanced approaches such as
non-linear dimensionality reduction algorithms or autoencoders, both considering linear regression
and nonlinear ML models such as random forests or feedforward neural networks. In all cases, over
a variety of datasets, thenethod provides competitive results (we refer to the original paper for
details).
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Figure 3.1.3-dimensional synthetic experiment. (a) shows the number of reduced features for a different number of
samples. (b) (c) respectively show the regression performance in terms of coefficient of determination and MSE for
different numbers of samples. Bluedis refer to the linear regression with all the original features, while red and
green lines respectively refer to linear regression on the features reduced by applying the LinCFA algorithm with
theoretical and empirical quantities.

To better understand the behaviour of the algorithm, Figure 3.1.3 shows some experimental results
on D-dimensional synthetic data, where it is possible to evaluate exactly the performance of linear
regression applied after the applicationlahCFAsince the underlying values of the coefficients are
known (while they are unknown with realorld datasets). These performances are compared with
the results obtained with estimators. The first plot shows that, with a small number of samples, both
consiceringtheoretical and empirical quantities, the numbeof features reduced by the algorithm
becomes smaller, to prevent overfitting. Moreover, considering the empirical quantities (which are
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the only ones available in practice) the method leads to a larger number of reduced features but
still significantly smaller than the original dimensién This is reasonable since the empirical
algorithm is more conservative in the aggregation, to avoid loss of information, but still provides a
large reduction w.r.t. the original set of features. The other two plots in the figure show the
performance of tle linear regression, considering the reduced features, compared with the full
dataset. When the numbeof samples is significantly larger than the number of features, the
performance of the reduced datasets is only slightly better but, when the number of samples is of
the same order of magnitude as the number of features, the reduced datasets (both cangide
empirical and theoretical quantities) significantly outperform the regression over the full dataset.
Moreover, the regression performed with reduced datasets is much more robust, since it has a score
that is stable for different numbers of samples.

In conclusion, the.inCFAalgorithm is a dimensionality reduction approach that, in linear settings,
provides theoretical and empirical guarantees to produce a reduced dataset that does not perform
worse than the full dataset, in terms of MSE. In this case, the decrease of vaddagger than the
increase of bias due to the aggregation of features. Additionally, the algorithm empirically shows
promising results also in ndimear contexts and with netinear models, although its guarantees
become heuriscs. The main strength of this approach is the aggregation of features through their
mean, which reduces the dimension while preserving the interpretability of each feature, which is
not common in traditional dimensionality reduction approaches like P@ied, this method was
designed as a datdriven method that performs the aggregation of spatial meteorological features
with their mean, in a way that maximises the regression performance, rather than only considering
geographical borders. The main thetical limitation of this approach, the linearity assumption, will

be relaxed with the algorithms described in the next subsection.

Dimensionality Reduction in Nothinear Systems: NonLinCFA, GenLinCFA

This subsection presents two dimensionality reduction algorithms that can be considered as
relaxations of theLinCFAnethod, which was designed with linearity assumptions and based on
correlation. The methodology and analysis of the algorithms presented in this subsection are in line
with the previous one, with some changes due to the {liaearity of the underlying moel and to

the change of goodness of fit measure considered for the analysis in classification settings. This leads
to two dimensionality redction algorithms, with theoretical guarantees that hold for a larger set of
regression problems, which can be applied in classification tasks. The complete analysis of the two
algorithms resulted in a second paper on this topic (Bonetti, Metelli, & Rie&@23), that is under
review. Interested readers can refer to it for further details. This paper contains details on the
theoretical analysis as well as on the experimental validation of the methods on synthetic and real
world datasets, in line with tat performed for theLinCFAlgorithn?.

NonLinCFA

The first dimensionality reduction technique presented in this section considers linear regression as
the ML method, but it allows the real underlying data generation process to be a generic (linear or
nonlinear) function of the input features. Additionglla more general dimensionality reduction is
analysed: the inputs are allowed to be generic dimear transformations of the original features,

and the aggregation function is in principle a generic-tioear aggregation function (instead of just

2 Code can be found at: https://github.com/PaoloBonettiPolimi/PaperNon_Gen_LInCFA.git
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the mean). In this way, the algorithm is designed to allow the user to ponder the suitable balance
between the interpretability of the result (e.g., preferring simple feature and aggregation function
such as the mean), and the incorporation of more complexlinear relationships.

In particular, we assume that the generation process of the target is a general nonlinear function of
the features, with additive Gaussian noise: "Qw 7hi D0 mh, &n this context, given two
non-linear transformations of the original featuré& o o G to account for nodinearities in

the linear regression, we compare the two models in the theoretical analysis. The first ML model
considers the two inputs as separat@( 0 % & U % @ hwhile the second one aggregates
them with a generic aggregation functié®t : 0 0'Q%o Mk @ .

Intuitively, the second model has similar or better performances if the correlation between each
input %0 & M6 & and the function'Qt that generates the target is not much larger than that
between their aggregatiofQ%. &Mk @ and™Qt itself. In this case, it is convenient to reduce

the dimensionality of the inputs by aggregating them through the functidoh. A particularly
relevant case for the applications, in line with the previous analysis, occurs when the inputs are the
original features, and the aggregation function is the m&&n:® Ok O  WHQ %0 Mo

. In this situation, we aggregate the two variabde with their means, if it is convenient in
terms of MSE, resulting in a generalisation of tieCFAanalysis.

The final algorithm designed in this context, callddnLinear Correlated Features Aggregation
(NonLinCFA)teratively compares the regression performance of the two aforementioned linear
regression models, in terms of the MSE. Specifically, the asymptotievdmiasnce analysis
conducted in this setting leads to the following asymptotic guarantee on the coenee to
perform the aggregation, which is exploited by tNenLinCFAalgorithm to decide whether it is
profitable to aggregate the two input:

Intuitively, aggregation is convenient if:

0 There is considerable noise in the mogelor a small number of samples(first term).

0 The Real model and aggregated features share a large amount of information (third term).

0 These two features do not share much information with the real model (small second term).
'Y is the squared coefficient of multiple correlation, indicating how well the target can be linearly
predicted with the set of feature%o & %o o, or their aggregatio%o @ s @ .

The result above is the core of tidonLinCFAlgorithm, whose pseudoode is shown in Figure
3.1.4. The algorithm focuses on identifying whether it is possible to add one feature to an
aggregation, iteratively comparing a bivariate with a univariate approach. The main function of the
algorithm (NonLinCFA(Inpytyeneratesd partitions of theD inputs %o 8 %o : at each iteration, it

calls an auxiliary functioc@mpute_thresholfto evaluate performance in terms of the coefficient

of determination R2scorg of the two models. First, the bivariate model is composed aggregating
inputs already assigned to the current partiti@%. and a feature not already assigned to any
partition %o.. Then, univariate linear regression considers the aggregation of the already selected
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inputs and the one under analysi®©%o. [%o0)) as a single feature. The difference is an estimation of
the righthand side of the theoretical results reported above. If gufficiently smallthe algorithm

adds input%o. to the current cluster. The hyperparameter regulates the propensity of the
algorithm to aggregate features: when large, the algorithm is prone to aggregate, while small values
are more conservative. This hyperparameter substitutes theHaftd side term of the theoretical
result, which is difficli to estimate in practice because it depends on the variance of the real model.
Finally, the algorithm computes the aggregations of each element of the identified parition
returning the set of aggregated featuré§ I8 FQ

Algorithm 1 NonLinCFA: Non-Linear Correlated Features Aggregation

Input: D combinations of features {¢1(z),..., ¢n(z)}; target y; N samples, aggrega-
tion function h(-), tolerance e

Output: reduced features {h[},, e, h:ﬁ}, with d < D
function COMPUTE_THRESHOLD(h, ¢p, ¢, y, €) > Threshold from Equation 12

R1 < R2score(h(dp), ¢4, y)
R2 < R2score(h(¢p, ¢5),v)
return B2 — Rl — ¢
end function

function NoONLINCFA((Input) > Main function
P+ {} > Partition of the features
VYV {} > Set of already considered features
for each i€ {1,...,D} do
if i ¢V then
P« {i}
V<« Vvu{i}

for each j e {i+1,..., D} do
threshold + COMPUTE_THRESHOLD(h, ®p, ¢;, Y, €)
if threshold <= 0 then > Aggregate the features
P« PU{j}
YV« Vu{j}
end if
end for
P« PU{P}
end if
end for
d « |P|
for each k € {1,...,d} do
B(’\p = h(¢p,)
end for
return {h}, ..., h3}
end function

Figure 3.1.4seudecode of the NonLinCFA algorithm.

GenLinCFA

The second algorithm presented in this subsection (and in the related paper) considers generalised
(non)linear models, assuming the expected value of the target to be a generic transformation of the
features, mapped through the link functi@®w "Q ™Qw 8This is particularly useful for further
generalising the dimensionality reduction approach under analysis, since it includes problem
settings where the Gaussianity assumption is unrealistic, or in the case of classification problems.
Indeed, in this secahcase, the target generation distribution is assumed to be part of the canonical

exponential family C&dD Qo hA——— @ dfPo, where— "Qw is the parameter of the
family, %, 0t and @t are respectively a known scale parameter, a function of the parameter
characterising the assumed distribution and a normalising function independent—af$elf.
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Therefore, this analysis includes, and is not limited to the Gaussian, Exponential, Poisson, Bernoulli
and Binomial distributions of the target.

In line with NonLinCFAthe analysis compares the performance of the two models. Its main
peculiarity is the focus on the expected deviance as goodokBs measure, to evaluate the
performance in a noiGaussian context, properly generalising the MSE. As discussed before, we
consider two possible nofinear, transformationgse @ %o & of the features as inputs, and we
compare a model that considers them separately ("Q 0 % w U0 % @ ), with a model

that aggregates them through a nonlinear functi@dt doo "Q 0'Q% WM & . Again, the
analysis is flexible, providing guarantees that hold for different-imear transformations of
features and aggregation, such that the user can select them depending on the problem.

The expected deviance analysis conducted in this setting provides the following upper bound on the
increase in deviance owing to the aggregation:

A(D*) < i{ [M’ “(|eov(gr,y)| + | cov(pa, y)|) —m - \coxf(ir,(gb];qﬁg),y)|]

1 2 2
— §b” (0) - (m O hhy — M- Uh((’,“:%)) }

Although it is more convolute than the previous ones, which is an expected behaviour given the
general context in which it is derived, this result follows the intuition that it is convenient to
aggregate two inputs when the variance of their sum is laoge¢he variance of their aggregation
"O%o Mo is small. Moreover, it is convenient to aggregate features when the absolute value of the
covariance between each feature and the target is small or the absolute value between the
aggregated feature and the target is large. In the inequality above, thasance and covariance
quantities are weighted by the two constaritdt which are the largest and smallest absolute value

of the expected value of the coefficients and their squares respectively.

Again, the above theoretical result is the core of GenLinCFaAlgorithm. Following this theoretical
result and the same algorithmic structure as the previous approaches, the algorithm iteratively
compares tuples of inputs to decide if it is convenient, in terms of expected deviance, to substitute
them with their aggegation through a usedefined function’Qt 8Therefore, the algorithm is a
variation of NonLinCFAwhose peculiarity is the different way to compute the threshold that
suggests whether it is convenient to aggregate two inputs or not. Figure 3.1.5 shows the pseudo
code of the functioncompute_thresholdwhich is the only difference w.r.NonLinCFANndeed,
starting from the inequality above, the algorithm aggregates two features if the upper bound of the
increase of expected deviance due to the aggregation is smaller than 0. The variance and o®varian
of the quantities that appear in the upper bound are estimated from data, while the constat

replaced by an hyperparameter, which regulates the propensity of the algorithm to aggregate.
Large values gf give to the algorithm more propensity to aggregate, while small values of this
hyperparameter require more information provided by the aggregation, or more noise in the
original features, to perform the aggregation. As onLinCFAq specific version of the algorithm
that preserves interpretability is to consider the inputs equal to Bvéeaturesw M8 o and the

mean as aggregation functicw S—SB v .
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Algorithm 2 GenLinCFA: Generalized-Linear Correlated Features Aggregation

Input: D combinations of features {¢1(x),...,dp(x)}; target y; N samples, aggrega-
tion function A(-), parameter €
Output: reduced features {h},...,h3}, with d < D
function COMPUTE_THRESHOLD(h, ¢p, ¢;,y, €) > Threshold from Equation 15
L+ |cov(dp,y)| + [ cov(e;,y)| + 5" (0) 67y
R« [cov(h(d),y)| + $b" (0) 63 ts,
return L —eR
end function
function GENLINCFA (Input) > Main function
Equal to NonLinCFA function in Algorithm 1
The only difference is the renewed COMPUTE_THRESHOLD function
return Reduced features as described in Algorithm 1
end function

Figure 3.1.8Pseudecode of the GenLinCFA algorithm. Its main difference w.r.t. the NonLinCFA psmlalss the
different way to compute the aggregation threshold.

As a final description, we briefly mention the empirical validation performed in the related paper
for the two algorithms described in this subsection. In particular, to validate the two algorithms on
data, some synthetic experiments have been performeadufé 3.1.6 shows the results of two
regression problems with ¢ ™ Tsamples (randomly using 2000 samples for training and 1000
samples for testing). The first one h@s p 1 features and standard deviation of the noise

p 1tthe second ha® p 1 features and, p T.TThe two experiments are then repeated by
applyingGenLinCF# a classification setting, where the sign function is applied to the target to
transform it into a binary classification task.
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Figure 3.1.6Application of NonLinCFA and GenLinCFA in regression and classification synthetic experiments. Green is
associated with NonLinCFA, red with GenLinCFA, and blue with a wrapper baseline.

The first two plots of the figure show the results of the application of the methods in regression
settings, in terms of coefficient of determinatioiY score, the higher the better), on the test set.

In both cases, the two algorithms have been applied considering the mean as an aggregation
function. Then, linear regression was performed on the reduced features to evaluate the
performances. As a baselirewrapper forward feature selection was applied, with the number of
features up to the maximum number of features extracted by the two methods. The experiments
were repeated 10 times to produce confidence intervals. The two plots show that the two
algorithms extract a comparable number of features, and the performance is already satisfactory
with a small number of reduced features, while many features are needed for the wrapper method
to reach similar resultd.inCFAalgorithm has also been applied as an additional comparison, since
in this synthetic setting linearity is assumed. The two proposed algorithms have similar
performances w.r.tLinCFAbut with the advantage to achieve greater dimensionality reduction.

To further test theGenLinCFAlgorithm in a classification setting, the same two experiments have
been repeated, applying the sign function to the target and evaluating performances in terms of
test accuracy (the higher the better), compared again with a wrapper forward featurdiselethe

last two plots of Figure 3.1.6 show the related empirical performances, which are similar or better
w.r.t. the wrapper baseline.
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Additional synthetic experiments, showing that the two algorithms can deal with-linear
transformations of the input features and with nonlinear aggregations, can be found in the paper
that presents the two algorithms, as well as reairld applicationsof the two algorithms on
benchmark datasets and compared with statkethe art baselines.

Summarising this subsection, we have introduced and described two extensions of the
dimensionality reduction approach discussed in the previous one. These approaches relax the
linearity assumption of the model and give the user the chance to consider #a rar another
aggregation function to perform the aggregation of features. The first blemLinCFAaggregates
features in a regression context with continuous features. The second@el, inCFAconsiders
generalised (non) linear models, making theoaitnm further applicable in classification contexts

and in nonGaussian regression tasks.

TargetFeature Aggregation for Multifask Learning: NonLinCTFA

We conclude this section devoted to newly designed ML methods aimed to perform variable
aggregation with a further generalisation of the work, that resulted in a rtatk learning (MTL)
approach, applicable in a variety of contexts. The core idea ofihik is that, given a set of tasks
(e.g., detection for different regions), we want to quantify the advantage to aggregate targets and
features with their mean, learning an individual model on reduced tasks, w.r.t. the learning of
individual models, eachne focused on a single task. The related paper (Bonetti, Metelli, & Restelli,
2024) is under publication and we refer to it for details on the analysis, algorithm, and empirical
validatior?.

The motivation of the approach described in this section is related to Earth science and the CLINT
project, since usually meteorological variables have Hdiighensionalcorrelated) measurements at
different locations, and we may be interested in the prediction of a target variable at different
(correlated) locations, given a set of meteorological features measured in each of them. In this
context, an individual model farach task (location) may be effective, but it may result in different
models for adjacent highly correlated targets. Therefore, the proposed algorithm aggregates highly
correlated targets and learns an individual model for their mean, resulting in a edduember of
models, simplifying data representation (through further aggregating highly correlated features)
and enhancing the performances without loss of interpretability, mitigating overfitting, and limiting
the computational complexity. Figure 3.1.fiasvs an example of the targetggregation phase in
Europe, where we can see that the algorithm aggregates groups of regions, moving from about
30.000 regions to approximately 300, significantly reducing the number of models and clearly
enhancing the interpetability of them.

3 Code can be found at: https://github.com/PaoloBonettiPolimi/NonLinCTFA.git
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Figure 3.1.7The first figure represents European hydrologic-bakins, identified with different colors, where a target
variable and meteorological features are available. The second figure shows the aggregated regions after the
application of NonLIinCTFA algorithm.

