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Abstract

This thesis investigates the role of post-processing in weather science. Post-processing
plays a crucial role in enhancing the usability and reliability of raw model outputs
across a wide range of spatial domains—from high-resolution, limited-area forecasts
to coarse-resolution, global-scale reconstructions. Despite continued progress in
numerical modeling, raw outputs from physical models still suffer from systematic
bias, structural uncertainties, and mass imbalances that reduce forecast performance

and complicate interpretation.

The first part of this thesis focuses on a high-resolution, limited area application,
which is the post-processing of gridded, daily cumulated Quantitative Precipitation
Forecast (QPF). Numerical Weather Prediction (NWP) systems form the founda-
tion of operational weather forecasts, yet limitations in initial conditions, model
resolution, and parameterizations introduce persistent errors in precipitation fields.
To improve forecast skill and better represent uncertainty, we design a multimodel
machine learning-based post-processing approach that blends outputs from several
NWPs using supervised learning. This method improves both accuracy and robust-
ness by leveraging the complementary strengths of different models.

We first model aleatoric uncertainty—the inherent variability in precipitation caused
by atmospheric stochasticity and observational noise. We train deterministic deep
learning models, including MLPs and U-Nets, to learn the conditional distribution of
precipitation. These models produce point estimates, yet they deliver reliable error
behavior, with U-Nets showing a narrower interquartile error range than statistical
baselines such as non-negative least squares.

Afterwards, we expand the framework to include epistemic uncertainty, which stems
from limited training data and model assumptions. We reframe QPF as a probabilistic
segmentation task and apply advanced probabilistic neural networks—such as deep
ensembles and latent-variable models—to generate multiple predictions per input.
These models outperform ensemble-based baselines in the reliability—sharpness trade-



off, proving the value of modeling epistemic uncertainty in risk-sensitive settings
like civil protection.

The second part of this thesis shifts to a coarse-resolution, global-scale appli-
cation: reconciling atmospheric moisture tracking with observational constraints.
Although models like UTrack yield valuable insights into moisture pathways, they
often violate water budget closure compared to reanalysis datasets. To address this,
we develop a post-processing method based on Iterative Proportional Fitting (IPF).
This technique adjusts the reconstructed bilateral moisture connections between
evaporation and precipitation grid cells, ensuring global totals align with ERAS
reanalysis while preserving the original spatial structure. The resulting product,
RECON, provides a globally balanced dataset of atmospheric moisture exchanges at
0.5° resolution. This scalable and physically consistent correction method general-
izes to any gridded moisture tracking dataset and retains the core dynamics of the

original Lagrangian model.

Through these two complementary applications, this thesis showcases the power
and flexibility of post-processing in weather science. By integrating machine learn-
ing and statistical optimization with physical constraints, we provide tools that
improve forecast quality, quantify uncertainty, and enhance the interpretability of

hydrometeorological datasets—supporting better-informed decisions.
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Introduction

Rationale of the work

Post-processing plays a central role in hydrology by improving the quality, usability,
and consistency of raw outputs from numerical models. Hydrological modeling
spans a wide range of spatial scales and resolutions—from high-resolution catchment
studies to global assessments of water availability—and in all cases, raw outputs
from hydrological, land surface, or coupled Earth system models often contain
systematic errors and internal inconsistencies that require correction. These issues
arise from multiple sources, including simplifications in process representations
(e.g., snow dynamics, infiltration, groundwater exchange), uncertainty in input data
such as precipitation and soil parameters, coarse spatial or temporal resolution, and

numerical artifacts introduced by discretization schemes [1, 2].

Post-processing methods address these limitations by refining model outputs
through statistical, machine learning, or hybrid techniques. These methods correct
for bias, estimate uncertainty, improve the spatial and temporal alignment between
simulations and observations, and adjust outputs to match operational or research
needs. Several robust techniques have become standard practice in hydrology. Quan-
tile Mapping (QM) adjusts the distribution of model outputs to match the observed
climatology and sees wide application in both hydrological forecasting and climate
impact studies [3]. Model Output Statistics (MOS), particularly linear regression-
based methods, help correct systematic deviations in forecasts, especially when
applied to streamflow, soil moisture, or evapotranspiration outputs [4]. Bayesian
Model Averaging (BMA) combines outputs from multiple model configurations or
sources and produces a probabilistic estimate that accounts for uncertainty in model
structure and performance [S]. Ensemble post-processing techniques, such as the
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Ensemble Model Output Statistics (EMOS) framework, generate calibrated proba-
bilistic forecasts that maintain consistency with ensemble spread while correcting

for underdispersion and bias [6].