The main algorithm designed in this case, caNetLinCTFEAs a MTL approach at the intersection
between task clustering and feature transformation with dimensionality reduction. first, it performs

a specific task clustering, based on partitioning the targets, and aggregating each obtained group of
targets withtheir mean. Then, for each aggregated task (the mean of the targets of a cluster), we
aggregate subsets of features with their mean. This way, we first learn a single model for each group
of tasks.Then, we aggregate subsets of features with their mean in each aggregated task, producing
a set of reduced features in a dimensionality reduction fashion. In both cases, we provide theoretical
guarantees on the improvement (or not worsening) of the megnased error on each of the
original tasks. A schematic view of this methodology can be found in Figure 3.1.8.

Initial Condition: L Tasks

Model 1, D shared features

T ” . Target Aggregation Phase: Feature Aggregation Phase:
. 5
! : § [ Reduced Tasks d; ...d; reduced features
Model 2, D shared features Aggregate Model 1, D shared features _ Model 1, D features
‘ T Iy Ip ‘ TllT\_;'_’IT.i I Ip T -1;2-?'3 J'Jll\_'i:s'rv Iy ;TD
Model 3, D shared features
Model L-1, D shared features
X Agpregate Model [, D shared features Model [, D features
TL 1 n Tp
Tr1+TyL | To—1+TL Ty zat+xy+rp|
Model L, DD shared features 2 T Tp ‘ ‘ I2 2 3
T A Tp

Figure 3.1.8lock scheme of the twphase algorithm: first, tasks are partitioned and aggregated with their mean,
reducing the number of tasks to I<L. Then, for each reduced task, the D features are partitioned and aggregated with
the mean, resulting iF;;;; T reduced features.

A possible variant of the algorithm unifies the two aggregation phases by comparing, at each
iteration, the model trained with the features associated with each individual target and the model
for the aggregated task, trained on averaged features. This wmas single phase, we aggregate
couples of targets and pairwise couples of features. Considering for example temperature and
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precipitation features for different regions where a target variable is available for each area, the
first version of the algorithm would consider the entire set of measurements for all the regions as
the set of inputs for each task. On the contrary, instiariant, we would compare individual
measurements of temperature and precipitation for sintgsk problems and the means of
temperatures and precipitations as the two inputs of the averaged model. This variant can be
further extended to a heterogeneousase where, for example, the first task has a swmelated
feature not available for the other. In this case, we consider it when the first task appears, keeping
unchanged the aggregation of targets and other features that are available for both tagke Fi
3.1.9 shows a schematic view of this variant, considering L tasks and-&p&xshc features.

Initial Condition: L Individual Tasks

Model 1, D task-specific features

Single Aggregation Phase:
T ] Th [ Reduced Tasks
D aggregated features each

Aggregate Model 1, D aggregate features
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Figure 3.1.Block scheme of a variant of the algorithm with D features individually measured for each task. In the
aggregation phase, both targets and features are iteratively averaged.

Finally, as described for the previous works, the choice to consider the mean as an aggregation
function is to preserve interpretability. Indeed, we aggregtsgets and features, reducing the
dimension and the variance of the models and preserving the meaning of each aggregation, which
is a mean of variables. On the other hand, the aggregations induce an increase in bias that is
controlled in the analysis.

NonLinCTFA analysi¥o have a glance on the theoretical foundations of this methodology and its
general applicability, we briefly report the setting and the main theoretical result, which is the basis
of this approach.

Specifically, we consider a general relationship between the full set of features and each target, with
additive Gaussian noise. The noise variables can be correlated with each other, but independent
from the features. Without loss of generality, in th@gvariance analysis, we focus on thth itask

®w QomdEw T hf DO mh, 8For this task, we estimate the biaariance of the
following linear model:
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For this general case, we evaluate, in the theoretical analysis, the bias and variance of this model
w.r.t. the real underlying relationship of the specifithitarget. This way, we identify a general
expression of variance and bias that hold both witle tbriginal target as input (assuming a ene
element partition), of a set of averaged targets, on the original features (assuféfg [P =

{8 f ), or on a reduced set of features. These expressions also include the ones identified in
the two previous works, which resulted in thenCFAndNonLinCFAlgorithms.

A particularly interesting result, which is the basis of the first phase oNibeLinCTFAlgorithm
(target aggregation), is the one obtained in the case with two tasks. In particular, starting from the
general result, we derive a specific threshold showing that, considering two tasks, and training an
individual linear model with the mean ofehtwo targets as output, is profitable w.r.t. the individual
singletask models, in terms of MSE, if and only if:

o o? 112 p2 2 p2
(n=1D) D+, RDL—(n—l)'D+§[af%-RD,i+O'-R ;]

This equation shows the convenience of aggregating two targets if the variance obide is
reduced, or when the predictive capability of the aggregated model, measured in terms of squared
coefficient of multiple correlation and weighted by the variance of the averaged target, is better
than the average of the singtask ones (weightetly the respective variances of the targets).

Finally, a second result shows that the aggregation of D features into d<D aggregated ones is
profitable, in terms of MSE of the linear model, if and only if:

0.2

(n . 1) (D d) J%I(R?D,z o R(zi,i)'

Intuitively, this result shows the convenience, in terms of variance, to reduce the number of features
(expression on the left). In terms of bias, it is shown that the predictive capability of the linear
regression (measured in terms of squared coefficieiiultiple correlation and weighted by the
variance of the averaged target) is better when the features are aggregated (expression on the
right). This result is the basis of the second phase of NumLinCTFAlgorithm (feature
aggregation).

Empirical validation.We conclude this overview of thBonLinCTFAlgorithm providing some
empirical synthetic results that allow us to better understand the behaviour of this approach.
Further empirical results on realorld data, and compared with benchmark algorithms, can be
found in the related paper.
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Specifically, we consider L=10 tasks, D=100 features shared across all tasks, n=250 training samples
(same number for testing), and standard deviation of (independent) nqgisd®. Each target is
obtained as a linear combination of all the features, with additive Gaussian noise, randomly
sampling each coefficient from a uniform distribution in the interva| {0.5], or [0.5,1]. By doing

SO0, we obtain two groups of tasks thateasimilar among themselves (the ones with positive
coefficients and the onesitih negative coefficients). We perform linear regression on individual
tasks and on aggregated tasks after the first phase of the algorithm, or fully applgmgnCTFEA

We repeat the experiment 10 times to produce confidence intervals, and we consider as metrics the
MSE and the coefficient of determination, both in terms of absolute values and of percentage
increase w.r.t. singktask. We obtain a singliask averagéy score ofi@ () 18t ¢which increases

tomd T TMTp o0& v 0o p Pconsidering the aggregated tasks an&d x ™t p o @& C

o8& ¢ badding the feature aggregation. Similarly, the MSE is equakdtar 18t T reducing to

e® T Mo ¢@ 1 p& v Pandvd Y T8I o & @ p& x BThed p mtasks become

a ¢® Tt and theO p 1 features reduce toQ o8 o p& @ These results empirically
validate the improvement provided by the proposed algorithm w.r.t. the shtadé& counterparts in

linear regression. Additionally, they show a significant benefit with -tagiregation, with a
subsequent featureaggregation phse that improves performance, with the added value of
simplifying models.

We further tested the proposed approach by varying one parameter at a time. Figure 3.1.10 reports
the results, in terms of MSE and of percentage increase of MSE w.r.t. the-tsisigleshowing the
improvement with taskaggregation and then the combinatiomth feature aggregation. The first
column of the figure shows that, with a small number of samples, both phases provide significant
improvement, which is mitigated with many samples. In the second column, when the number of
features increases, the featuraggregation phase is more relevant. Similarly, the third column
shows that the taslaggregation phase is more relevant when the number of tasks increases,
assuming a constant number of features. Finally, the fourth column shows that the problem
becomes mee difficult when the noise of the targets increases, with the task aggregations that
become more relevant.

Increasing Number of Samples Increasing Number of Features Increasing number of Tasks Increasing Noise
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Figure 3.1.10rest MSE (first row) and corresponding percentage decresgesingletask (second row), varying one

parameter at a time, only aggregating targets (Phase ) or adding the feagigregation phase (Phase I+Il). The four

parameters considered are: numbef samples, number of features, number of tasks and standard deviation of the
target's noise.

3.1.2. Causal Feature Selection via Transfer Entropy

This chapter describes a feature selection algorithm based on a causal quantity, transfer entropy
(TE), that was designed and analysed to select a set of relevant features driven by a causal quantity.
The description reported in this section is an adamtatirom the original paper, that can be found

at (Bonetti, Metelli, & Restelli, 2023) and that was accepted for publication

Introduction and motivation

One of the most significant challenges in causal analysis with ML is dealing with observational data.
In some cases, data are collecting without any control on how important are the variables obtained
for the specific problem, or how are these variabigsti-related with other drivers for the problem.

This fact can lead to biassed results, hindering the generalizability and interpretability of the ML
models. To reduce the number of dimensions and avoid memory and modelling issues like the curse
of dimensonality, ML models are often trained over a subset of variables identified by feature
selection, which usually chooses the features with the largest association with the target, without
inspecting their causal relationships.

Causal discovery is the process of identifying causal relationships among variables from
observational data, without external interventions. Its primary purpose is to undercover the
direction of causality and estimate the magnitude and uncertainty of dae$&cts. The
identification of causal relationships not only helps in developing more accurate and robust models
but also provides a deeper understanding of the underlying mechanisms governing the data.

The importance of observational causal discovery for time series data in ML lies on the fact that a
model trained on causal features enables researchers to predict the outcomes of an intervention or
a policy change in a robust and interpretable way. Thjgrticularly useful in situations where it is

not feasible or ethical to intervene, such as in healthcare, social sciences, or economics.
CdzZNI KSNXY2NBE=X O2yaARSNAy3a || LKeaAoOrt &aeaidsSy
knowledge of direct and dghirect effects among variables can help to understand the physical system
itself, filtering the effect of spurious correlations. However, causal discovery for time series is
challenging on complex systems due to unobserved confounders, high dimensionality,
autocorrelated variables, and time lags. Moreover, causal discovery algorithms usually focus on
theoretical guarantees on the (asymptotic) convergence to the real causal graph, or to an
equivalence class of graphs, without inspecting the effect of thecsieh of the candidate causes

of a variable on its prediction.

The novel causal feature selection methodology presented in this chapter, and designed within the
CLINT project, relies on the forward and backward feature selection procedures (Beraha, Metelli,
Papini, Tirinzoni, & Restelli, 2019) and leverages transfieogy (TE) (Schreiber, 2000) as building

4 Code can be found altttps://github.com/PaoloBonettiPolimi/Causal TEFS while the general implementation of
the algorithm is available as a Python library at: https://pypi.org/project/tefs/
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block to guide the selection of the features. This way, we design an algorithm that has performance
guarantees on the prediction score, guided by a causal measure of information. TE is indeed a causal
guantity specifically designed to estimate the flowimfiormation between features and the target

in time series. Unlike traditional feature selection and like Granger causality, this causal approach
exploits the property of TE to filter out the autoregressive component of the target in order to
measure the aymmetric flow of information from a feature to it, without the confounding
association due to the target itself. Furthermore, conditioning on the other features also makes it
possible to filter out the information due to the presence of a causal varihblea feature and the

target have in common.

Setting

Classical causal discovery relies on four main assumptions (Pearl & others, 2000), that have been
considered also for the algorithms described in this section. The Causal Markov and causal
faithfulness assumptions ensure a correspondence between the (tondli) probability
independence between variables and the absence of a causal relationship in their causal graph.
Then, acyclicity assumption avoids the presence of cyclical causal relationships, and causal
sufficiency assumption guarantees the absencdatént confounders. Together with the four
classical assumptions of causal discovery, the algorithms presented in this section assume that the
actual target may only depend on its lastvalues and the lasi values of the features. Additionally,

all the variables are assumed to have a stationary (#ioepr dependence on their causes, with
independent unobserved noise.

The classic extension of causal discovery to time series is the notion of Granger causality (Ding, Chen,
& Bressler, 2006), which evaluates the impact of the past value of a feature on the prediction of the
target as its causal strength. Several indicesnfinformation theory are available to quantify the
causal information that flows from one variable to another. Transfer entropy (TE) evaluates the
information flow from one variable to another, computing the information that the past values of
the first have on the second. Similarly, directed information (Massey & others, 1990) computes the
cumulative sum of information shared between all the past values of the first variable and the actual
value of the second one. These two quantities are strictly reladed they can be applied to test

for Granger causality between variables. In the algorithms described in this section, TE was
considered to measure the causal relationship between variables, since it needs to estimate a single
conditional mutual informatn quantity.

Given the definition of mutual information between two variabldgdas a measure how much their
joint distribution differs from independence:

o p(X,Y)
I(X;Y)=Exy [log W] y

transfer entropy L EX—Y = I(Yy; X1 EYi-14-M) evaluates the information flow from
one variable ©) to another ¢, computing the information that the past values of the first have on
the second, as a directional counterpart of mutual information. Like conditional mutual information,
which was exploited for feature selection, conditional transfer entropy extendsléfi@ition of TE
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to a conditional set that considers the additional amount of information flow ftot given the
flow from @to

TEx_yz == 1Yy X" MY, qy, 20700

Algorithms

The causal feature selection method described in this section can be applied and analysed in a
forward or a backward procedure, which are classical selection workflows in feature selection. The
backward approach iteratively selects a variable to removenftbe set of the selected features,

until the loss of information in terms of TE is too large, and the algorithm stops, with the remaining
features representing the reduced set of relevant redundant variables. The forward approach,

on the other hand, slects one variable at time to be added to the selected ones, starting from the
empty set, until the selected variables provide sufficient information on the target.

Backward Approach

The first plot of Figure 3.1.11 reports the psetdmle of the backward version of the algorithm,
called Backward TEFShe algorithm consider® temporal series @ f8dtd as features and a
temporal seriesvas scalar target, taking into account the lastalues of each feature anid values

of the target, as well as its current valdée. Additionally,0 data samples are assumed to be
available, and a hyperparameteis considered as input to regulate the amount of information that
the user is willing to lose with the aim to reduce the number of features.

The algorithm begins by assuming that all features are significant to the target variable, with no loss
of information and no discarded features (line8)L Then, it iteratively selects the feature with the
smallest information flow in terms of TE, givdse remaining features (line 6), and removes it if the
increased loss of information flow due to its removal (line 7) keeps the error below a function of the
hyperparametet (line 4). When the cumulative information loss due to the removal of a feature
leads to a cumulative loss larger than the desired maximum, the algorithm stops and returns the
remaining features (line 11). These are the selected causal drivers for the current value of the target.
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Algorithm 1: Backward TEFS: Backward Transfer Entropy
Feature Selection

Algorithm 2: Forward TEFS: Forward Transfer Entropy
Feature Selection

Input: D features with L past values,

Input: D features with L past values,

(XY L XL target Y, and its M past Xt =t XY target Vi oand its M past
values Y;_1.,—ar: N samples; maximum information loss & values Y; —1:+—ar; N samples; minimum information gain A
Output: set of selected features X 5 Output: set of selected features X 4
1: Xa+{} > Initialization: no removed features I: Xa+ {} > Initialization: no selected features
2: \i (_{‘\':7|:17L ...... \ V;;l:lfl.} 2: .X’_A’\(—{,X:_I:I_L ..... Xllj)—l:f—L
3: TE loss <0 3: TE_cumulated < 0
4: while TE_loss < 52 do 4: while T E_cumulated < 557 do
SH > TE loss < ‘—,) for classification 5: > TE_cumulated < —\‘—; for classification
6: X; < arg miny,ex ; TI:'_\'I_A,H,\'__‘\_\'—, 6: X; + argmaxx;ex; TEx,»v|x, B
T TE_ loss + TE_loss + TE_\';H)-‘_\»_,\\,\-I 1 TE_cumulated <+ T E_cumulated + TE‘\-;H”_\»A
8: Xa+—XaUX; 8: XA+ XaUX;
9 Xz Xi\X; 9 Xz« Xi\X;
10: end while 10: end while
11: return X ; 11: return X 4

Figure 3.1.11Pseudecode of the two versions tifie causal feature selection approach based on transfer entropy described in this
chapter: Backward TEFS (on the left) and Forward TEFS (on the right).

The two hyperparameters and0 determine the number of past time steps that the algorithm is
considering to respectively evaluate the impact of each feature and filter out the autoregressive
component of the target itself. From a causal discovery perspective, these parameters bélance t
positivity-unconfoundedness tradeoff (and, more generally, the diasance tradeoff in ML).
Indeed, large values may lead to a better understanding of the impact of each feature on the actual
target and increase the &@rence to the causal sufficiency assumption. For example, if we consider
0 ¢and® causes bothd and the current targetd, we may identify a wrong causal
relationship betweend and®, due to the latent confounded . On the other hand, given a time
series of lengtiY increasing the number of past values of the features (and of the target) reduces
the number of data available. For example, in the limiting case winer@)  “Y we only have one
sample with the last value of the targéi, and all the past features and targets to condition on.
This may lead to overfitting and to the curse of dimensionality, since in this case there are few data
and many variables.

The other relevant parameter’is since it regulates the maximum information loss, in terms of TE,
that the user is willing to lose in order to reduce the number of features, as theoretically justified in
the next paragraph.

Forward Approach

The second plot of Figure 3.1.11 reports the pseadde of the forward version of the algorithm,
calledForward TEF®\gain, the algorithm consideBtemporal series® 8ty as features and a
temporal seriesvas target, focusing on the laStvalues of each feature and values of the target,
assumingd samples. A new hyperparametey, characterises the algorithm by regulating the
minimum amount of information required by the user.

As in the backward case, the set of chosen featdress initialised to be the empty set (line 1), and

all the features are in its complementary set (line 2). In this forward case, however, the selected
features are represented by the sét. Therefore, the initial amount of information flow provided

by the selected features is null (line 3). At each iteration, the algorithm selects the feature, among
those not selected, that maximises the TE with the target, conditioned to the already estlect
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features (line 6), and adds the value of its conditional TE with the target given the previously selected
features to the cumulative information (line 7).

It is worth to notice that at each iteration of the backward approach, the selected feature minimises
the conditional transfer entropy loss in order to minimise the loss of information, while in the
forward case, the selected feature maximises the condéldransfer entropy increase in order to
identify the most causally relevant features in terms of transfer entropy.

Finally, the stopping condition ensures that the procedure ends when the amount of information
flowing from the selected features to the target is satisfactory, depending on the hyperparameter
Y (line 4). Complementarily w.r.t. the backward case, small value of the minimum information gain
Y leads to the selection of fewer features and a greater loss of information flow, with the

identification of the subset of the most relevant features. A large value of the hyperparameter
induces a more conservative selection, with many selected features aarsinaller loss of

\\\\\

same way discussed for the backward case.

A major difference of this approach w.r.t. the backward procedure resides on the fact that during
the first iterations we select features conditioning on a small subset, since we only condition on the
already selected ones, rather than on the almost fell af features of the backward approach,
where we condition on all the nediscarded ones. Therefore, the forward procedure is usually
faster for largedimensional datasets, and it is less sensitive to the curse of dimensionality.

Theoretical Guarantees on the Ideal Error
The choice to require a cumulative loss in terms of TE not greater thaor a cumulative

information gain not smaller thaﬂy— (as shown in line 4 of the algorithms in the psetmmles) is

made to guarantee a loss (respectively, gain) of information flow that is bounded by the
hyperparametet (respectivelyy).

Indeed, the following theoretical guarantee holds in regression settings, considerirgathevard
TEF@pproach:

inf Exy[(Y; — g(X5 ", Yic14-m))?] < 0° + 6.
9€G 4

Similarly, considering thEorward TEF&pproach:

giengf Exy[(Y:— g(X5 Y 14-m))%] < 02 +2B? - TEx_,y — A.
A

In both cases, the term on the lefiand side of the equation represents the ideal regression error,

in terms of expected mean squared error, obtained when considering only the subset of the selected
features. Then, on the rightand side of both equatiorthe irreducible error, appears,
representing the error obtained when considering the full set of features. An additional term
represents the additional loss of information by considering the reduced set of features that, as
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already mentioned, is regulated by the hyperparameters. In the backward case, the hyperparameter
1 directly represents the upper bound of this additional loss of information flow from the features
to the target. In the forward case, this additional term is the difference between the transfer entropy
between the full set of initial features and the tatgescaled by a factogd (whered is the
maximum value that the target can assume), and the hyperparan¥:tEollowing this previous
discussion,, we therefore identify a relationship between the ideal regression error and transfer
entropy, showing the soundness of the proposed selection procedures.

Similar guarantees hold in the classification setting, in terms of Bayes error. In both cases, these
results are derived from the properties of the conditional transfer entropy and from a general result
that regulates the relationship between the irredulglerror and the error obtained considering a
subset of the original features. We refer the interested reader to the original paper for additional
details and proofs.

Finite-sample analysis

The theoretical guarantees provided in the previous paragraph hold assuming an exact estimation
of the transfer entropy at each iteration. However, TE is a specific instance of CMI, and uses finite
sample estimation that remains a challenging task and @engroblem. Considering continuous
features and a continuous target, for a specific kernel density estimator of mutual information, a
finite-sample exponential concentration inequality for density functional estimators was found, and
an extension of thigheoretical result to conditional density functionals has also been provided
(Singh & Poczos, 2014).

In the analysis of the causal feature selection algorithms presented in this section, if we consider
this specific kernel estimator of CMI between continuous varialidés$oxgo , we can exploit a
concentration bound with probability at leapt — as follows.

; - ; — Og - BN %y
II(X;Y|Z) - F(X;Y|Z)| < 4/ 221 + Cpnite
" i (i)
0]

whereQis the sum of the dimensions of the three vectors, the tefimB5  Ttare constant w.r.t.

the number of sampleg but exponentially dependent on the dimensidR of the variables.
Intuitively, high dimensional vectors lead to larger uncertainty on the estimator, which may suffer
from the curse of dimensionality, therefore both terms in the upper bound depend on the
cumulative dimension of the three vectors. Thehe term (i) in the equation accounts for the
variance of the density estimate, i.e., the difference between the estimator and its expected value,
and convergeto zero with the order of the square root of the number of samples. Instead, the term
(i1) of the upper bound in the equation refers to the bias of the density estimator, i.e., the difference
in norm between the expected value of the estimator and the tmadue of the CMI of the three
terms, with a slower sublinear convergence rate.

Starting from the concentration bound of the equation, the regression and classification errors
occurred (considering the subset of features selectedrbgwardand Backward TEFS)ave been
derived. They have the same structure of the ideal upper bounds shown in the previous paragraph,
adjusted with an additional term derived from the concentration bound itself.
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Experimental validation

A first experimental validation to explore the applicative behaviour of the proposed methodology
was performed on synthetic data, where the causal graph was designed to control the experiment.
Theforward and backward TEF&ave been compared to forward and backward feature selection
algorithms based on CMI, as benchmark feature selection approaches, and with the PCMCI
algorithm, as benchmark statef-the-art causal discovery approach. The causal graphs designed in
this casecover three, five and ten variadd and they assume linear relationships. A visual
representation of the causal graphs is reported in Figure 3.1.12.

Each of the three experiments was repeated ten times with different seeds, considering the
coefficients reported in the figure) o 1 samples, maximum time lags 0 ¢ for the two

and fivedimensional data, andd 0 o for the ten-dimensional data, and additive Gaussian
noise with standard deviation T1®. Then, the individual effect of each of these parameters is
studied, fixing the other parameters, and varying each parameter with different values. In this way,
we study the contribution and challenges that arise with increasing amount of noise, ingéagn
increasing number of samples, and varying coefficients. To further inspect the impact of high
dimensionality, we also consider settings with more variables p g ft o fpip T T
preserving the relationships and coefficients of the original-dénensional causal graph, and
adding independent variables that can be autocorrelated or interact with each other.

Figure 3.1.12Causal graphs designed for the three, five and ten dimensional cases. Each arrow identifies a causal
relationship and the two numbers above each arrow represent the time lag and the linear coefficient of their
interaction.

Each model is evaluated with the true positive rate (TPR) and false positive rate (FPR) on the number
of causal links detected, leading to some considerations on the algorithms. Both forward and
backward CMI feature selection do not consider the targehexconditioning. Hence, they tend to

select features that are caused by the target as well. On the contrary, forward and backward TEFS
and the PCMCI algorithm tend to identify the features causally relevant to the target, along with its
autoregressive coponent. Additionally, PCMCI tends to consider more features to avoid false
negatives at the cost of a higher false positive rate. In contrast, the two versions of the TEFS
algorithm are more focused on identifying the causal features that are most sagifit terms of
regression performance. This translates into better control of the FPR, at the cost of possibly not
considering some less relevant causal links, worsening the TPR. As an example of the behaviour of
these synthetic experiments, Table 3.1Hows, for the terdimensional setting, the complete
results in terms of TPR and FPR, varying the number of samples, the scale factor of the noise, the
time depth, and the value of the coefficients.
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Forward CMI Backward CMI PCMCI Forward TEES (ours) Backward TEFS (ours)

Benchmark

TPR 0.67 0.67 0.97 1.0 1.0

FPR 0.01 0.01 0.66 0 0

Increasing Noise

TPR [0.67,0.67,0.67,0.67,0.67] [0.67,0.67,0.67,0.67,0.67]  [1,0.97,0.97,0.77,0.87] [1,1,1,1,1] [1,1,1,1,1]

FPR [0,0,0.01,0.09,0.14] [0,0,0.01,0.09,0.13] [0.71,0.57,0.66,0.57, 0.6] [0,0,0,0,0] [0,0,0,0,0]
Increasing 7

TPR [0.67,0.67,0.67,0.43] [0.67,0.67,0.67,0.43] [0.53,0.97,0.97, 1] [1,1,1,0.7] [1,1,1,0.7]

FPR [0.03,0.01,0,0] [0.06,0.01,0,0] [0.44,0.66,0.73,0.83] [0.04,0,0,0.01] [0.04,0,0,0.01]
Increasing N

TPR [0.67,0.67,0.67,0.67,0.67]  [0.67,0.67,0.67,0.67,0.67] [0.67,0.9,0.97,0.9,0.9] [0.6,0.97,1,1,1] [0.93,1,1,1,1]

FPR [0.1,0.04,0.01,0.01,0] [0.2,0.04,0.01,0.01,0] [0.49,0.37,0.66,0.5,0.56] [0.03,0.01,0,0,0] [0.11,0,0,0,0]

Random Coefficients
TPR [0.67,0.63,0.67,0.36,0.67]  [0.67,0.63,0.67,0.36,0.67] [0.97,0.77,0.87,0.97,0.93] [1,0.47,0.0.67,1] [1,0.6,0.97,0.67,1]
FPR [0.01,0.14,0.23,0.19,0] [0.01,0.14,0.16,0.16,0] [0.66,0.36,0.54,0.16, 0.63] [0,0,0,0,0] [0,0.03,0,0,0]

Table 3.1.1Tenvariables synthetic experiment results. Each configuration of noise, time lag, number of samples and

coefficients was tested with ten different seeds. The Benchmark experiment consists of one configuration. The other

experiments consist of five confitations each, varying one parameter at time. Each cell contains, in square brackets,
the average TPR and FPR for each configuration tested.

To conclude the presentation of the two algorithms described in this section, some results -on real
world experiments are reported, validating the efficacy of the algorithms inweald contexts.

first, a climatic dataset with five variables is considergd increase the dimensionality of the data,

a similar dataset with fifteen meteorological features was considered. Finally, to further test the
algorithm on a benchmark realorld dataset, a dataset composed of five variables available in an

online caushrepository is used.

Ideally, we would know the real underlying causal relationships to validate the algorithms, which is
unrealistic in complex reatorld problems. For this reason, the regression performance (in terms

of coefficient of determination) is selected to draw som@nclusions on the effectiveness of the
methods. Similar to the synthetic setting, to further inspect the performance of the approaches,
PCMCI and FullCl are also considered as causal discovery baselines (along with forward and
backward feature selectiorbased on CMI). These two methods are applied with different
configurations, considering linear and nbnear independence tests. Table 3.1.2 shows the
selected set of features and the associated regression test performance score, with increasing past
depthd O N phelo . For clarity, only the begierforming result among the linear and nonlinear
PCMCI and FullCl applications (cabbedt C) is reported. The same applies to the forward and
backward CMI approachelkgst_CM).
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Best_CMI Best_CI Forward TEES Backward TEFS
" Climate, 5 features
M=L=1 {0,3,4} -+ 0.34 {0,2,4} — 0.45 {0,4} — 0.44 {0,4} — 0.44
M=L=2 {0,1} — 0.36 {0,1,3,4} — 047 {0,4} — 0.42 {0,4} — 0.42
M=L=3 {0,1} — 0.35 {0,3,4} — 0.48 {0,4} — 0.47 {0,4} — 0.47
Climate, 15 features
M=L=1 {0,2,3,11} — 0.29 {0,2,7} — 0.45 {0,7} — 0.44 {0,11} - 0.44
M=L=2 {0,2,11} — 0.30 {5,7,11} = 0.47 {0,7} — 0.43 {0,11} — 0.42
M=L=3 {0,5} — 0.28 {2,7} = 0.48 {7} — 0.47 {11} — 0.43
Benchmark, 5 features
M=L=1 {3,4} — 0.09 {3,4} = 0.09 {3,4} — 0.09 {3,4} —+ 0.09
M=L=2 {3} — 0.07 {3,4} =+ 0.13 {4} — 0.09 {4} — 0.09
M=L=23 {0,3} — 0.07 {0,3,4} — 0.13 {3} — 0.11 {3} = 0.11

Table 3.1.2Realworld experiments for three datasets. Each experiment was repeated three times, with different
time-depths. The table reports the set of IDs of the selected features and the related coefficients of determination on
the test set.

As discussed for the synthetic experiments, it is possible to observe the tendency fedrinard

and Backward TEF9.r.t. PCMCI and FullCl, to consider a reduced set of the most related causal
features in terms of TE. Indeed, looking at the subsets of features identified by each method, it is
possible to see that TEFS always select a subset of features that haer sma&tjual dimension

w.r.t. the baselines. In the empirical results, in terms of regression test score, this leads to an
empirical performace that preserves most of the information while further reducing
dimensionality. Therefore, th& scores of the proposed algorithms are similar to or slightly worse
than the best causal discovery counterparts, which consider more features as they aim to preserve
all possible causal links.

Takehome Message

The novel algorithms discussed in this section introduce theoretical guarantees on the selection of
features in a supervised learning setting, based on transfer entropy, which is a measure designed to
represent the asymmetric flow of information betweenriables. The theoretical guarantees also
hold in a finitesample setting, allowing the algorithm to be applied in practice. Finally, some
experiments validate the methodology in practice, showing its tendency to focus on a small set of
the most causally ftevant features in terms of TE.

3.2 Machine Learning for Cyclones
3.2.1. Machine Learning for downscaling and bias correctiof Gfainfall fields

Description of the problem

Reanalysis datasets, such as ERA5 (Hersitagh, 2020) produced by the European Centre for
Medium-Range Weather Forecasts (ECMWF), are key resources for studying historical weather
events like TCs. Indeed, precipitation fields from ERAS are often used as inputs to hydrological
models and risk agssment analyses of i@uced flood and compound impacts (Harrigan et al.,
2020; Dullaart et al., 2020; Cantoni et al., 2022; Sohrabi et al., 2023), as well as to provide the initial
conditions for reatime operational hydrological forecasts and-fiirecasts (e.g., Harrigan et al.
(2023)). However, previous studies have found that ERA5 systematically underestimates heavy
precipitation events (Bhattacharyya et al., 2022; Sun et al., 2022) and have suggested that ERA5
rainfall data must be bias correctecetore being used in hydrological models (Sun et al., 2021;
Ansari and Grossi, 2022). Additionally, TC rainfall often exhibits considerable spatial heterogeneity
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(Lin et al., 2015), with sharp gradients in precipitation patterns that may be difficult to capture
accurately with the 31 km horizontal resolution of ERA5 (Smitha et al., 2018).

Although highemquality gridded precipitation datasets exist (e.g. MSWEP, Beck et al., 2019b, and
IMERG, Huffman et al., 2015), there are several reasons one might preferaaljusted version of

ERAS over other gridded datasets. In comggrxain areas which often correspond to F@one

regions (e.g., Eastern Asia, Mozambique), theitirbased data usually suffer from sparse rain
gauge measurements with low representativeness, which makes the interpolation unreliable (Jiang
et al., 2021), while satile-based precipitation products tend to have large uncertainties (being
unable to reflect the topographgependence of precipitation), as demonstrated in many studies
(e.g., Hirpa et al., 2010). As reanalysis data produced byrégghution atmospherienodels can
represent rangewide precipitation better than a collective network of rain gauges in some complex
terrain areas (Iseri et al., 2021), putting together the value of reanalysis and observations is urgently
needed for hydrological and meteorologlcapplications, like TC rainfall risk assessment. Also,
reanalysis datasets like ERA5 can help complement observational products beyond emplax

areas, filling spatial and temporal gaps too (e.g., back extension for periods before satellite data
were available). Moreover, when high frequency extreme concurrent events are considered, having

a common dataset (ERA5 downscaled and-basected), with the same grid, time frequency and
temporal coverage for all the investigated fields (e.g. temperature precipitation for heat waves

and TC compound events) is fundamental. Finally, ERA5 is produced by the ECMWF Integrated
C2NBOlFaid {2adSY O0LC{0OX 6KAOK A a-rafgkBrecastsYHRES' 2 R S
and ENS). Thus, for hydrological forgirassystems (e.g., GIoFAS, see Alfieri et al., 2013) driven by
ECMWEF forecasts as inputs, it is better to use a consistent dataset, like the ERA5 reanalysis (original
or adjusted) for initialization or historical simulation purposes (e.g., to obtaimatmiogy that is

as consistent as possible with the forecasts). Indeed, this was the case for CLINT, as a bias adjusted
version of ECMWF TJiiduced rainfall forecasts was needed for the case study of the Zambezi.
Therefore, adjusting ERA5 rainfall maps wwdsgical first step, which was then taken further by
applying it to forecast data. In this deliverable, we report the methodology as applied to ERAS.
Deliverables D2.2 and D7.2 describe its application to forecast data and specifically for the WP7 case
study.

Motivated by the potential use of ERAS5 badjusted rainfall maps as input to hydrological and
hydrodynamic models, we set out to adjust not just pibesdel biases but also the spatial distribution

of rainfall. We specifically aim to adjust the locatiohthe rainfall peaks, which are especially
biassed in ERA5 and which have great value for hydrological models downstream (Smith et al., 2004;
Zoccatelli et al., 2011). A paper written based on the outcomes of this work is currently under review
at Weatherand Climate Extremes.