These methods enable researchers and practitioners to bridge the gap between
raw model output and actionable hydrological information [2, 7]. Whether for
real-time flood forecasting [8], seasonal water resource assessment [9], or long-
term climate impact projections [10], post-processing techniques enhance the value
and trustworthiness of model-based products by aligning them more closely with
observed reality [11, 12].

In this thesis, the focus shifts toward two specific applications of post-processing
in hydrology that carry direct implications for real-world decision-making: precipi-
tation forecasting and moisture tracking. These domains represent complementary
facets of the hydrological cycle—one centered on near-future prediction of surface
water input [13], the other on tracing the atmospheric origin and movement of mois-
ture [14]. The selected applications also span opposite ends of the modeling spectrum:
precipitation forecasting offers a high-resolution, limited-domain case [13], while
moisture tracking provides a coarse-resolution, global-domain context [14]. This dif-
ferent spatial scales enable a comprehensive evaluation of post-processing methods

across spatial scales and operational settings.

Accurate precipitation forecasts play a critical role in weather alert systems, par-
ticularly those operated by civil protection agencies tasked with responding to floods,
landslides, and extreme convective events [15]. High-resolution forecasts are espe-
cially valuable because they can capture localized atmospheric processes—such as
orographic uplift, sea-breeze convergence, and mesoscale convective systems—that
strongly influence rainfall distribution in complex terrain and coastal regions [16, 17].
Forecast skill at mesoscale determines the effectiveness of early warning systems,
supports real-time decision-making for infrastructure safety, and informs adaptive
responses in agriculture, energy production, and water resource management [18].
Without post-processing, raw model outputs often fail to capture local bias, overesti-
mate light precipitation, or misplace convective systems, all of which reduce their

reliability for operational use [19, 20].

Moisture tracking, on the other hand, helps to reconstruct the large-scale transport
pathways of atmospheric water vapor. This information enhances understanding of

how moisture originating in remote oceanic or continental regions contributes to
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precipitation over target areas [21]. Moisture tracking supports studies on drought
precursors, flood attribution, and interannual variability in water availability [21].
In research and applied contexts, it also contributes to identifying moisture sources
and sinks under changing climate conditions [22]. Since moisture tracking relies
heavily on gridded datasets—often with coarse resolution and strong modeling
assumptions—post-processing becomes essential to enforce mass consistency, cor-

rect artifacts, and improve the interpretability of long-range transport signals [14].

By focusing on these two applications, this thesis contributes to the development
of post-processing strategies that strengthen both predictive and diagnostic capabili-
ties in hydrology, ultimately supporting more accurate, usable, and decision-relevant
hydrological products.

Thesis outline

In Chapters 1 and 2 this thesis focuses on precipitation forecast.

Modern weather forecasting relies on Numerical Weather Prediction (NWP) mod-
els that simulate atmospheric processes using physical equations. Global Circulation
Models (GCMs) provide coarse-resolution forecasts for large-scale, long-range
predictions, while Limited-Area Models (LAMs) focus on specific regions with
higher resolution, capturing localized phenomena like convection and orographic
effects. Despite progress, NWPs face key limitations: forecast accuracy depends
on initial conditions quality [23], and sub-grid processes like cloud microphysics
require parameterizations that introduce bias [24]. These issues make Quantitative
Precipitation Forecasting (QPF) especially challenging, as models often misplace

convective systems and underrepresent extremes.

Machine learning (ML) has emerged as a promising tool to address limitations
in traditional forecasting systems. Models like ECMWEF’s AIFS and Google Deep-
Mind’s GenCast learn from data and capture non-linear patterns that physics-based
models may miss. However, they still struggle with fine-scale processes, extreme
events, and require massive datasets, limiting their standalone use. Instead, ML adds
value through post-processing, where models like neural networks (NNs), random
forests (RFs), and support vector machines (SVMs) correct systematic bias in NWP
output [25, 26]. NNs, in particular, capture spatial and non-linear dependencies,
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improving QPF accuracy. Yet, most ML post-processing remains station-based
and model-specific, limiting spatial coverage and robustness. Gridded, multimodel

approaches offer a more reliable alternative for real-world applications.