Algorithm description

Step 1: dataset preparation

We use hourly global ERAS fields, retrieved from the Copernicus Climate Data Store at a resolution

of 0.25° x 0.25°, for the period 20@D19. We chose not to include data prior to 2001 because

preliminary analyses revealed that, prior to this year, thearece of the bias of ERA5 was too large

and would likely have compromised the training of our model. We used four fields from ERAS: total

precipitation, total column of water, temperature at 850 hPa, and relative humidity at 850 hPa. The

latter three wereused as correction factors to help the model resolve the biases of the precipitation

field and were selected based on previous literature (Sha et al., 2020; Hu et al., 2021, 2022; Ling et
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al., 2022). We use precipitation data over the same period also for the MSWEP dataset2; a multi
source observational dataset blending gauge, satellite, and reanalysis data (Beck et al., 2019b).
Currently, MSWEP is one of the most accurate precipitatioastas (Sharifi et al., 2019), exhibiting
better performance than other precipitation products in densely gauged and ungauged regions
(Beck et al., 2017, 2019a). For instance, a recent study (Beck et al., 2019b) evaluated various gridded
precipitation prodicts at a common -Biourly temporal and 0.1°spatial resolution with respect to

the NCEP Stag® dataset, which merges data from 140 radars &%®b00 gauges over the
continental US, and found that MSWEP had the highest correlation (74%) with thesegeadggr

data than any of the other products (the secebest, IMERG Final V6, had a correlation of 58%). As
a{29t Kla | nom E 1 &MNA RS RI ADvi! pNB2y2( Hziid 2y St ¢
interpolation. Therefore, our task involves both bias adjstt and downscaling, for which UNet

like models are ideally suited and have been used in previous studies on precipitation (e.g., Hu et
al., 2021, 2022; Ling et al., 2022; Hess and Boers, 2022). Furthermore, MSWEfRasrlg 3
aggregated product, so wemputed a 3hourly aggregate for ERAS total precipitation and column

of water and a dhourly average for ERA5 temperature and relative humidity to match it.

To locate TC centres, we used the beatk data from the International Best Track Archive for
Climate Stewardship (IBTrACS) project (version v04r003), which HasualBtemporal resolution

(Knapp et al., 2010). Following the guidelines by Schreck €2Gil4), we eliminated all records
froStfSR Fa a&alLJzNE 2NJ GSEGNI GNRLIAOKFE ¢ I a ¢St
GNBLIAOFE OeoOfz2yS adliadza 66AYR &aLISSR x on |yz2i
(e.g., rainfall at 03:0QJTC refers to the rainfall accumulated between 03:00 and 05:59 UTC,
included) and IBTrACS reports instantaneous data every three hours starting at 00:00, we shifted all
data in IBTrACS forward by +bur using linear interpolation, so that each time st@ge., row in
IBTrACS) would be centred within the MSWEP accumulation window. For each time step in IBTrACS,
we then cropped the ERA5 and MSWEP fields around a 10e0 xRS 62 E OSy i NBR
location in time and space. This resulted in grids of disn@ns 96 x 96 x 1 for MSWEP and 96 x 96 x

4 for ERAS. Repeating this procedure for all time steps in IBTrACS yielded 59,644 pairs of (ERAD,
MSWEP) grids, which we split into 36,567 (62%) for training, 9,142 (15%) for validation, and 13,935
(23%) for testig, ensuring that no TC was split among different sets.

Step 2: quantifying spatial errors via the compound loss function

Following the work by Lagerquist and EbErihoff (2022), we quantify the errors in the localization

of the peaks of rainfall using a spatial verification metric frequently used in atmospheric science:
the Fractions Skill Score (FSS; Roberts and Lean). Z088 FSS is a metric that measures the
similarity of the spatial patterns in two gridded products (usually, a model prediction against
observations) and takes values between 0 (no match) and 1 (perfect match). The method to
compute the FSS first applias intensity threshold Q (here considered as a percentile of rainfall
intensity, calculated separately for each image) to the input grids, turning them into binary maps
with pixels of values 1 (0) if greater (smaller) than Q. Given these binary mapmfahcbverages

of threshold exceedances can be computed for different sized neighbourhood areas; the FSS uses
the fraction of pixels within a patch of size N that are positive in each map, and computes a skill
score from the mean squared difference ofgliraction between the observed and predicted grid
over all possible patches. In other words, it measures the average overlap betw&zad\patches

of the two binary grids. In the extreme case where N is equal to the size of the image, the FSS
behaves snilarly to the Dice score, which was used as the loss function for the original UNet
(Ronneberger et al., 2015). In our implementation, we selected N = 15, following a coarse grid search
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in the range [9, 21]. To use the FSS as a loss function for a neural network, we adjust it in two ways:
first, we invert it so that FSS = 1 indicates no match between the observed and predicted grids (thus
yielding the greatest possible gradient); secom@& make it differentiable by replacing the hard
threshold Q by an arctan function of Q (see below), followed by a Gaussian filter and a normalisation
into the range [0, 1].

O'QE @GOG O O OWEEN RO QM Q1 ©'QK6 PRIRKQ

Cumulatively, these steps bring the values in each grid close to binary without applying a non
differentiable hard threshold. For the rest of the paper, we will refer to this modified version of the
C{{ la C{{Qd CAylffes S RSTAYS (KS O0O2YLRdzyR

0 ™ O "O"YRY "O"YRY 0 YO

where the weights of the two terms (0.7 and 1) were found empirically by searching in the range
on®mI M8 F2NJ 020KZ ¢gA0GK nodm AYONBYSydGao Ly GfF
GKNBS @I fdzSa 2F C{{ Ol t ehonis{80tH, R5thTagd\eBtRperéehti NS v
values for each image). This was done in an attempt to teach the model to adjust the localization of
rainfall peaks of different intensities, rather than for a single threshold. The use of percentile
thresholds in theC { { FAYa G2 RAAOFINR GKS AyTfdsSyOoS 27F |
concentrate on spatial accuracy, while the MSE component is used for adjustinigpelddiases.

Step 3: ML architecture

We use a modified version of the popular UNet architecture (Ronnebetggr, 2015). In its original
version, inputs are first encoded via a series of convolutional and max pooling layers (which reduce
the spatial resolution and increase the semantic meaning of the information), and then decoded via

a series of convolutionaand upsampling layers (which restore the spatial resolution while
maintaining higHevel semantic information). Blocks of the encoder and decoder that are at the
same depth are then connected via-€ok £ f SR aa 1ALl O2yySOGA2ythed 066K
SYO2RSNNRa o0t201 6AGK (GKS O2NNBALRYRAYy3I RSO2I
information to the semantically complex layers of the decoder. The Residual Attention UNet (RA
UNet, or RAU for short) (Figure 3.2.1 below, Jin et al., 2020yraents the original UNet in two

ways: it replaces the convolutional blocks with residual blocks, and it adds attention modules along
the skip connections. Residual blocks enhance the learning process by enabling a direct flow of
gradients through the netark, mitigating the vanishing gradient problem commonly encountered

Ay RSSLI ySGg2N1ad ! 0GSydAz2y Y2RdzZ Sazx O2y JSNE
salient features within the input data. By incorporating a gating mechanism, these modules
seledively emphasise important features and suppress less relevant ones, thus improving the
feature representation power of the network. Integrating residual blocks and attention modules
into the UNet architecture significantly elevates its performance, paldity in tasks requiring
precise localization and feature delineation. Contrary to the original implementation &, Rve

chose to omit batch normalisation and dropout, as our model showed no sign of overfitting. We
trained our model using the Adam (King and Ba 2014) optimizer and early stopping (which
triggered after about 30 epochs) on an NVIDIA A100 GPU. The hyperparameters of the network,
which we optimized via gridearch, are reported in Table 3.2.1. For an explanation of how these
parameters affet the training of the network, the reader can refer to (Kingma and Ba 2014).
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Figure 3.2.1Performance metrics averaged on the test set, reported as % improvement over the baseline (i.e.,

ERAS).
Initial learning rate 0.0001
Adambl 0.9
Adamb?2 0.999
Batch size 32
Residual blocks filters [32, 64, 128, 256]

Table 3.2.1Hyperparameters for RAINet.

Implementation

All code was written in Python. The preprocessing of data was done using a combination of
Pandas, Numpy, and Xarray functions, while the construction and training of the model ML was
done using Tensorflow and Keras.

Software Libraries Version
Tensorflow >=2.10.1
Python Keras >=2.10.0
>=3.7
Pandas >=2.1.1
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Numpy >=1.25.2

Xarray >=0.20.1

Scipy >=1.9.3

Table 3.2.2Dependencies for the software used.

Performance test

To disentangle the skill of the compound loss from the capacity i Rie also implemented two

other loss functions: a standard MSE, and another composite loss function proposed by Hess and
Boers (2022), who also developed a UNet model for the biastatgms of rainfall maps. Therefore,

we trained three identical RA models using the three different loss functions {BAs RAUHess
RAU:mpd), and evaluated their performance on the test set using the following metrics (all
considering MSWEP maps as the reference, and all reported as average values on the test set): (1,
HX o0 C{{ F2NJ 6KS GKNBS LISNDOSY BAMAE, (5) KSES@E)K 2 f F
spatial correlation, (7) absolute delta bias (i.e., the absolute value of the difference between total
rainfall in the model output and the corresponding MSWEP maps), (8) percent delta bias (the same
as absolute delta bias, but talg the signed percent error instead of the absolute value), (9) the
distance between the highest peak (i.e., pixel with highest intensity) in the model output and the
peak in the MSWEP map, and (10) and the Symmetric Mean Absolute Percentage Error (§MAPE),
metric based on relative errors, frequently used for forecast evaluation (Hewamalage et al., 2023)
and corresponding to a modified version of MAPE, which is often used for rainfall forecast
evaluation (Jolliffe and Stephenson, 2012; Ramos et al., 20284 )ise SMAPE to describe by what
percentage the peaks of ERA5S andWRdiffer from those of MSWEP. However, if an ERARJRAL

map had a peak of equal magnitude to that in the corresponding MSWEP image but in a very distant
location in the map, this metriwould be 0, erroneously. To prevent this, we define a new version

of this metric, NSMAPE, using a neighbourhood approach. For a given MSWEP image, we locate the
peak of rainfall. Then, in the corresponding ERAB/RiAage, we draw a box of side n = 3ward

that pixel (i.e., we select the 9 pixels around and including it), and compute SMAPE within that
neighbourhood, thus discarding strongly displaced peaks.
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Figure 3.2.2Performance metrics averaged on the test set, reported as % improvement over the baseline (i.e.,
ERAS).

As can be seen from Figure 3.2.2 above, our model can greatly improve ERAS (i.e., reduce its biases)
over a comprehensive set of metrics, with the exception of NSMAPE (i.e., the magnitude of the peak
of rainfall), for which it does slightly worse than ERNBvertheless, upon inspecting the results
further we discovered that our method does improve nSMAPE in 41% of the data, and for the
remaining 59% it does worse than ERA5 by a margin small enough that we deem acceptable,
especially in light of the greatlynproved other metrics.
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Figure 3.2.&xample of the performance of our proposed model compared to ERAS in the case of a particularly
wet TC: Cyclone Gamede, from 2007, the second wettest TC in history.

To better understand how our model actually operates, we visualise (see Figure 3.2.3 above) the
example of Cyclone Gamede, the second wettest TC in history. From this figure the biases of ERA5
are apparent: it both grossly overestimates the total amoumntamfifall, and cannot well localise the

true peak of rainfall, showing sharp biases in the western portion of the eyewall of the TC.
Comparatively, the map of our model has much lower overall bias, and crucially does not have any
area where the bias is shger than elsewhere, indicating that the peaks of rainfall are more
correctly localised.

3.2.2. Data augmentation for tropical cyclone intensity estimation

As for many other natural disasters, the risk associated with a TC is a function of exposure,
vulnerability, and hazard (Field & Barros, 2014). For TCs, the latter is related, in the literature and
2LISNF A2yl ffex YIFAyfte (2 ld e/ Qapeak wikdisyeezvat 20 dza G |
metres over a 1or 10-minute period), which is therefore taken as a measure of its intensity
(Schmidt et al., 2010; Murnane & Elsner, 2012; Ye et al., 2020).

Unsurprisingly, estimating the intensity of TCs from remote sensing data (i.e., satellite images) was
an active area of research for decades, reflecting its critical importance in disaster preparedness and
risk management. Initially, Tropical Cyclone lisignEstimation (TCIE) relied heavily on subjective
methods such as the Dvorak technique (Dvorak, 1984) and its variants (Velden et al., 2006; Olander
et al., 2004), which relyon hafdNJ FG4 SR FSI Gdz2NBa G2 SadAyYrdasS
However, these traditional approaches suffer from inherent limitations, including human error,
subjectivity, and the inability to process large volumes of data intneed (Olander & Velden, 2007,

55
ML ALGORITHMS FOR
CLIMATE SCIENCE



’/o\o CLINTF CLIMATE INTELLIGENCE
‘[ l C L I N T Extreme events detection, attribution and adaptation
°\,°/ CLIMATE INTELLIGENCE design using machine learning

EU H2020 Project Grant #101003876

Pradhan et al.,, 2017). Researchers have recently started adopting advanced computational
techniques to overcome these challenges. Deep learning algorithmwst notably, Convolutional
Neural Networks (CNNshave demonstrated unparalleled success in auton@tihe analysis of
complex, highkdimensional data such as satellite images, and are now solidly established as the
state-of-the-art for TCIE (Pradhan et al., 2017; Chen et al., 2018; Wimmers et al., 2019; Maskey et
al., 2020; R. Zhang et al., 2019; Wanglet2021; CJ. Zhang et al., 2021a; Zhuo & Tan, 2021; Jiang
et al., 2023; Zhou et al., 2023).

However, the datasets used for TCIE, which are typically collections of satellite images of TCs, have
G2 YI22N) AaadzsSa (2 6KAOK RSSLI f SINYyAy3a Y2RSf
40,000 samples), and they are highly imbalanced, witlers of magnitude more samples for weak

TCs than for intense ones. Together, these issues make it hard for deep learning models to estimate
the intensity of the strongest TCs, which, given the exponential relationship between wind speed
and damages (Ndhaus, 2006), are the ones whose wind speeds should most accurately be
SAGAYIFIGSR® ¢KS OflFaaAal0 RSSLI ftSFNYyAy3 FROAOS i
easily applicable in this case, because reliable historical records of TCs oslyagdack as the

1970s (when TC surveillance programs with satellites became commonplace), and because the most
intense TCs are exceptionally rare: between 1980 and 2023, there have been only 38 Category 5 TCs
worldwide, or 0.95% of all TCs in that perigthapp et al., 2010, 2018). Instead, to mitigate data
scarcity and imbalance, TCIE researchers often borrow from Computer Vision a family of techniques
known as data augmentation: transformations (e.g., rotations, cropping, translations, flipping)
applied to the images in the dataset that create similar, synthetic samples. In theory, any
transformation can be used as long as it produces images that can be reasonably assumed to have
come from the same datgenerating distribution as the raw images. In otheords, they must

mimic sources of variability naturally found in the data, such as orientation angles. If the
transformation leads to an image that cannot be assumed to have come from the original data
generating distribution (i.e., if the transformed sadi S AokR AdZRINRA 6 dzi A2y € 0 X A
training of the model, as it will teach it to detect spurious variations in the training data that are not
expected to be found in the test data. Transformations must also be-lalatiant, meaning they

must not cause the label of an image to change. For example, modifying the brightness of a TC image
g2dA R tA1St@& YIS AG €221 €tA1S | ¢/ 2F | RAFTF!
be avoided. Given that the transformation itself wid not provide as output also the new label, a
domain expert would have to manually label the new image, which would be impractical and time
consuming.

The way data augmentation techniques have been used in TCIE studies has been largely unexamined
and potentially problematic. For instance, some authors apply transformations that are not label
invariant, such as shear (Maskey et al., 2020), or that produt@f-distribution (OOD) samples,

such as adding Gaussian noiseJ(Zhang et al., 2021a). Furthermore, some authors flip images
horizontally to generate new samples (Pradhan et al., 2017; Wimmers et al., 2QllZHang et al.,
2021a; Jiang et al2023), while others (Chen et al., 2018; Wang et al., 2021) caution against it, as
horizontally flipping images from the Northern Hemisphere would make them look like images from
the Southern Hemisphere and vice versa. This argument is valid if the dasasEhas samples from

only one hemisphere (as was the case for Chen et al. (2018)), in which case random flipping would
produce OOD samples. However, this is not necessarily true if the dataset contains samples from
both hemispheres. What effect flippingonld have in such a scenario has not been measured or
even discussed. Chen et al. (2018) argue that also randomly translating images would produce OOD
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samples: raw images in TCIE datasets are centred on the TCs, so randomly translating them would
de-center them and produce samples that are fundamentally different from the original ones. Yet,
Wimmers et al. (2019) used translations and achieved perfor@anc® 2 YLJ N} 6f S G2 /
model that did not. Furthermore, authors typically borrow their data augmentation strategies
RANBOGtE FTNRY GKS /2YLIziSNI +A&aA2Yy fAGSNY GdzNBx
augmentation to do, which images faugment, what techniques to use, and what parameters to
assign to each technique (more on this later). However, even onstgled Computer Vision
benchmark datasets, the choice of data augmentation strategy is known to greatly affect the
performance & deep learning models (Graham, 2014; Alexey et al., 2016), as data augmentation
techniques are highly sensitive to the task for which they are used. Indeed, the general advice from
the data augmentation literature is to tailor the augmentation strategythie specific task and
domain for which it is used (Ratner et al., 2017; Cubuk et al., 2019; Wu et al., 2020; Yang et al.,
2021). Therefore, there are no guarantees that data augmentation strategies from another field
would be optimal for TCIE.

It is also unclear how to properly use data augmentation for TCIE to make the datasets less
imbalanced, or whether this should be done at all. In fact, in most TCIE works, the same amount of
data augmentation is applied to all images in the dataset, thastaining the same relative data
imbalance (Pradhan et al., 2017; Chen et al., 2018; Maskey et al., 2020; R. Zhang et al., 2019; Jiang
et al., 2023). Conversely, Wimmers et al. (2019pakanced their dataset by doing more
augmentation for the images dfigherintensity TCs (each image of a Category 5 hurricane was
augmented 1000 times), reaching a dataset where every Siffipson category was equally
represented. Having trained a CNN on this dataset, they found that it still performed much worse
for Cdegory 5 hurricanes than for any other class. Is there an upper limit, then, to how many times
images should be augmented for a model to learn effectively from them? Does the choice of
augmentation techniques matter? Is augmenting all images equally deviiategy, or should
augmentation explicitly reduce data imbalance? Our work (under review at the Journal of
Geophysical Research: Machine Learning and Computation) gives an answer to these important
questions, using a framework that is flexible enougtbe applicable to many different fields and
tasks, outside the study of TC intensity.

Algorithm description

Step 1: dataset preparation

To locate TC centres, and to obtain the ground truth for the intensity of the TCs, we use the best
track data from the International Best Track Archive for Climate Stewardship (IBTrACS) project
(version v04r00; https://www.ncdc.noaa.gov/ibtracs/), whichsha 3hourly temporal resolution
(Knapp et al., 2010). We extract data between 1980 and 2022. For each time step in IBTrACS, we
extract four variables: the latitude and longitude coordinates of the TC, the time, and the wind
speed. Given these coordinatase locate each TC in images from the GricBRhidataset, one of

the most frequently used satellite products for Ndased TCIE (Chen et al., 2018; Tian et al., 2021;
Lee et al., 2021; Zhuo & Tan, 2021; Zhou et al., 2023). In total, our dataset cor@8&36fimages

of tropical cyclones, covering an area of 1000 km x 1000 km. We reserve the last 20% of the data
for testing (corresponding to the period 202022) and use the remaining 80% to train antb#-

shelf CNN (described later). We split the datsuring no image from the same TC appears in both
sets, and so that the two sets have the same distribution under the Saffipson scale (see Figure
3.2.4).
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Figure 3.2.MDistribution of our dataset before applying any augmentation. The data are shown binned according
to the SaffirSimpson scale (TD = Tropical Disturbance; TS = Tropical Storm).
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Step 2: implementing the augmentation functions

We implemented the following augmentation functions (Figure 3.2.5): identity (just copying the
image), horizontal and vertical flipping, rotation (by an angle multiple of 90 degrees), translation
(along either axis, by a number of pixel in the rangge §), and random erasing, performed by
masking a vertical or horizontal bar of pixels of width ] with random values. Except random
erasing, all other techniques have been used in the TCIE literature with varying degrees of success.
We chose to also infpment random erasing because we discovered that satellite images
sometimes present artefacts in the form of random vertical or horizontal bars of noisy pixels;
therefore, random erasing should enable our model to be invariant to this source of error.

To apply these transformations to our data, we take inspiration from the Randaugment framework
of Cubuk et al. (2020) and adapt it to our use case. Specifically, before feeding a batch of data to our
ML model, we apply a random number of augmentations dcreimage, using randomly selected
parameters each time. This randomised way of performing data augmentation has two advantages
over an offline approach: it explores the parameter space more thoroughly, which is beneficial for
training (Cubuk et al., 2012020), and it does not require storing all the augmented images: they
are created online at each epoch and deleted from memory immediately after, adding a trivial
computational cost but saving considerable space on disk.
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Figure 3.2.5/isualization of the effect of the six augmentation techniques we implemented, with randomly
selected parameters.

Step 3: choosing how much to augment

To determine how much to augment our dataset, we loosely follow a modified version of the Gini
coefficient, originally defined as a measure of income or wealth inequality within a nation or a social
group. More broadly speaking, the Gini coefficient measuhow well a certain resource is
distributed, and it can be computed as the integral of the area between the Lorentz curve of a
distribution and the line of perfect equality (Farris, 2010). For a discrete distribution, the Gini
coefficient is equal to h&lthe mean absolute difference between classes divided by the total
frequency of all classes (Dorfman, 1979); it takes values between 0 and 1. In our case, we use the
Gini coefficient to describe the level of imbalance in our dataset when stratified angotal the
SaffirSimpson scale. For a perfectly balanced dataset, where eachSaffison category had the

same number of samples, G would be 0; for a dataset with samples for only one category, it would
be 1. Before being augmented, our dataset has@5%, indicating a strong imbalance. To bring G
closer to 0, we test various amounts of augmentation for the ursienpled categories. Specifically,

we increase the cardinality of each category by a maximum of{l#0, 25, 50, 75, 100} times, or

until the total number of samples in the category has reached an upper bound of 28,628 (the
frequency of the most populated category, TS). Therefore, the hiiglensity categories, which

are the least populated and furthest from the upper bound, will receivertitst augmentations,

while the most populated category will receive none. Note that, as explained in the previous section,
Fd GKAa adr3sS ¢S R2 y20 LISNF2NY Fyeé FdzayYSydal .
Given that some categories will rdathe upper bound of 28,628 before being increased M times,
y2G |ttt AYF3Sa Ay SIFOK OFGS3I2NER NBX 3dzZl N»¥ yi S8
will be flagged multiple times. The actual augmentations then happen during the training of the
modef = gKSNBoeé SFOK AYlF3aS FEI13I3SR Fa ad2 o0S I
augmentation at each epoch (and therefore will be augmented a number of times equal to the
number of training epochs, which in our case was®). However, if an imags flagged multiple

times, it will still receive a unique augmentation during training for each of its flags. Although this
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process may introduce some selection bias (as the images to be augmented are selected randomly
and some are not chosen at all), such a bias would be problematic only if the images selected were
outliers in some way, which we found not to be the case.

Within this framework, we use the Gini coefficient to describe the level of imbalance of the resulting
datasets. The relationship between M and G is-inear and depends also on the upper bound we
set for the cardinality of the categories. Put simplye tligher M is, the more categories are going
to reach the upper bound, and the lower G will be (because the distribution will become uniform).
Specifically:

For M =100, G = 0.08

ForM=75,G=0.10

ForM=50,G=0.11

ForM=25,G=0.14

ForM=10,G=0.25
To further lower G we could also undeample the ovessampled categories, for example by setting
an upper bound of 20,000 on the maximum frequency of each category. This would require slightly
under-sampling the Tropical Disturbance (TD) categet9( sanples) and heavily undesampling
the Tropical Storm (TS) catego#8,628 samples). However, the effect on G would be trivial. For M
= 50, for example, it would lower G by just 0.01. Considering the amount of information that would
be lost, we ultimatellchose not to perform any undersampling.

CAylLttes ¢S lfaz (0Sad GKS aylA@Seé |dAYSyalr aaz
an equal amount M , which we select as the best value of M found in the previous test; however,
here we do not set an upper bound on the cardinality of da¢egories, so that the cardinality of

each category will be increased by exactly M times. Note that this means G remains 0.57, as the
OF NRAYFtAGE 2F (GKS OFGdS32NrRSa NBfIGA@S G2 Si
augmentation strategy anthe various values of G, we use all augmentations in S as described in
the previous section.

Step 4: choosing augmentation techniques

Having established which value of G is best, we seek to identify which augmentation techniques
work best for TCIE. To do so, we implemented a simple feature selection algorithm called backward
elimination. We start by recording the performance of the bastdel found so far, hereafter
referred to as PS. P denotes here a generic, unitless metric of performance, with higher values
signifying superior model performance. Let us denote each element (augmentation technique) in S
with an integer index, suchthatlS 9ans am> & & & I aAybmYI gKSNB
in S. We then iteratively remove one augmentation technique si at a time from S dralir¢he

model, which will have some performance\g; for simplicity of notation, we wilefer to this

jdzZt yaAGe +ta t{bA AyadSIR® LT t{bA B t{ = AlG Y
to a list E of techniques to eliminate (at the start of the algorithm £ Regardless of the outcome,
technique si is temporarily ranserted into S, and the algorithm proceeds to evaluate the next
technique, si+1. This intentional-iesertion of detrimental techniques is done because it has been
documented that augmentation techniques have complex interactions with one another (Ratner e
al., 2017), so we want to ensure that removing one from the set early does not influence how we
evaluate the others that have not been tested yet. Once all si techniques have been tested, we
evaluate how many are in E. If E or E = S, indicating eith@o technique or all techniques were
detrimental, the feature selection algorithm has converged and is stopped. Otherwise, all elements
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in E are removed from S, and the entire process is repeated until convergence. The reason we repeat
the process after the first iteration is to test whether removing one or more techniques from S had
an effect on the remaining ones that changed their usgfgs or redundancy within the set.

Step 5: training the ML architecture

The framework proposed here is flexible and independent of any ML architecture. To test its
effectiveness, we chose a popular architecture availabletheffshelf: InceptionV3, which we
downloaded from the Keras Python library without grained weights.

Implementation

All code was written in Python. The preprocessing of data was done using a combination of
Pandas, Numpy, and Xarray functions, while the construction and training of the model ML was
done using Tensorflow and Keras.

Software Libraries Version
Tensorflow >=2.10.1
Keras >=2.10.0
Pandas >=2.1.1
Python
>=3.7
Numpy >=1.25.2
Xarray >=0.20.1
Scipy >=1.9.3

Table 3.2.Dependencies for the software used.
Performance test
First, our findings indicate that there is both an upper and a lower bound on the amount of
augmentation that is optimal, and that augmenting each image up to 50 times (corresponding to G
=0.11) is the most optimal solution (Figure 3.2.6). In partictiiax solution trades off slightly worse
performance on the weakest TCs in favour of greatly reduced RMSE for the strongest TCs. Given the
exponential relationship between TC wind speed and expected damages, improving the estimation
for strong TCs is expontally more beneficial than for weak ones.
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Figure 3.2.65raphical representation of the results on the most optimal amount of augmentation. Each cell contains
the average RMSE over all TCs of a given-Saffijpson category. Continuous black lines indicate the lowest RMSE for
each SaffiSimpson category, wieildotted ones indicate the secoddwest. The results for G = 0.08 are omitted from

this heatmap, as the corresponding values are so out of scale compared to the others that they would hinder visibility.

Second, the feature selection algorithm found that none of the augmentation techniques
implemented were detrimental when considering the average performance over all TC categories
OCAIdZNBE oPHPTO D | 25SHSNE (KS S FanBadde is 2ompldAtNRA T 2
reduces the performance for Cat33TCs and improves it for all others. This is likely because there
are no Cat 5 TCs in our dataset from the South Hemisphere, and thus flipping images of these TCs is
likely to confuse the model.ufthermore, we found that random erasing (which we were the first

to apply to this use case) was highly beneficial, although it did lower the performance for Cat 5 TCs.
This indicates that there may be figgained features in Cat 5 TCs that, if occludgederely hinder

the ability of a CNN to correctly estimate the intensity of the cyclone.
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Figure 3.2.%Graphical representation of the results of the backward feature selection algorithm, showing how
GKS Y2RSf Qa LISNF2NXIYyOS o6YSIFaAdz2NBR GAl wa{90 OKIy3aSa
the set S of all techniques implemented in this pageach cell contains the average RMSE over all TCs of a given
SaffirSimpson category. Continuous black lines indicate the lowest RMSE for eacBi8gffion category, while
dotted ones indicate the secoAdwest.

Finally, comparing the performance of the most optimal data augmentation strategy found with
GKFG 2F GKS ayllA@Se yR ay2 ldzAYSyal dA2yé aidN.
is clearly more effective when used as a tool tdbedance dataets, rather than to bloat the size of

a dataset by augmenting all images uniformly. Indeed, the naive approach seems to be beneficial
(although by a small margin) simply because it increases the size of the dataset, thus lowering the
overall error of themodel. However, the rarer classes remain just as rare, and thus the model is
disincentivized to predict them. Conversely;ad £  yYOAyYy 3 (GKS RFGIF&aASG NBY:
better enables the model to learn the differences between the images of varetegaries.
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Figure 3.2.8ias curves for the best augmentation strategy that emerged from our tests and for two benchmark
augmentation strategies: no augmentation, and the naive strategy of augmenting all images equally. The shaded
areas represent 95% confidence intervals. Theaddown here are binned every 10 knots.

3.2.3. Synthetic generation of Extra Tropical Cyclones fields with Generative Adversarial
Networks

Description of the problem

Extra Tropical Cyclones (ETCs) are large, complex systems that strongly affect atmospheric dynamics
at mid-latitudes, bringing heavy precipitation, strong winds, and storm surges. Such conditions are
particularly hazardous to coastal regions, where ETCse pgerious risks to communities,
jeopardising critical infrastructure, production processes, and essential services (Schwierz et al.,
2010; Ulbrich et al., 2009). Over certain regions of North America, northern Europe, and Japan, ETCs
are responsible for wre than 70% to 80% of the total annual precipitation (Hawcroft et al., 2012),
and for 6080% of all occurrences of extreme precipitation and wind gusts (Pfahl & Wernli, 2012).
Moreover, the conditions associated with an ETC can vary greatly: an ETGncaddwastating
windstorms and torrential rainfall just as well as little rain and mild winds (though extreme
conditions are more frequent). To capture such heterogeneity, any model that attempts to study or
simulate ETCs behaviour must have access te Emgpunts of data. However, the historical records

of intense ETCs are limited. (Dacre & Pinto, 2020) argue the importance of longer datasets for
accurately estimating the impacts of rare storm series. (Ulbrich et al., 2009) point out that even in
recent high-resolution operational analysis the intensity of severe systems may not be adequately
represented. This may lead to underestimating the occurrences of intense systems in reanalysis.
Increasing the amount of data relative to EFCgarticularly of theatmospheric fields related to
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their extreme conditions- could thus enable more detailed analyses of these severe weather
phenomena, with downstream benefits across multiple sectors, including coastal management,
agricultural production, air and maritime transportation, and risk assent and management. The
computer vision literature offers several algorithms for generating synthetic, spatially distributed
data. One such algorithm, which has gained notoriety in the last few years, is the Generative
Adversarial Network (GAN), a deegaitning algorithm that learns the probability distribution
underlying a set of training data and samples this distribution to generate new data (Goodfellow et
al., 2014). GANs have shown promising results in various weather and climate applicationsgnclud
bias correction (Hess et al., 2022; Pan et al., 2021), downscaling (Harris et al., 2022; Leinonen et al.,
2021; Oyama et al., 2023) and weather forecasting and nowcasting (Bihlo, 2021; Liu & Lee, 2020;
Ravuri et al., 2021; Tian et al., 2020). Furthen&ANs have been adopted for generative weather
and climate science modelling tasks. For example, (Besombes et al., 2021) develop a GAN to produce
realistic weather situations extracted from a general circulation model. Similarly, (Wang & Karimi,
2023) enploy a GAN to create higlesolution precipitation data from a climate model. Compared

to traditional methods, like statistical models, which generate data based on preset statistical
distributions, or rulebased methods that rely on predefined rules arrhulas, GANs excel in
generating realistic samples from limited datasets. GANs offer an efficient and scalable approach to
modelling complex systems by capturing detailed patterns and variability with precision and
diversity in the generated outputs. Coruged to simulation models, GANs have the capability to
generate a significantly larger volume of data in a considerably shorter time. We address the limited
availability of intense ETC data by using a GAN to generate synthetic fields of mean sea level
pressure, wind speed at 10m, and rainfall rate of ETCs in the North Atlantic region.

Algorithm description

Dataset Preparation

Our study area spans the North Atlantic, specifically from 70°N to 20°S latitude and from 20°E to
100°W longitude (Figure 3.2.9). This region is essential in the life cycle of ETCs as it encompasses
their formation, development, movement, weakening, andeetual dissipation. Moreover, it
includes the northeastern North America and northern Europe, which often bear the brunt of
landfalling ETCs. We collected all records of intense extratropical storms in this area from the
Northern Hemisphere Extratropicaly€one Tracks dataset (Crawford et al., 2021), from 1959 to
2022. We only included tracks where a cyclone's central pressure dropped to 970 hPa or lower at
least once. Although there is no universally agreed upon central pressure threshold for classifying
cyclone as intense, a pressure of 970 hPa is indicative of a strong storm system (Gulev et al., 2001,
Vyazilova & Vyazilova, 2012). The filtering process based on the cyclone's central pressure led to the
identification of 579 ETC tracks. For each tingp @long the selected tracks, we downloaded the
following hourly fields from the ERAS reanalysis dataset (Hersbach et al., 2020) in the study domain,
with a spatial resolution of 0.25 °: mean sea level pressure, horizontal components of wind at 10
metres and total precipitation. From the wind components we obtained the wind speed at 10
metres. We stacked these fields together as colour channels in an RGB image. This enabled our
network to effectively exploit the intrinsic physical relationships betweeniabdes, thereby
enhancing its ability to model complex atmospheric dynamics. Ultimately, our dataset consists of
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54,537 snapshots of ETCs, each with a shape 201 x 481 x 3. We divided the data set into 43,629
~80% samples for training, from January 1959 to January 2013, and 10,908 f&2Gesting, from
February 2013 to December 2022. The dataset was divideduvotdistinct time periods, a decision
supported by the absence of significant differences in the statistics and variability between the two
subsets.
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Figure 3.2.95eographical extension of the domain considered.