To overcome these challenges, this thesis develops a machine learning-based
multimodel ensemble post-processing method for gridded, daily accumulated precip-
itation forecasts. The approach combines outputs from several NWPs in a supervised
learning framework. By blending models with different bias structures and error
characteristics, the ensemble improves accuracy, generalization, and reliability. This
method builds on evidence showing that multimodel ensembles consistently out-
perform individual models [5, 27]. In addition to improving skill, our multimodel
produces deterministic gridded outputs with forecast uncertainty quantification—an
essential feature for risk-based decision-making in civil protection and infrastructure

planning [28].

Chapter 1 focuses on aleatoric uncertainty, which is inherent in the input data
and in the stochastic nature of precipitation processes. No model can remove this
uncertainty, but post-processing can estimate its structure and range. In this phase, the
goal is to learn the conditional distribution of precipitation given the input forecasts,
using deterministic deep learning models that approximate the spread of possible
outcomes [29]. We adopt Multi-Layer Perceptrons (MLPs) and Convolutional
Neural Networks (CNNs), with a particular focus on U-Net architectures, to produce
deterministic forecasts that minimize distribution-aware loss functions [30]. While
the U-Net models do not significantly outperform classical statistical benchmarks
like Non-Negative Least Squares in terms of median error metrics, they achieve
a meaningful reduction in Interquartile Range (IQR). This suggests that U-Nets
provide more consistent and spatially coherent error estimates, improving reliability

even when central tendency metrics remain similar [31].

Chapter 2 introduces epistemic uncertainty, which pertains to the uncertainty
inherent in the model itself. This type of uncertainty becomes particularly significant
when data coverage is limited or when the model encounters unfamiliar inputs, such
as rare or extreme events. To address this, we reframe Quantitative Precipitation
Forecast (QPF) post-processing as a probabilistic segmentation problem, building
upon the best-performing deterministic model from the previous stage (U-Net).
We implement state-of-the-art probabilistic methods, including SDE-Net [32], deep
ensembles [33], and Monte Carlo dropout [34], to capture both prediction uncertainty
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and model confidence. These probabilistic approaches generate diverse deterministic
QPF outputs for the same input across multiple runs, with the variability reflecting
the model’s internal uncertainty, leading to more realistic probabilistic forecasts.
When compared to a Poor Man’s Ensemble benchmark—constructed by averaging
multiple runs of a deterministic model trained with different initializations—we
find that probabilistic neural networks achieve a better balance between reliability
and sharpness. These results underscore the importance of modeling epistemic
uncertainty in QPF post-processing and demonstrate that capturing model confidence
can significantly enhance the usefulness of precipitation forecasts in decision-critical
applications.

Finally, in Chapter 3 this thesis focuses on moisture tracking dataset post-

processing.

Recent advances in atmospheric moisture tracking have deepened our under-
standing of the hydrological cycle by enabling researchers to trace the origins of pre-
cipitation and the eventual fate of evaporated water. Lagrangian models like UTrack
reconstruct long-range moisture flows by simulating the trajectories of air parcels
and estimating moisture exchanges along their paths [14]. These tools have proven
essential for identifying source—sink relationships, evaluating moisture recycling
rates, and analyzing the spatial structure of atmospheric water transport. However,
despite improvements in resolution and physical parameterizations, tracking mod-
els still exhibit significant inconsistencies when compared with reanalysis-based
estimates of evaporation and precipitation. Discrepancies often emerge in the total
annual mass balance, leading to over- or underestimation of regional water budgets

and raising concerns about the physical coherence of the modeled flows [35].

To address these limitations, this thesis proposes a novel post-processing frame-
work based on Iterative Proportional Fitting (IPF)—a statistical method originally
developed for adjusting contingency tables under marginal constraints [36]. Here,
we adapt IPF to enforce annual water budget closure in atmospheric tracking datasets
by adjusting the moisture flows between evaporation and precipitation grid cells.
Specifically, we apply this approach to reconcile UTrack’s reconstructed flows [14]
with observed evaporation and precipitation totals from the ERAS reanalysis [37].
ERAS is a global climate reanalysis dataset provided by the European Centre for
Medium-Range Weather Forecasts (ECMWF). It provides estimates of atmospheric,

land, and oceanic variables from 1950 to present at a horizontal resolution of 0.25° x
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0.25° (approximately 31 km at the equator) on a regular latitude-longitude grid, with

hourly temporal resolution and 137 vertical levels from the surface up to 0.01 hPa.

By iteratively scaling the connection matrix while preserving the original flow
structure, IPF ensures that the total incoming precipitation matches total outgoing
evaporation at the global scale—without altering the spatial pathways or transport
dynamics encoded in UTrack.