Progressive Growing Generative Adversarial Network

Generative Adversarial Networks are based on the principle of gotaxer zeresum game, where

two subnetworks, the generator and the discriminator, engage in adversarial learning (Goodfellow

et al., 2014). The objective of the generator is to capturd eplicate the probability distribution

of the observational data, thereby learning to generate new, realistic data. More specifically, the
generator takes as input a vector z randomly sampled from a distribution p(z). This distribution is
usually a Gaugan and the vector is known as the latent space. This space acted as a source of
N} YR2Y y2AaSd ¢KS LJzN1J2aS 2F GKS 3ISYSNIF G2NI A
transforms the unstructured noise vector z into realistic data samples by tuh&gietwork

LI NI YSGSNB ‘ oDUOU® [/ 2y@SNESte>x (KS 202SO00GA@QS 27
synthetic data produced by the generator (Goodfellow et al., 2014). The training of GANs involves
both finding the discriminator's parameters mamsing its classification accuracy and finding the
generator's parameters maximally confusing the discriminator. The cost of training is evaluated
using a value function that depends on both sudtworks. The cost function comprises two cost

terms associeed with the generator and the discriminator (Goodfellow et al., 2014). This
optimization process is a minimax optimization problem, aimed at convergence at a global saddle
point, which represents a minimum for the generator and a maximum for the dis@torin
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Figure 3.2.1@5eographical extension of the domain considered Learning Process of a GAN. The generator inputs
random noise vectorgand outputs synthetic data samples. The discriminator evaluates each sammtiether real
or synthetic-- and classifies it aRealor Fake During each training iteration on a batch, the gradients of the twa sub
networks are sequentially optimised. First, the gradients of the discriminator are updated, followed by those of the
generator.

GANSs are susceptible to two main issues: mode collapse and training instability. Mode collapse
refers to a situation in which the generator starts producing a limited variety of outputs, often very
similar or even identical to each other, regardless of ¥heation in input noisg(2). This occurs

when the generator discovers and exploits certain weaknesses in the discriminator, leading to a lack
of diversity in the generated samples. Training instability refers to a difficulty achieving Nash
equilibrium, often due to problems such as vanishing gradients and slow training (Weng, 2019).
Traditional divergencéased loss functions, commonly used in GAN training, contribute to these
issues due to their potential lack of continuity with respect to the genetatparameters. To
address these issues, (Arjovsky et al., 2017) proposed using the Wasserstein metric (also known as
the earthmover distance) as the loss function for GANs, leading to what they called the
WassersteilGAN(WGAN). The Wasserstein metric qtifies the lowest energy cost required to
transform one probability distribution into another. Thus, in a WGAN the discriminator takes the
role of a critic who evaluates the distance between the real and generated data distributions. To
further mitigate training instability and mode collapse, (Karras et al., 2018) proposed a training
methodology known aprogressive growingThis technique involves gradually expanding the size
and complexity of both the generator and discriminator networks during the itnginThe training

begins with lowresolution images, and as it progresses, the resolution of the inputs is increased,
and new blocks of convolutional layers are added to both networks. This technique was found to
speed up the training and significantly ingpe its stability (Karras et al., 2018). Furthermore, it
facilitates the discovery of larggcale structures within the image distribution before transitioning

to finer-scale details, a strategy that is more effective than attempting to learn all scatexea.

This aspect is particularly beneficial for atmospheric data analysis, given the variety of patterns and
processes that occur at different spatial scales. We used the model proposed by (Karras et al., 2018)
as the starting point for our study. Howey we observed that the atmospheric fields it generated
were blurry and had artefacts (in the form of bands of constant values) at certain latitudes and
longitudes. To rectify these errors, we used the Cramér distance (Rizzo & Székely, 2016) as a loss
function instead of the Wasserstein distance. Given two probability distributiausd Q overp ,

with cumulative distribution function® and™O, the Cramér distance betwedPand Qis defined

as:
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a 0hD d, "Ow 0w Q®
The main advantage of Cramér distance over Wasserstein distance is thatumthiased sample
gradients A divergence that featurambiased sample gradienénsures that, for all distributionB
and any sample sizm, the expected gradient of the sample loss equals the gradient of the true loss
(Bellemare et al., 2017). This property ensures that distribution of the expected sample loss is true.
On the contrary, a loss function without this property could lead to lehgles with a stochastic
gradient desent method, either being noigonvergent or converging to an incorrect minimum
(Bellemare et al., 2017). To train the network, named Progressive Growing GAM{P®y (Karras
et al., 2018), we initially interpolated the dataset onto a 64x64 grid, a forpatucive to the
progressive growing technique, which doubles the resolution at each stage. We structured the
training of the network into five growth phases, incrementally increasing the resolutions following
a power law of 2. We used Adam optimizer wih initial learning rate of 0.00051=0.0, and
b2=0.99 (Kingma & Ba, 2017). The dimension wfhich is the noise vector input of the generator,
was set to 256. The other hyperparameters of the network are detailed in Table 3.2.4. We trained
the network on an Apple M1 Max for 165 epochs.

Growth Phasq 1 2 3 4 5
Resolution 4x4 8x8 16x16 32x32 64x64
Batch size 96 96 96 48 48
Number of 15 30 30 45 45
epochs

Table 3.2.42GGAN training hyperparameters.

Evaluation
To verify the performance of the PGAN and understand its ability to generate new examples with
characteristics similar to the original ones, we considered three subsets of data. Two subsets were
extracted from the training dataset and the test datasdtigtother one was generated by the
network. Due to the large memory size of the original dataset and test set, it would be extremely
difficult to perform the evaluation by considering all examples simultaneously. To overcome this
problem, we split the testlataset into five folds/subsets using cresdidation. We then randomly
extracted an equal number of examples from the training dataset for each test subset, resulting in
five training subsets. To obtain the generated subsets, the network generatedi$tect sets of
equal dimensions. Each sample generated by the network is a-thieensional array of shape
64x64x3 that is subsequently extrapolated to the original 201x481x3 dimensions of the samples in
the dataset (the extrapolation is performed usiadpicubic interpolation method). By adopting this
crossvalidation procedure, we aim to minimise the selection bias that arises when choosing a
subset from the training or test set. Simultaneously, we limit the number of folds to ensure the
results remaimmanageable and easier to interpret.
The comparison between generated and training samples provides insights into the network's
overall performance and ability to replicate the training data distribution faithfully. Conversely,
comparing the test and training samples serves as a benchmbowjrad us to gauge the network's
generative capabilities in relation to an independent test dataset, thus offering a valuable reference
point for performance assessment.
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As the first step in our analysis, we qualitatively assess two random examples generated by the
network, to determine the network's ability to accurately represent complex atmospheric
structures. This approach allows us to visually inspect synthetic aifputrealism and adherence

to atmospheric behaviors. Additionally, to evaluate the quality of the generated data with respect
to the original data, we computed two metrics assessing the realism of the GAN synthetic data based
on the differences in the pogr spectra. These metrics are the log spectral distance (LSD), as defined
by (Leinonen et al., 2021), and the power spectral density error (PSD), as defined by (Brochet et al.,
HAHOO® ¢2 S@Ffdza GS GKS ySig2N] Qa ted sarhpled sindilar G 2 N
to that of the training data, we performed an analysis on the quantiles of the three variables. This
involved comparing the average quantile curves and examining the correlation between quantiles
for each point in the domain. The avemguantile curves help us determine if the generator meets

the general trend of the values distribution. The maps of quantiles correlation offer a more detailed
perspective on how closely the network's output matches the original data distribution at each
point.

Implementation

The algorithm was fully developed in the Python language. For the implementationGRARGve

used tensorflow and keras libraries. For data processing we used pandas, numpy and xarray. To
resize the examples we used scipy. To split the data in trainingeahdet and to create subsets for
evaluation using #old cross validation we used sciéarn. To plot the data we used matplotlib

and cartopy. The detailed dependencies of the algorithm are shown in Table 3.2.5.

Software Libraries Version
Tensorflow >=2.15.0
Keras >=2.15.0
Pandas >=2.2.0
P>y=tg.o7n Numpy >=1.26.4
Xarray >=2023.11.0
Scipy >=1.11.4
Scikit-learn >=1.4.0
Matplolib >=3.8.3
Cartopy >=0.22.0

Table 3.2.3ependency information of the PGAN algorithm.

Performance test
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Although we conducted the analysis on five different folds, we report only the figures for the first
fold here to avoid repetition and streamline the discussion. The figures were very similar across all
folds.

In Figure 3.2.11 and Figure 3.2.12 we present two examples generated by our network. The map in
Fig. 3.2.11 displays a cyclone located in the southern region of the domain, with a secondary low
pressure system more to the west. Figure 3.2.12 illustratesyamse and large storm located in

the central region of the domain. The superimposition of pressure and wind speed data in these
examples emphasizes a key atmospheric dynamic: the correlation between the pressure gradients
and wind speed. This is clearigpresented by the model outputs, as areas with closely spaced
isobars correspond to regions with higher wind speeds. In addition, the highest wind speeds are
observed around the centers of the cyclones, aligning with known meteorological patternshin hig
pressure areas, the pressure gradient is generally less steep compared-pydssure systems,
which is a classic characteristic of atmospheric dynamics. Also, both cyclones present associated
rainfall systems around the centers of the two systems.
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Figure 3.2.11An example generated by the R&AN. (a) mean sea level pressure, (b) 10m wind speed, (c) rainfall
rate. The color gradient on each map indicates the values of the specific atmospheric variable, while overlaid
contour lines represent pressure isobars.
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Figure 3.2.12An example generated by the R&AN. (a) mean sea level pressure, (b) 10m wind speed, (c) rainfall
rate. The color gradient on each map indicates the values of the specific atmospheric variable, while overlaid
contour lines represent pressure isobars.

Table 3.2.6 reports the PSD and LSD metrics used to assess the realism of the fields generated by
the network. Comparing the metrics between the generated samples and the training samples to
those between the training samples and the test samples higlditite network's generally better
performance in generating realistic mean sea level pressure fields. The values for both metrics are
very close across all folds. However, for wind speed and rainfall rate, the values indicate a larger
difference, with the gnerated samples showing a gap in the realism of the fields. This is likely due

to the more complex spatial distribution of these two variables, particularly for rainfall rate. The
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network struggles to generate rainfall systems with highly realistic patterns and locations. However,
as observed from the generated examples, they still retain a significant amount of realistic
information. Additionally, the values of these two power sgpaterrors are within a few decibels,
which is generally considered to indicate good quality (Brochet et al., 2023).

Variable PSD [dB] LSD [dB]
GenTrain TestTrain GenTrain TestTrain
1 2.532 0.144 10.647 8.342
2 2.498 0.103 10.387 8.301
3 2.497 0.111 10.247 8.356
Mean sea
level
pressure 4 2.480 0.118 10.512 8.289
5 2.479 0.164 10.404 8.360
Mean + Std 2.497+0.021 0.128+0.025 10.439+0.149 8.329+0.033
1 21.071 0.140 22.638 7.756
2 21.121 0.135 22.793 7.748
3 21.066 0.134 22.726 7.752
Wind Spee
4 21.043 0.132 22.632 7.752
5 21.140 0.134 22.782 7.752
Mean + Std 21.088+0.040 0.135+0.003 22.714+0.076 7.752+0.003
1 27.246 0.170 31.191 8.584
2 28.060 0.171 31.243 8.617
3 26.842 0.223 31.150 8.573
Rainfall Rate
4 27.258 0.169 31.193 8.572
5 27.183 0.188 31.168 8.574
Mean + Std 27.318+0.448 0.184+0.023 | 31.189+0.035 8.584+0.019

Table 3.2.6Power spectral density error (PSD) and log spectral density error (LSD) for mean sea level pressure,
wind speed, and rainfall rate. The metrics are computed between the generated samples and the training
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samples, as well as between the training samples and the test samples. Values are reported for each fold, with
the mean and standard deviation calculated across the folds. Lower values indicate better performance.

Figures 3.2.13, 3.2.14, and 3.2.15 display the average quantiles for mean sea level pressure, wind
speed, and rainfall rate. One plot shows the entire quantile curve, while the other two plots focus
on extreme values, displaying the quantile curve beloe 1®th percentile and above the 90th
percentile. In general terms, we observe that the quantile curves of the three variables for the
generated samples closely match those of the training and test samples, including the spread from
the average quantile vaes. Focusing on the lower values of the average quantile curves, we
observe that in the generated samples the values are higher for most of the curve below the 10th
percentile. This is particularly evident for mean sea level pressure, where the extremalioes

are not matched in the generated samples. A similar pattern is seen for wind speed, though with a
much smaller magnitude. Regarding rainfall rate, the spread of values is much higher, a behaviour
caused by the distribution of rainfall, which isawly skewed towards values close to zero, making

it more complicated to learn for the algorithm. Examining the higher values of the average quantile
curves, we find a strong match for wind speed, both in terms of average values and spread. In the
case ofrainfall rate, there is an underestimation of average values in the higher percentiles,
accompanied by a significantly greater spread. For mean sea level pressure, the higher percentiles
display a different curve shape, with greater values for most quesblt lower values for the very
highest ones. The average quantile curves indicate that the network approximates the value
distributions well for most variables, but has lower performances representing the tails, except for
wind speed.
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Figure 3.2.1Average quantiles curve of mean sea level pressure for generated, training, and test sample. (a)

shows the entire quantile curve, (b) focuses on the quantiles below the 10th percentile, and (c) focuses on the

quantiles above the 90th percentile.
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Figure 3.2.14Average quantiles curve of wind speed for generated, training, and test sample. (a) shows the
entire quantile curve, (b) focuses on the quantiles below the 10th percentile, and (c) focuses on the quantiles
above the 90th percentile.
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Figure3.2.15Average quantiles curve of rainfall rate for generated, training, and test sample. (a) shows the
entire quantile curve, (b) focuses on the quantiles below the 10th percentile, and (c) focuses on the quantiles
above the 90th percentile.

Figures 3.2.16, 3.2.17, and 3.2.18 display the correlation maps between the quantiles for each point
in the domain for the three variables. These correlation maps help us understand the network's
effectiveness in representing the value distributions of theee variables across the domain. As
indicated by the average quantile curves, the network generally reproduces the value distributions
across the domain effectively. The maps reveal a high degree of correlation per grid point between
the quantiles of tle generated samples and the training samples, showing a similar spatial
distribution of correlation as seen between the test samples and the training samples. Focusing on
mean sea level pressure (Fig. 3.2.16), we observe a decrease in correlation, grdyticuthe
southwestern regions of the domain. In these areas, the network has more difficulty matching the
training sample's quantiles. This behaviour is likely due to the high variability in these regions, where
most ETCs form and tropical cyclones uigdeextratropical transition. The succession of {ow
pressure systems and the general hjgiessure regime in subtropical regions reduce the network's
performance in accurately learning the mean sea level pressure distribution. In contrast, for wind
speed Fig. 3.2.17) and rainfall rate (Fig. 3.2.18), we observe a higher degree of correlation across
the entire domain. However, there are regions with lower correlation: the Alps and the coastal area
of the Gulf of Mexico for wind speed, and the Sahara Desertdinfall rate. Like mean sea level
pressure, the regions with lower wind speed correlation are likely more challenging for the network
to model due to the higher variability in values. In the Gulf of Mexico, the variability is driven by the
alternation between higher winds generated by cyclone storms and calmer conditions associated
with subtropical regions. For the Alps, the variability is due to the region’'s complex orography. In
the Sahara Desert, we believe that the low correlation is due to the legryainfall values in the
region, which create a noisy signal in the quantiles for each grid point. These low correlations are
also evident in the comparison between training and test samples.
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(a)

(b)

BT
60°N |

60°N
50°N | 50°N

40°N | 40°N

30°N | . ) 30°N i

3 - ﬂ'.
LY \:3 Nl b -
e | e i 2

80°W 60°W 40°W

20°W 0° 80°W 60°W 40°W 20°W 0°

0.640 0.676 0.712 0.748 0.784 0.820 0.856 0.892 0.928 0.964 1.000

74
ML ALGORITHMS FOR
CLIMATE SCIENCE



’/,\o CLINTF CLIMATE INTELLIGENCE
‘[ 1 C L I N T Extreme events detection, attribution and adaptation
°\,°/ CLIMATE INTELLIGENCE design using machine learning

EU H2020 Project Grant #101003876

Figure 3.2.168Maps of pointwise quantiles correlation for mean sea level pressure between (a) generated sample
and training sample, and (b) between training sample and test sample.
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Figure 3.2.1Maps of pointwise quantiles correlation for wind speed between (a) generated sample and training

sample, and (b) between training sample and test sample.
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Figure 3.2.18Vaps of pointwise quantiles correlation for rainfall rate between (a) generated sample and training
sample, and (b) between training sample and test sample.

3.2.4. Machine Learning to improve Tropical Cyclone Genesis Potential Indices

Description of the problem

Over the past few decades, advancements in Numerical Weather Prediction models, coupled with
the availability of highguality observational data from past events, have increased the accuracy of
shortterm forecasts of TC tracks and intensities (Robertsonale 2020). However, this
improvement has not yet been mirrored in lotgrm climate predictions and projections. This can

be attributed to the substantial computational resources required to run fggolution climate
models with numerous ensemble memis over long periods. Due to limited computing power,
global climate model ensembles have been run at horizontal resolutions of approximately 100 km,
which is insufficient for accurately representing tropical cyclones (Gallo et al., 2019). Additionally,
gignificant gaps remain in the understanding of controlling factors and physical mechanisms
contributing to Tropical Cyclogenesis (TCG) that need to be addressed (Rajasree et al., 2023). To
overcome these challenges and the lack of higéolution models, e study of future TC
occurrences has been addressed by developing a different approach: numerical indices. These
indices, known as Genesis Potential Indices (GPIs), correlate the likelihood of TCG w#bakrge
environmental factors that play a key eoin their formation. GPIs are generally constructed as a
product of atmospheric and oceanic variables accounting both for dynamic and thermodynamic
processes. The variables are combined with coefficients and exponents numerically determined
from statisti@l fits of observations and reanalysis fields. A first example of GPI is defined in (Gray,
1979), while the GPI defined in (Emanuel & Nolan, 2004) is one of the most used and studied index
in literature (Camargo, Emanuel, et al., 2007; Camargo et al.,; Zld#hargo, Sobel, et al., 2007,
Menkes et al., 2012; Tippett et al., 2011; Wang & Murakami, 2020; Yu et al., 2018). GPIs have been

75
ML ALGORITHMS FOR
CLIMATE SCIENCE



’/o\o CLINTF CLIMATE INTELLIGENCE
‘[ l C L I N T Extreme events detection, attribution and adaptation
°\,°/ CLIMATE INTELLIGENCE design using machine learning

EU H2020 Project Grant #101003876

widely applied to investigate the relationship between climate patterns and TC occurrences. They
have shown successful performances in reproducing the spatial pattern and seasonal cycle of
observed TCs (Menkes et al., 2012), but also in reproducing thelatemh of TCG by ENSO and
MJO (Camargo, Emanuel, et al.,, 2007; Camargo et al., 2009; Patricola et al., 2014). However,
considering interannual variability and trends of future cyclone activities, the indices show a low
skill in reproducing the occurrenas TC (Menkes et al., 2012; Yu et al., 2018), especially when
calculating the indices on simulations data obtained from climate models (Cavicchia et al., 2023).
Considering future scenarios, these indices can not explain the trend of decreasing TCsoesurre
detected in climate projections (Camargo et al., 2014). To address these shortcomings, improved
versions of the indices have been proposed, like the one developed by (Ascenso et al., 2023) which
introduces a framework to optimise the GPIls formulataecording to a trad®ff between two
performance metrics: spatial correlation and temporal correlation.

In this work, we propose to improve the detection of TCs occurrences with respect to interannual
variability and future trends by abandoning the more classical numerical formulation of indices and
replacing them with a ML algorithm.

Algorithm description

The task of our algorithm is to predict monthly maps of TCs formation likelihood taking the spatial
fields of a group of atmospheric and ocean variables as inputs. The inputs are the same as for the
Emanuel and Nolan GPI. The Emanuel and Nolan GPI takidldlving form:

06 "Ob o ) YO 000 r
'OV ™ R 0 T X Tt = S
Wherew A is the magnitude of the vertical wind shear between 850 and 200 iFa ();

YO s the relative humidity at 700 hPa (in %); is the absolute vorticity at 850 hPa ( ); and
MPI is the theoretical maximum intensity a TC is expected to reach. MPI, which was formulated by
(K. A. Emanuel, 1995) and later modified by (Bister & Emanuel, 1998), is defined as:

. 6 uY uY '

0 00O ~ Q 0

where0 and 6 are the surface enthalpy and momentum exchange coefficientss the sea
surface temperature (i ); “Yis the outflow temperature (i ); and'Q and"Q are the saturation

moist static energies on the sea surface and of the free atmosphere respectively.

The algorithm is developed by addressing the two features of the task: the spatial distribution of the
occurrences and the prediction of the number of occurrences. To predict the number of occurrences
per month we structured the problem as a regressionkfagdopting a Convolutional Neural
Network (CNN) as a predictor that takes the spatial maps as input. To redistribute the CNN
prediction in space and obtain maps of the TCs formation likelihood we built a process of multiple
random guesses conditioned one frequency maps of cyclogenesis per month.

Dataset preparation
As a source of observed TCG we utilised the-tvask data from the International Best track Archive
for Climate Stewardship (IBTrACS) project (Knapp et al., 2010), at a temporal resolution of 3h, from
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1980 to 2021. To define TCG we considered the first time step in IBTTACS when a TC reached an
intensity of 35 kt (in terms of maximum sustained wind speed). We counted all TCG events and
aggregated the number of events per month and per grid point on @afld®.5°x2.5°
latitude/longitude grid to create monthly maps of observed TCGs.

The ERAS reanalysis dataset (Hersbach et al., 2020) was used as the source for the inputs of our
algorithm. We downloaded the monthly averaged data, interpolated on a global 2.5°x2.5°
latitude/longitude grid, over the 198Q021 period. The downloaded datantain the atmospheric

and ocean variables from which we compute the four inputs (the same as in the ENGPI formula).
The horizontal wind components at 850 hPa and 200 hPa are used to obtain the vertical wind shear.
The relative vorticity at 850 hPa is ds® obtain the absolute vorticity. We computed the MPI from

the mean sea level pressure, the sea surface temperature and the specific humidity and
temperature profiles using the Python library pyPI (Gilford, 2021).

Machine Learning model for regression

The ML model adopted for the prediction of the number of cyclone occurrences per month is a
Convolutional Neural Network (CNN) (LeCun et al., 1989), which is a specialised type of neural
network for processing data that has a known ¢ik@ topology. Thanain characteristic of this
network is to employ a convolution operation in at least one of the layers of the network
(Goodfellow et al., 2016). The layer performing the convolution operation is called convolutional
layer. We developed our CNN to performregression task: having the same inputs as of the
Emanuel and Nolan GPI the model estimates the number of TCG for that month.
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Figure 3.2.1%Bubbasin domains extension.

We trained a CNN to work on global tropic domain (4003N), but also specific CNNs for each
tropical subbasin experiencing cyclone activity: Norteast Pacific, Northwest Pacific, North Atlantic,
North Indian, South Indian, and South Pacific. The domaumdbaries of the sulbasins are defined
following (Fudeyasu, 2014) and shown in Figure 3.2.19.

For each CNN, we prepared the dataset using an -BW%% trainingtest split. The number of
examples in each set varies according to the basin considered, depending on the number of months
included in the cyclone season for each specific basin. For thalglomain, we considered all 12
months of the year. For the Northern Hemisphere, we considered the period from May to December
(8 months), and for the Southern Hemisphere, from November to May (7 months) (Gualdi et al.,
2008). Table 3.2.5 summarises thenrher of examples for each domain. We split the data by
keeping the months of the same year in the same set.
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N examples irraining N examples in test sel

set
Global 408 84
Northern Hemisphere 272 56
Southern Hemisphere 236 49

Table 3.2. Mumber of examples per set per basin.

The inputs to the CNN must have a square or rectangular shape. The Northeast Padifartand
Atlantic have overlapping regions when considering the rectangular boundaries of their domains.
To prevent the networks for the two basins from including grid points outside their respective
regions when estimating the number of TC occurrences, wated two masks for the data of the
overlapping grid points. The masks set the values of the inputs in the overlapping regions to Nan
and the values of TCG to 0, ensuring that genesis events from other basins are not considered. These
masks are defined hiyvo segmented lines. The line for masking the North Atlantic grid points from

the Northeast Pacific domain has coordinates of (40°N, 110°W), (20°N, 97°W), (12.5°N, 80°W), and
(12.5°N, 75°W). The line for masking the Northeast Pacific grid points fromdtie Atlantic

domain has coordinates at (18°N, 100°W), (15°N, 92°W), (8°N, 85°W), (7°N, 83°W), (7°N, 77°W), and
(0°, 77°W).

To train the networks, we prepared the input data by normalising each variable usirghaxin
normalisation. The minimum and maximum values are determined across the entire dataset within
the specific basin's domain. The masked values, initially set to Weal, replaced with-0.1 for
training purposes. The training targets are the total sum of the TCG events for each month.

To determine the architecture of each CNN and the corresponding hyperparameters for training we
dzZAa SR YSNI a¢dzySNE |y 2LIAYATFGA2Y FTNIYSH2N] F2
set the KerasTuner to continue the research of optimal hypenpesters until the validation loss is

not improved for 5 consecutive iterations over the training set. The general structure of the CNN to
be optimised consists of n convolutional layers followed by a max pooling layer with a pool size of
2, and a denselyonnected layer with m units. The values of m and n are determined using
hyperparameter optimization. For all the CNNs we adopted a batch size of 16. As the loss function,
we used either the mean absolute error (MAE) or the mean squared error (MSE); thie nut
selected as the loss function was used as the validation metric. We trained our models using the
Adam optimizer (Kingma & Ba, 2017), with=0.9 andb2=0.999, for 100 epochs on an Apple M1
Max. The hyperparameters of each network are summarizédabvie 3.2.8.

78
ML ALGORITHMS FOR
CLIMATE SCIENCE



CLINT CLIMATE INTELLIGENCE
‘Lf,\i C L I N T Extreme events detection, attribution and adaptation
‘\,/ CLIMATE INTELLIGENCE design using machine learning
EU H2020 Project Grant #101003876
Network N of conv Filter size Dense Loss Learning rate
Layers filters units function
Global Conv2D 8 3 - MAE 0.001
Dense - - 16
North Conv2D_1 24 7 - MAE 0.0001
Atlantic
Conv2D_2 32 2 -
Conv2D_3 28 1 -
Dense - - 128
Northeast Conv2D 12 2 - MSE 0.01
Pacific
Dense - - 116
Northwest Conv2D 8 3 - MAE 0.001
Pacific
Dense - - 16
North Indian Conv2D 1 60 1 - MSE 0.001
Conv2D_2 24 6 -
Conv2D_3 24 1 -
Conv2D 4 48 7 -
Dense - - 28
South Indian Conv2D 8 3 - MAE 0.001
Dense - - 16
South Pacific Conv2D 60 7 - MAE 0.001
Dense - - 124
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Table 3.2.8Architecture and training hyperparameters for each CNN associated to a speciiasinb

Conditioned multirandom guess redistribution

To redistribute the CNN models' predictions of monthly TCG estimates, we developed a technique
based on the frequency maps of TC occurrences computed for each month and basin. The frequency
maps are computed from the dataset of observed TCG maps by sunathithegg events per grid

point for each month and dividing them by the total number of events that occurred in that specific
month. The frequency maps are calculated both on the global scale and for each sub basin.

With the monthly frequency maps, we can redistribute the estimates of TC occurrences predicted
by the CNN models. The procedure follows the following steps. For each CNN prediction, we
randomly select a grid point within the domain to assign each TCG,e@mditioning the selection

on the frequency map of the month. Rather than choosing a single random discrete location, we
perform multiple random selections for each event to generate a map of likelihood. The resulting
map is then divided by the number sélections made, yielding a distribution that represents the
likelihood of TCG occurrences across the domain. The optimal number of choices is determined
during training by maximising both the spatial and temporal correlations with respect to the
observatons. However, to prevent the results from merely replicating the frequency map, the
maximum number of choices is capped at 100 (the value was chosen heuristically). This constraint
ensures a balance between achieving a high correlation with the obseatacadd maintaining the
distinctiveness of the model's predictions.

Implementation

The algorithm was developed in the Python language. For the implementation of CNNs we used
tensorflow and keras libraries. For data processing and to compute the frequency maps of cyclone
occurrences we used xarray. To derive the MPI we used the pyPlgeagkédford, 2021). For the
multi-random guesses procedure we used numpy. The detailed dependencies of the algorithms are
presented in Table 3.2.9.

Software Libraries Version
Tensorflow >=2.15.0
Keras >=2.15.0
Pand >=2.2.0
Python andas
>=3.7
Numpy >=1.26.4
Xarray >=2023.11.0
Scipy >=1.11.4

80
ML ALGORITHMS FOR
CLIMATE SCIENCE



CLINTF CLIMATE INTELLIGENCE

‘t/‘\i C L I N T Extreme events detection, attribution and adaptation
o\,c/ CLIMATE INTELLIGENCE design using machine learning
EU H2020 Project Grant #101003876

Scikit-learn >=1.4.0

Matplolib >=3.8.3

Cartopy >=0.22.0
pyPI >=1.3.5

Table 3.2.Dependency information of the ABPI algorithm.

3.3 Machine Learning for Heatwaves

3.3.1. Autoencoder foHeatwave reconstruction

Description of the problem

The Analogue Method (AM) is a classical, statistical downscaling technique and field reconstruction
that predicts local meteorological variables based on lecge, often synoptic, predictofZorita

& Von $orch 1999. The AMwaswidely used in meteorology and climatolegslated problems,
including precipitation prediction and downscalifi@/etterhal et al.2005, (Horton etal. 2012,
(Daoud et al. 201) (Horton 2022, solar radiation and wind speed forecastifessandrini et al.
2015, (\Vanvyveet al.2015), (zhang et al. 2018 visibility and fog formation predictiofNaoui et al.

2022, air quality forecastingDelle Monache et al. 202, extreme events predictiofAlessandrini

et al. 2AL8), (Ja et al. 202, soil moisture estimatiofVanden Dool et al2003 or Palaeoclimatology
(SalcedeSanz et al. 2009(Sun et al. 2022 It is a Knearest neighbours method based on the
principle that two similar largscaleatmosphere states¢ead to similar local effect§Zorita & Von
Storch 1999)More specifically, two states of the atmosphere are considerédaalogues”, when

there is a resemblance between them in terms of an analogy criterion and objective variables. Thus,
the AM consists o$earching for a certain number of past situations in a meteorological archive in
such a way that they present similar properties, to those of a target situation, for any chosen
predictors or variables. Fonavent of interestw, we can define the Analogue Search as a Euclidean
distance:

a Qe © wp h

with "Qgrid points,w the value of thé@h grid point of the eveny of interesty; the value of the®
th grid point at the time 0.

As stated, the AM is commonly employed for event reconstruction, and the comparison of
reconstruction for 2 different periods (or epochs) is welbwn as a valid procedure for the
attribution task (Ren et al. 2020). We aim to enhance the method using Deaming (DL)
architectures such as Autoencoders (AEs). Specifically, we focus on enhancing the Heatwaves (HWs)
reconstructions and with that, HWSs attribution, testing it on case studies (see Performance test
section).

We employed one of the widely usadd\W indices (see Table 7 of DL3.1 on EE Detection) for the
definition of a HW: 3 or more consecutive days with maximum temperature (Tmax) exceeding a
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given threshold. The threshold is fixed as thé @@rcentile of thedaily maximum temperature in
the refer~ence period 1982010, centred on a 3tlay window. Therefore, the threshold ofdeday
isQ 0 O ,with

0 ‘ ‘ “Yp

where"Y}, is the daily Tmax of thieday ofy year.

Finally, we need to define the domain of the target and the driver."Qétd be a given spatio
temporal field of the driver/predictor atmospheric variable (usually SLP), wkstands for a twe
dimensional grid, occurring ab time, in whichp "Q 0, where 0 is the maximum number of
events in the database. L& X*z be the field of the interest/target atmospheric variable
(usually Tmax), defined on a subgitd Xand a specific timéz. TheXregion is the search region

of the AM, whileX* is the reconstruction region. Figure 3.3.1 shows an example of the selected case
studies (see Performance test section).

T0°N

W Search region (X)

Reconstruction region (X*)

40° N

30°W 20°W 10°TV 0° 10°F 2W0°FE 30°E
Figure 3.3.JExample of search and reconstruction regions defined to analyze the 2003 Heatwave over France .

Algorithm description
The algorithm is divided into two separate steps:

- Step 1: Preprocessing
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This step is focused on preprocessing the input driver variable to reduce dimensionality, denoise
information, and enhance the similarity between types of events (extreme andemtreme
events). Different DL architectures can be used, and the packagé atews this (see the
Implementation section).

For this algorithm the architecture employed for the preprocessing step is an Autoencoder
(Goodfellow et al. 2016). The AE is composed of two parts: an encoder and decoder. The
intermediate representation (Z) is called the latent space (or coded space)édoder is lighter

than the encoder, forcing the encoder to codify the most important information of the input field.
This is, if a lighter net is able to decode the latent space with a low error, the latent space contains
a good representation of the jput field.

In Figure 3.3.2 we can see the general structure of the AE model, where the most meaningfull
features of the inputO Xtdz are captured in a lowedimensional latent space, Z. Then, Z is used
to reconstruct the input field aeXnz .

F (X, t*)—' Encoder Z Decoder |—F" (X, t*)

Figure 3.3.2AE model.

- Step 2: Search for reconstruction
After step 1, we obtain an AE that can codify the input database to a{dinensional space. The
decoder part is only used to train the AE. From now on, the encoder will be used to extract the
meaningful feature of all the driver data.

With this new dataset composed of latent spaces, the classical Analogue Method is ised to search
for analogues in order to reconstruct the target field. Specifically, AM search fog ranalogues,
where"® X*fd ,withp "Q 0 are the analogues on the reconstruction regd$n Then,0
p 1 Tumiform random extractions are performed to obtain the reconstruction of the HW evént,

X* . Figure 3.3.3 summarises this step.
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e

Targeted event
F (Xa t*)_’ gll:‘,l(lxlggr ] Z(X” t*)

Candidate events

F (X, ")~ |Eicoter Z(X!,t1)
Analogues
F(X*,tY) Nuniformly

: % 42 ;
F(X,t")— g;% Z(X %) [ Analogue method F(X ,t7) | rendom extractions E* (X*)
. . F (X*,t5)
F (X, M)~ |Eneoter || Z(X, M) {—

Figure 3.3.3AEAM model.