The resulting product, named RECON, provides a physically consistent, globally
balanced dataset of atmospheric moisture connections at 0.5° spatial resolution for the
period 2008-2017. RECON enables robust analysis of cross-basin moisture transport
and hydrological connectivity, offering a valuable tool for climatology, water resource
studies, and model evaluation. Before applying IPF, we pre-process ERAS to
remove non-physical values, such as negative surface evaporation (indicative of
condensation), and to guarantee the closure of the water cycle in the input fields.
This preprocessing step ensures that the adjustments applied during IPF remain
physically meaningful and do not compensate for artifacts in the data.

Importantly, our results show that the IPF correction preserves the physical
integrity of the UTrack simulations. The spatial patterns of moisture transport remain
coherent, and key features such as dominant transport corridors and continental
moisture recycling do not exhibit artificial distortions. This confirms that IPF can
serve as an effective post-processing layer—reconciling moisture tracking outputs
with observational constraints while maintaining the dynamical behavior of the
original model. Moreover, the flexibility of this approach allows it to be applied to
any gridded moisture tracking dataset, making it a general solution for improving
mass balance and interpretability in large-scale atmospheric moisture studies.

Through two complementary applications—quantitative precipitation forecasting
and atmospheric moisture tracking—this thesis demonstrates the power and ver-
satility of post-processing in weather science. Depending on the case, raw model
output falls short of the consistency, accuracy, and uncertainty awareness needed
for operational and scientific use. By using supervised machine learning techniques,
probabilistic modeling, and statistical correction methods with physically grounded
inputs, we develop post-processing frameworks that significantly improve the quality

and interpretability of model-based products.
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Machine learning: key concepts

Chapter 1 and Chapter 2 apply two broad categories of machine learning algorithms:
supervised and unsupervised learning. Supervised learning trains a learning model
on a labelled dataset, where each input links to a known output. The model adjusts its
weights by minimizing a loss function through an optimizer, improving its ability to
map inputs to outputs. The loss function measures the difference between the model’s
predictions and actual values, guiding the optimization process. The choice of loss
function depends on whether the task involves regression or classification. Standard
options include Mean Squared Error (MSE) for regression and Cross-Entropy Loss

for classification.

Hyperparameters play a crucial role in training machine learning models. An
epoch represents a full pass through the entire training dataset. The number of
epochs determines how many times the model processes the training data. Too few
epochs can lead to underfitting, while too many increase the risk of overfitting. A
common strategy to prevent overfitting is early stopping, which halts training when
the validation error stops improving. The learning rate controls the step size taken
along the loss function surface during optimization. A smaller learning rate results
in more gradual and stable convergence, whereas a larger one accelerates training
but increases the likelihood of overshooting the optimal point. Batch size defines the
number of training samples processed in a single iteration. Smaller batch sizes lead
to more frequent weight updates, potentially improving generalization, while larger

batches provide more stable gradient estimates.

Optimizers adjust model parameters to minimize the loss function. Common
choices include Stochastic Gradient Descent (SGD), Adam, and RMSprop, each
handling learning rate adjustments and gradient updates differently. Kingma [38]
introduced the Adam optimizer, which has gained popularity for its ability to handle
noisy gradients and sparse data efficiently.

An optimizer’s performance depends heavily on the chosen learning model. Different
architectures offer distinct advantages depending on the data type and task. Linear
and logistic regression provide simplicity and interpretability, making them effective
for straightforward relationships. Decision trees handle missing data well and work
efficiently with mixed data types. Support Vector Machines (SVMs) excel in high-
dimensional classification problems. Ensemble methods improve robustness in

noisy data environments. Neural networks process large datasets and capture highly
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complex patterns, making them robust for tasks that involve intricate dependencies.
Neural networks fall into two primary categories: Multi-Layer Perceptrons (MLPs)
and Convolutional Neural Networks (CNNs). MLPs model complex nonlinear
relationships, making them suitable for precipitation data. However, their fully
connected structure requires handling numerous weights between neurons, leading
to high computational costs, especially in high-dimensional problems. CNNs, on
the other hand, specialize in processing grid-based data such as images or gridded
weather forecasts. Vandal et al. [39] demonstrated their effectiveness in downscaling
precipitation forecasts, improving spatial resolution. MLPs follow a dense structure
where every neuron in one layer connects to every neuron in the next. CNNs take
a different approach, using convolutional layers to detect local patterns and extract
hierarchical features. These layers apply filters to the input data, progressively
capturing more complex spatial patterns. Pooling operations, such as max and
average pooling, reduce dimensionality by selecting the most relevant features within
a given window. CNNs process data across multiple channels (e.g., R-G-B for
images), with deeper layers increasing the number of channels to detect higher-level
patterns. Typically, CNNs require input features to maintain a consistent shape,

ensuring compatibility across layers.