Multivariate Algorithm

From version 0.1.0 of the software package (see section Implementation), this method has a
Multivariate version, a Multivariate Autoencoder Analogue Method (VWM. Instead of only one

X, search field, the method works withfields, & N & Ry Fesdy . Each@nput field, OOz | is

treated as a separate channel, and then, mixed by the AE in a univariate latent space, Z. This latent
space contains the most meaningful information for all input fields. From Z, the AE reconstructs
each input field a¥a» Mz . Figure 3.3.4 summarises the architecture of the MMEmModel.

F(Xy, %) F'(X1.1%)
# ' *
F(Xy, 1) . a F' (X2.1%)
F (X5, r* ' *
(X3, %) 3 7 o F'(X3.1%)
. (U] Q.
c 1]
. () = .
F (X, 1%) F' (Xt
| Analogue
method

Figure 3.3.AMVvAEAM model.

This approach has several advantages over the univariate model and the classical AM method. The
main advantage over the univariate /A is that MVAEAM is able to combine information from
different fields, in different regions, in order to find the mostitable analogues for the
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reconstruction of the target event. This means that My can perform the Analogue Search on
well-known drivers (or important fields) of HWs (or temperature in general), such as MSL (mean sea
level pressure), Z500 (geopotential at 500hPa), SM (Soil Me)stPEva (Potential Evaporation), at

the same time, by combining information from these variables.

For the comparison with the classical AM method, it is necessary to define a Multivariate AM
method (MvVAM to ensure consistency in the comparison. There are two approaches to make a
MVAM: generalise the euclidean distance, or establish an order between fields. The first option
means that, if the Euclidean distance is obtained frénrid points, then the distance will be
obtained fromé¢  "Qgrid points, as show in:

aqQ¢ B "Owhz "Owh

The drawback of this approach is that the averaged distance between analogues is reduced. Thus,
it is more difficult to compare analogues. For example, an analogue that is very closeirfitie,

but not close in the others fields can have the same euclidean distance as an analogue with a higher
euclidean distance in the other fields. That leads to the following question: which of these two cases
is a better analogue?

The second option is to establish an order between the input variables, and perform Analogues
Search variable by variable (Caillouet et al. 2019). The closeness metric between analogue is better
than with the first option, but the main issue with this appich is the order to perform the search.

It is not the same to found analoguesdnfield and then in field, that to found it ink field and

then in® field. This approach adds a new bias to the method: how can the order of importance of
the input field be established?

The MVAEAM method does not need to establish an order between variables, because the AE itself
learns to select specific striegions on each variable to codify the most meaningful information of
the fields. Moreover, the MVABM method transforms a multariate problem to a univariate one,
where the Analogue Search is performed on the univariate Z latent space. This overcomes the
problem of the averaged closeness between the analogues explained above.

Implementation

The algorithm was fully developed in the Python language. For the implementation of the Deep
Learning Autoencoder technique, libraries suclieassorflow and kerashave been used. For data
visualisation and history of the training procesgsatplotlib is used. For data processinggrray
library was used. The detailed dependencies of the algorithm are shown in Table 3.3.1.

The algorithm was implemented using the Python packagamaVarious Advanced Analogue
Methods). The aim of the package is to provide the research community with a tool that allows it to
build its own preprocessing step with any type of Machine and Deaming architecture.
Architecture 10 corresponds to the A8 algorithm.

The package is available as follows:
- GitHub Repository Releasdstps://github.com/GheodeAl/va_am
- Python Package Index (PyPI for pimps://pypi.org/project/va-am/.
- Conda Package (condlarge channel)https://anaconda.org/condgorge/vaam.
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Also, all the Documentation of the package is available at:
- Documentationhttps://va-am.readthedocs.io

Description of the incompatibilities

Software Libraries Version
Tensorflow >=2.10.0
Keras >=2.10.0
Pandas >=1.2.3
Iiy:tg%n Numpy >=1.21.6
Xarray >=0.20.2
Scipy >=1.7.3
Sympy >=1.10.1
Matplolib >=2.5.3

Table 3.3.1Dependency information of the A&M algorithm.

Performance test

To verify this method, we consider one of the mostable HWs in Europe that occurred in 2003 in

France that happened between théltand the 19 of August with a maximum temperature of
30.77 °C. A summary can be found in Table 3.3.2 with the regions considered for the predictor
(pressure) and target (Tmax). To identify the period in which the HW occurred, we used the previous
definition of HW (seeDescription of problem section) and obtained the days in which the
temperature reached values above the 90th percentile for an extended period of time as stmown
Figure 3.3.5.

Heatwave Duration Max. °C | Prs. Region | Temp. Region
o o _ gy 32N - TOMN 42°N - 50°N
France 2003 | 01 Aung. - 19 Aug. | 30.7713 280W - 309 6OW - ROF

Table 3.3.2Summary information of the HW considered.
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Temperature (2C)
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—— p90 threshold

Heatwave period

o

Figure 3.3.8dentification of the HW considered in this report.

find the closest temperature map to the HW under consideration. We train thMEnodel by
feeding the model pressure maps in order to reduce their dirrmradity. The latent space obtained

by transforming the pressure maps will then be used to find analogues from 1000 samples. Due to
the stochastic nature of DL methods, we perform 5 independent trainings to verify the robustness

and stability of our modeMWe tested our method with different configurations for the size of the

latent space as well as the classic AM and compared them in Figure 3.3.6. This comparison shows

that higher latent space sizes give better reconstructions of the pressure maps aedresults in
the Analogue search step. However, this improvement comes with a higher computational cost.
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28 1 AE-AM Z=800

| 1 AE-AM Z=700
020 AE-AM Z=600
ey AE-AM Z=400
3 | AE-AM Z=256
5 . 1 AE-AM Z=128
a 22
= 1 AE-AM Z=64
= 9 1 AE-AM Z=8

[ AM
18 — target

0.00 0.02 0.04 0.06
Density

Figure 3.3.8dentification of the HW considered in this report.

The algorithm has already 19 unitary tests implemented. Making use of the GitHub Actions feature,

the tests are performed each time a new feature or change is introduced to the package (see

examplg. In Figure 3.3.7 we can see that all the unitary tests pass correctly. However, there are not
enough tests yet. A coverage analysis was performed (and also integrated on the GitHub Action) to
evaluate how much of the code, and which part, are coverethbyunitary and integration tests.

We can see in Figure 3.3.8 that 5% of the code is tested.
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plugins:

collecting ...

e_dims_t -a] F

Figure 3.3.71Results of the implemented unitary tests for the e

Coverage report: 5%

Files Functions Classes

File statements missing excluded coverage
src/va_am/__init__.py 0 & 100%
src/va_am/utils/_init__.py e 0 100%
src/va_am/utils/AutoEncoders.py 669 e 4%
src/va_am/utils/functions.py e
src/va_am/va_am.py e
test/test_AutoEncoders.py e
test/test_aux_va_am.py ]
test/test_io_va_am.py ]
test/test_main_va_am.py ]
test/test_utils_functions.py

Total

Figure 3.3.&Results of the implemented coverage of tests for the evaluation @mgackage.
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Finally, a time analysis of the code was perfed. First, we compared the time performance of the
AEAM method with that of the classical AM method.-AEl requires an additional training step,

but it is performed only once. The previously trained AE can be reused for different HW
reconstruction whenhe search region is the same. As for the running step, that is, the search of
analogues, AIAM is 3 times faster than the AM due to the dimensionality reduction. This is because
the search step is the same footh methods. Table 3.3.3 summarises this information.

Second, a profiler is used to identify the parts of the algorithm that requires more time to execute.
Specifically, @y-spyprofiler is used to measure the time spent on each function call. Figure 3.3.9
shows that more than 75% of the run time is spent by the perform_preprocess method, specifically
the sortby() function. This indicates that the focus should be on this sppaiftess to improve the

time performance of the algorithm.

Std. Run Time

Avg. Train time  Std. Train Time  Avg. Run Time
- - 6 min. 28 s.

7min. 30 s. 34 s. 2 min. 10s. 41 s.
Table 3.3.3Train and Run (analogue search) time comparison.

py-spy record -o profile.svg -- python -m va_am -i -f ./config/identify_hw_france2003-timetest.json -m days -t -p post

1
_run_module_as_main (runpy.py:196)
| _run_code (runpy.py:86)

| <module> (va_am/_main__.py:4)

_step_loop (va_am/va_am.py:1157)

runComparison (va_amj/va_am.py:..

| EORREBSESMPSHOMEEN o=orm_preprocess (va_am/va_am.py:468) perform_preprocess (va_amiva am.py469) || NuAE (va amivaam.pyl0s)
| | SOMBYRSMSOMBYREN  sortby . sor. sortby (ramay/core/datasetpy7002)

[BligniERTisel (e isel (x..

sor. [sortby (xaraylcore/datasetpy:7002) | fit (va amjutils/AutoEncoders... ||
ali.Isel{xarmay/core/datasetpy:2d5) all. isel (xarray/core/dataset.py:2445) | | error_handler (keras/utilstra..

[lll align C.. S SENG | | I fit (keras/enginetrain..

i _getitem__ (xarray/core/variable.py:860) [N getitem__ (xarray/core/variable.py.. | | error_handler (tensorfl..
<ge.. _getitem__ (xarray/corefindexing.py. ||
|
|

Figure 3.3.Profiler (pyspy) results of time consumption for each part of Al code.
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Description of the problem
In climate science, attribution refers to the process of determining the contribution of various
potential causes to an observed change or event in the climate. Initially, efforts were concentrated
on attributing observed changes at global or continentalles, such as lorgrm trends in global
mean temperature or the frequency of extreme events (EEs)h aBke the global rise in the
number of hot days. It is wetlocumented that the frequency, intensity, and duration of certain EEs
havebeenaltered n many land areas by human activities. However, individual EEs often highlight
the vulnerability of societies and ecosystems, drawing public attention to climate change.
Consequently, it is natural to question the extent to which climate change is regpofmi specific
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EEs. This curiosity has led to the development of a new brairehttribution science, known as EE
Attribution (EEA), which focuses on evaluating the influence of climate change on individual EEs.
More details can be found in Deliverable (D) 5.1-EAhanced Attribution and Projections of
Extreme Events).

Fhe-EEA analysis can be conducted by addressing different questions in the framework of

FYGKNRLI2ISYAO 3Ft26Ff g NYVAYy3IS adzOK Fa aAa (K
RSONBFaAy3a RdzS G2 OfAYFGS OKLF y 3 EK affEcted by 2limatek |

OKIFy3aSKeé¢ 2N GK2g¢g YAIAKIG GKS 99 KIS RAFFSNBR A
¢t2 GKSasS O2yOSNya S FTRR Fy20KSNJ a/ 2dzf R Iy 9¢
AYFEdzSYyOSKE ¢ 2 |y PplerseNddiamriodmalylpetestirippréaghisinghSugh Y

a Variational Autoencoder (VAE).

The VAE is an artificial neural network architecture designed to learn -@lilnensional feature
representation space, enabling accurate reconstruction of the given data instances (Goodfellow et
al. 2016). This technique for anomaly detection works by ntaltie learned features capture the

main spatial patterns of the data, so that they can reconstruct it with low errors;damjations

from these patterns is difficult to reproduce from the features and will have high errors. In other
words, normal instanes can be restored more accurately than anomalous data from the latent
space (Pang et al. 2021). Consequently, data instances such as anomhigbsdeviate from

Wy 2NXIFfAGEQY I NB NBO2yaidNUWzOGSR Ayl RSljdza G6Steo

Algorithm description

The basic formulation of this approach is:
d % chO ;® % ahO (1)

0 0 0 0 (2)

wherex represents the original inpugis the encoded variable (latent space)the reconstructed
variable, and and are the encoder and decoder respectively, along with their associated
parameters O, O).

The total loss function (e@) is composed of the sum of tlieconstruction term
0 0 Y@ (4)

where MSE isthe meaa |j dzZF NER SNNEBNE YSIadz2NAy3a GKS +! 9Qa
exclusively over land, th&ullbacklLeibler divergence ternllx), gauges the proximity of the
encoded distribution to the prior distribution, and finally tlexponential loss terminspired by
(LopezGomez et al. 2023), is computed as

0 a0 Y@ RQ 5)

and helps to correctly predict positive extremes. Finally, the total loss function consists of the sum
of the above terms:

0 0 0 0 (6)
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Both encoder and decoder of the VAE are composed of two blocks containing convolutional 2D
filters with kernel size of (3,3), a stride parameter set to (2,2). The latent space is represented by a
100-dimensional multivariate Gaussian (see Figure 3.3.1@i)ewthe prior distribution is the centred
isotropic multivariate Gaussian & 0 aHO (Kigma & Welling, 2013). Uncertainty estimation
was performed using two Dropout layers in the decoder)( serving as a proxy for a Bayessian
approximation, as described by (Gal et al. 2016)

16
B RN
> I
114 ! A !
P i S0
| N 20 | 1
1 )\ ] ]
1 ] ]
1 ] ]
S S L o
Conv2D(ks=3,st=2) | | Con2D(ks=3,st=2) | | FLATTEN
' BatchNormalization | | BatchNormalization |
~ RelU | | Relu
16x7x 10 N
X/ X B D I,
----:-----P ----:--> 7‘\ :
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””” e [Eisarsspnieasaren f ConvTransposed2D ! '
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Figure 3.3.1(Bchematic representation of the VAE employed for attribution in CLINT.

Implementation

The difference between the mean VAE estimate and actual value is used as an attribution metric. A
larger anomaly indicates that the EE is less likely to occur in a climate without anthropogenic forcing.
However, the sensitivity of the anomaly definition sviested for different thresholds based on the

VAE error (see Performance Test section).

The algorithm was developed in Python. The training of the VAE model was performed using
PyTorch PyTorch CUDAndPyTorch Lightnindn addition, data visualisation was performed with

the Matplotlib library. Further Xarraylibrary was used to carry out the data ppeocessing. The
detailed dependencies of the algorithm are listed in Table 3.3.4.
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Python >=3.10.4

Libraries Version
PyTorch >=2.2.2

PyTorch CUDA 12.1

PyTorchLightning 221
Pandas >=1.2.3
Numpy >=1.26.4

>=2024.03.0
Xarray

Scipy >=1.13.0
Matplolib >=384

Performance test

The VAE model was trained with daily maximum temperature fields from natural simulations of the
HadGEM35C31LL Global Climate Model (GCM) and applied for the reconstruction of the historical
(control) simulation of the same GCM. As mentioned in the poeio a SOG A2y =
refers to the difference between the real and the reconstructed values. Figure 3.3.11 illustrates
three performance metrics for both the training phase (natural simulations) and the reconstruction

Table 3.3.Dependency information of the A&EM algorithm.

GdKS

i ¢

phase (historical simulati@). The annual average MSE in the training dataset rarely exceeds ~1 °C
(refer to L2 in the left panel of Figure 3.3.11). However, in the historical simulations, it can surpass
1.2 °C (right panel of Figure 12), especially after 1975 and the 21st ce@iteythe last 20 years

of the historical simulation, the metrics exhibited a clear upward trend. This suggests that while a
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VAE model trained on natural world data effectively captures past climate conditions (i.e., a world
with low anthropogenic signal influence), it struggles to accurately reconstruct the magnitude of
anomalies observed in recent times, where the effectsrgheopogenic climate change are most
pronounced.

Annual mean errors Annual mean errors
13 13

— 1
— L2

127 — RMSE

1.2 4
1.1+ 1.1+

1.0+ 1.0+

(8] (8]
s s
0.9 4 0.9 4
% MMMWWMWWMW 081 J\Wﬁvwmw
0.7 4 0.7 4
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1850 1875 1900 1925 1950 1975 2000 2025 1850 1875 1900 1925 1950 1975 2000 2025
Year Year

Figure 3.3.1Time series of annual mean MAE, MSE and RMSE of natural simulations (train dataset; left) and historical
simulations (target dataset; right) of the HadGERG31LL GCM.

Based on the relationship identified between the climate change signal and the increase in VAE error
when reproducing temperature fields, @malysis of the error and its relationship with the intensity

of the temperature anomaly was performed for three periods: 12820 (training period), 1980

2020 and 199020 (Figure3.3.12). Each violin plot shows the historical temperature as a
percentile computed from the empirical cumulative distribution function of the training dataset
when they are above different thresholds calculated from the daily MSE error of the train tatase
These thresholds are the maximum error (leftmost panel of Figure B,3the 99" and the 7%
percentiles of error and the median for each gridpoint. A high sensitivity to the choice of the
threshold for anomalies outside the tails of the distribution is observed. Specifically, for the
maximum error threshold (leftmost pan€igure3.3.12a), most detected anomalies correspond to
extreme values, i.e. corresponding to the tails of the distribution, and the remainder is spread
throughout the distribution. The less demanding the threshold, the more anomalies fall within the
interquartile range. Nevertheless, regardless of the threshold, the population of anomalies was
consistently larger at the extremes compared to the rest of the distribution, whereas the opposite
trend is observed for noanomalous values. The same charactdgran between anomalous and
non-anomalous values is observed regardless of the period with some minimal difference in the
number of values observed for each one. In fact, fewer but more extreme anomalies were observed
for shorter periods (see the differeas between Figure 3.3.12a and 3.3.12c).
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