Regularization techniques, such as L, weight decay [40] and dropout [41], control
model complexity to prevent overfitting. These methods improve generalization by
limiting the model’s ability to memorize noise from the training set. Dropout operates
by randomly deactivating neurons with probability p during each training epoch.
For instance, applying dropout with p = 0.5 to a layer containing 1000 neurons
disables 500 neurons at every training iteration. By introducing this randomness,
dropout forces the network to develop more distributed representations, making it

more resilient and improving its ability to handle unseen data.

Finally, a remark on unsupervised learning, which, unlike supervised learning,
does not rely on labeled data but instead uncovers patterns or structures within the
input data. One widely used unsupervised learning algorithm is k-means clustering.
k-means partitions the data into k clusters by iteratively minimizing the variance

within each cluster, grouping similar data points together based on feature similarity.



Chapter 1

Aleatoric uncertainty in QPF
post-processing

Related work: Luca Monaco, Francesco Laio, Roberto Cremonini, Giovanni Bindi,
Secondo Barbero, "Exploring the viability of a machine learning based multimodel

for quantitative precipitation forecast post-processing", submitted to Machine Learn-
ing: Earth, 2025

1.1 Introduction

Numerical Weather Prediction (NWP) models drive modern weather forecasting
using mathematical equations to simulate atmospheric processes. Based on spatial
scale and resolution, they fall into Global Circulation Models (GCMs) and Limited
Area Models (LAMs). GCMs generate global forecasts with coarse spatial resolution,
making them practical for medium- to long-range predictions. LAMs, on the other
hand, focus on specific regions, offering higher spatial and temporal resolution. This
precision allows them to capture localized phenomena such as convection and terrain
influences, making them more suitable for short-range forecasts. To enhance regional
detail, LAMs integrate boundary conditions from GCMs.

NWPs face several inherent challenges. The accuracy of initial and boundary
conditions depends on the quality and availability of observational data at the start

of the forecast [42]. Additionally, parameterizations representing sub-grid-scale pro-
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cesses, such as cloud microphysics and convection, introduce further uncertainty [24].
These factors contribute to systematic errors and bias, particularly when forecasting
complex variables like precipitation. Quantitative Precipitation Forecasting (QPF)
remains especially difficult due to the intricate, non-linear interactions governing
precipitation formation. Despite these challenges, accurate QPF is critical in weather

alert systems, agriculture, water resource management, and disaster response.

Precipitation results from a complex interplay of atmospheric dynamics, ther-
modynamics, and microphysical processes, responding sensitively to small-scale
variations in temperature, humidity, and aerosols [43]. These factors create signif-
icant spatial and temporal variability, often leading to patterns that NWP models
struggle to capture accurately. Moreover, the chaotic nature of the atmosphere am-
plifies forecast errors, particularly for convective precipitation events, which evolve

rapidly over short timescales and within limited spatial areas [44, 45].

In recent years, researchers have increasingly turned to machine learning as an
alternative to traditional physics-based NWPs. ML models offer a flexible, nonlinear

approach that learns complex relationships from large datasets.

The European Centre for Medium-Range Weather Forecasts (ECMWF) de-
veloped the Artificial Intelligence Forecasting System (AIFS) to complement its
physics-based Integrated Forecasting System (IFS). AIFS, which relies on graph
neural networks, has delivered strong results in forecasting upper-air variables, sur-
face weather conditions, and tropical cyclone tracks [46]. It has also outperformed
IFS in predicting geopotential height at 500 hPa, achieving lower Root Mean Square
Error (RMSE) and higher Anomaly Correlation Coefficient (ACC) [46]. However,
AIFS runs at a lower spatial resolution than IFS, which limits its ability to capture
fine-scale atmospheric processes. As a result, its forecasts struggle with localized

weather events, such as heavy rainfall and small-scale convective systems [47].

ML-based weather models have improved, but significant challenges persist,
especially in capturing complex physical processes like precipitation: generalization
to extreme events remains challenging, spatial resolution is still coarse, and training
demands vast amounts of data. These issues demand further refinement before ML

models can replace traditional NWPs.

For now, refining NWP forecasts through post-processing offers a practical way

to enhance QPF. This approach reduces systematic errors and bias by adjusting NWP
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outputs based on historical performance and real-time observations, leading to more

accurate precipitation predictions.

Researchers have developed advanced statistical methods like Ensemble Model
Output Statistics (EMOS) and Bayesian Model Averaging (BMA) to improve fore-
cast accuracy and reliability. EMOS builds on Model Output Statistics (MOS),
introduced by Glahn and Lowry [48], by incorporating ensemble forecasts to repre-
sent uncertainty more effectively. BMA takes a probabilistic approach, combining
multiple model forecasts and weighting each based on historical performance [5].
Although BMA originally focused on other variables, [49] modified it to handle QPF.

These methods outperform traditional MOS but come with limitations when
applied to precipitation forecasts. EMOS depends on a predefined parametric distri-
bution to model weather variables, which creates challenges in capturing extremes. It
also struggles to represent forecast uncertainty accurately when the ensemble spread
remains narrow or when dealing with rare events [50]. BMA, on the other hand,
remains highly sensitive to bias in the ensemble forecasts [51] and often fails to
handle high-resolution precipitation forecasts effectively, as spatial complexities
introduce additional difficulties [52].

ML extends beyond developing weather models from scratch and plays a key
role in advancing post-processing techniques. Methods such as neural networks
(NNs), random forests (RFs), and support vector machines (SVMs) have improved
QPF accuracy by refining NWP outputs [25, 26]. Neural networks, for instance,
capture intricate patterns and interactions that traditional statistical methods often
miss. Rojas-Campos et al. [53] developed a deep-learning-based post-processing
method that integrated multiple weather variables from the same NWP, significantly
improving the probability of precipitation estimates and QPF accuracy. The study
found that NNs outperformed classical statistical post-processing techniques at four

selected stations, including logistic regression and generalized linear models.

Two well-known ML-based post-processing techniques, EcPoint and Quantile
Regression Forests (QRF), aim to enhance QPF accuracy and reliability.

ECMWEF developed EcPoint as an advanced post-processing technique that
applies to the IFS model. Incorporating local topographic and climatic features im-
proves the spatial resolution of precipitation forecasts [54]. EcPoint has successfully

increased forecast accuracy, particularly in regions with complex terrain. However,
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its statistical approach limits its ability to capture extreme precipitation events, and

forecast quality depends on the resolution and accuracy of input data [55].

QREF, introduced by Meinshausen [56], extends traditional random forests by
estimating conditional quantiles of the response variable, offering a more detailed
representation of forecast uncertainty. Several studies have shown that QRF out-
performs traditional linear methods in probabilistic precipitation forecasting [57].
However, its performance depends on careful hyperparameter tuning [56]. Addition-
ally, QRF does not inherently account for spatial correlations in meteorological data,
which can lead to less accurate predictions in regions where spatial dependencies
play a crucial role [58].

Recent advancements in ML-based QPF post-processing include deep learning
techniques such as Convolutional Neural Networks (CNNs) and Long Short-Term
Memory networks (LSTMs). CNNs capture spatial dependencies in precipitation
data, enhancing QPF accuracy [59]. LSTMs, designed for time-series forecasting,
effectively model temporal dependencies, making them well-suited for precipitation
forecasting tasks [60, 61].

Post-processing methods often generate station-specific forecasts, which lack the
spatial resolution needed to capture localized phenomena like extreme precipitation,
small-scale convection, and orographic effects. In contrast, gridded forecasts ensure
better spatial continuity, making them essential for flood forecasting, agricultural
planning, and urban management applications, where detailed local insights drive
decision-making. Another limitation of many post-processing techniques stems from
their reliance on a single NWP, ignoring the benefits of integrating forecasts from
multiple models with different physical representations of atmospheric processes.

To address these challenges, we develop a machine learning-based multimodel
ensemble post-processing approach for gridded daily cumulated QPF. This method
integrates forecasts from multiple NWPs within a supervised learning framework,
leveraging the strengths of each model while compensating for their weaknesses.
By combining forecasts from models with different bias and error characteristics,
the ensemble enhances accuracy and robustness [62]. This approach consistently
outperforms individual models [27, 5] while also providing a built-in measure of
forecast uncertainty, which plays a crucial role in risk-based decision-making [63].
Indeed, although this study applies a deterministic post-processing approach, it

explicitly considers aleatoric uncertainty—the inherent uncertainty in the dataset
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Figure 1.1 These maps illustrate the Area of Interest (Aol) for this study. The left plot
shows the Aol borders in red within the context of Western Europe. The right plot highlights
Piedmont in blue and includes Aosta Valley in green as part of the Aol.

itself. Observational errors, limited data resolution, and variability in recorded
precipitation values introduce noise that affects the learning process. Even with a
well-trained model, these uncertainties constrain forecast precision by influencing
the reliability of input-output relationships. By accounting for aleatoric uncertainty,
this approach improves QPF accuracy while addressing the limitations imposed by

data quality.

This study uses neural networks trained on rainfall observations to blend precipi-
tation forecasts from multiple NWPs. This approach enhances QPF accuracy while
generating reliable uncertainty estimates for the post-processed precipitation fields.
Although these methods apply broadly, we assess their performance through a case
study in Piedmont and Aosta Valley.

1.2 Data

This study combines regridded daily Quantitative Precipitation Forecast (QPF) from
multiple Numerical Weather Prediction (NWP) models to improve precipitation
predictions on a unified grid. By integrating outputs from different models, this
approach enhances forecast accuracy. Instead of analyzing temporal dynamics, it
focuses on the first 24 hours of cumulative daily precipitation as input to the machine
learning framework. Constraining the analysis to this timeframe allows for more

precise and reliable predictions while maintaining a consistent temporal scale. From
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here onward, a daily cumulated precipitation gridded observation is referred to as an

"event".

As an example case, this study examines northwestern Italy, focusing on Piemonte
and Aosta Valley (Figure 1.1). The Alps dominate the landscape in both regions,
shaping their climate and hydrology. Piemonte features three distinct zones: the
Alpine region to the north and west, where towering peaks like Monte Rosa (4,634
m) and Monviso (3,841 m) rise; the pre-Alpine hills, including the Langhe and
Monferrato; and the expansive Po Valley, a vast alluvial plain that collects runoff
from mountain-fed rivers. Aosta Valley, the smallest and most mountainous region
in Italy, sits among iconic peaks such as Mont Blanc (4,810 m). Glacial valleys,
carved by ancient ice flows, define much of its terrain, with the Dora Baltea and
its tributaries shaping the landscape. Active glaciers, including Miage and Brenva,

continue to influence seasonal hydrology.

Moist air masses orographically rise over the Alps, triggering heavy precipitation
along the windward slopes of Piemonte and Aosta Valley. Meanwhile, leeward areas,
such as parts of the Po Valley, often remain drier due to the rain shadow effect [64].
However, the Po Valley also faces episodes of intense rainfall and flash flooding,
largely influenced by Atmospheric Rivers (ARs)—narrow bands of concentrated
moisture transport. In northern Italy, the Mediterranean Sea fuels these ARs, acting
as a continuous moisture source that sustains extreme rainfall events. As shown by
Davolio et al. [65], interactions between ARs and the complex Alpine terrain further
intensify precipitation, making these systems a key driver of extreme weather in the

region.

The Po Valley stands as one of Europe’s most industrialized areas, playing
a crucial economic and strategic role. Intense rainfall and flash floods threaten
infrastructure, agriculture, and industry, underscoring the urgent need for reliable

precipitation forecasts to support risk mitigation and disaster preparedness.

For observational data, we use the NorthWestern Italy Optimal Interpolation
(NWIOI) dataset by ARPA Piemonte, the regional agency for the environmental
protection [66, 67]. This dataset provides daily cumulated rainfall estimates by
interpolating ground station observations onto a grid with a linear resolution of ap-
proximately 12 km. The NWIOI serves as the benchmark for training and validating
the machine learning architectures in this study. Covering the period from 1957 to
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the present, it captures a wide range of meteorological conditions, ensuring robust

temporal coverage for analysis.

This study relies on daily cumulated precipitation fields from multiple NWPs
provided by ARPA Piemonte, to predict QPF in the target area. The selected models
include BOLAM, COSMO-2I, COSMO-5M, and ECMWF-IFS. BOLAM, devel-
oped by the National Research Council of Italy (CNR), operates at an intermediate
resolution and focuses on regional weather forecasting, providing detailed precip-
itation predictions essential for this analysis [68]. COSMO-2I, a high-resolution
version of the COSMO model with a 2-km grid, specializes in short-range weather
forecasting and nowcasting, capturing localized precipitation patterns with greater
precision [69]. COSMO-5M, another version of the COSMO model with a 5-km
resolution, balances computational efficiency with spatial detail, making it suitable
for regional forecasting. Although the COSMO consortium has started decommis-
sioning COSMO-2I and COSMO-5M in favour of ICON-based models, this study
uses them because ARPA Piemonte relied on COSMO models for years, accumulat-
ing a sizeable historical archive with no better alternative available. ECMWF-IFS,
the Integrated Forecasting System from the European Centre for Medium-Range
Weather Forecasts, delivers global weather predictions with high accuracy, bene-
fiting from an advanced data assimilation system [70]. BOLAM, COSMO-21, and
COSMO-5M function as limited-area models (LAMs) using boundary conditions
from ECMWE-IFS, a global circulation model (GCM).

This study selects significant precipitation events based on spatial characteristics.
The 95" percentile of rainfall across all observational grid cells from NWIOI within
an event serves as a proxy for spatial maxima, capturing events with relevant precip-
itation intensity. Events qualify for analysis if at least one grid cell records a 95™
percentile value above 10 mm. ARPA Piemonte applies this 10 mm/24 h threshold
operationally to distinguish between light and moderate precipitation. This criterion
helps exclude minor precipitation events, allowing the focus to remain on significant
cases. The selection covers events from 2018 to 2022, initially retrieving more than
1,000 cases. However, we refined the dataset to include only events where all selected
NWPs provide forecasts, ensuring consistency across models for post-processing
evaluation. This final selection comprises 406 events.

To evaluate how well the machine learning algorithms handle high-resolution
precipitation data, we apply bilinear regridding to both observations and NWP
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forecasts. This process aligns all data onto a standard regular grid in the WGS84
coordinate system with a linear resolution of approximately 2 km.

Figure 1.2 presents summary statistics for NWIOI observations across 406 events
in the Aol, classified by season. The table includes the spatial average u, the 99"
percentile, and the coefficient of variation CV, which quantifies spatial variability as
the ratio between the spatial standard deviation ¢ and the spatial average U:

CV = i (1.1)
The dataset includes approximately 150 summer events (JJA), around 100 events
in both spring (MAM) and autumn (SON), and about 50 in winter (DJF). This
distribution aligns with operational priorities, as winter rainfall events tend to be
more straightforward and less critical to characterize. In contrast, summer events
present greater complexity and require more detailed analysis. The spatial average
and the 99" percentile follow similar distributions, with autumn events appearing
more frequently at higher values. As expected, the coefficient of variation indicates
that low-variability events occur more often in spring, autumn, and winter, while
summer features the highest concentration of high-variability events.
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Figure 1.2 Summary statistics for NWIOI observations across 406 events in the Area of
Interest (Aol), categorised by season. The table includes spatial average, 99" percentile, and
coefficient of variation as a measure of spatial variability.
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Figure 1.3 Comparison of observations (NWIOI) and NWP forecasts (BOLAM, COSMO-21,
COSMO-5M, and ECMWEF-IFS) for daily cumulated precipitation on 4th October 2021
during a severe precipitation event in the study area. The data have undergone bilinear
regridding onto a standard regular grid in the WGS84 coordinate system with a linear
resolution of approximately 2 km. The plot reveals substantial discrepancies between
observations and forecasts and among the forecasts themselves. While this variability
complicates operational forecasting, it highlights the potential benefits of integrating multiple
NWP outputs through post-processing. The highest observed precipitation exceeded 500
mm/24 h in the bottom-right region of the study area, a value that no NWP accurately
captured. Depending on the model, forecasts suffered from poor spatial alignment, significant
underestimation, or both.

By combining multiple NWP outputs with high-quality observational data, this
dataset provides a strong foundation for developing machine learning architectures
to enhance precipitation forecasts through a multimodel approach. Figure 1.3 il-
lustrates the advantages of this strategy, highlighting how precipitation forecasts
from different NWPs can show significant discrepancies both with observations and
among themselves. This high variability poses challenges for operational forecasting,
as forecasters struggle to determine which model to trust when predictions differ
widely. However, this same variability becomes an asset in a multimodel framework,
where the strength of blending forecasts lies in integrating diverse inputs. When
forecasts are too similar, combining them adds little value, whereas significant dif-
ferences provide opportunities to improve accuracy by leveraging complementary

information.
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1.3 Methods

1.3.1 Pre-training phase

Splitting the dataset into training, validation, and test sets plays a crucial role in ma-
chine learning. Ensuring distributional homogeneity requires careful consideration
of data characteristics. For example, precipitation data differ in spatial variability
and mean values depending on the event type. Including the study area, stratiform
events generally exhibit low spatial variability but high spatial averages [71]. In
contrast, convective events show the opposite pattern, with high spatial variability
and low spatial averages [72]. Statistically derived thresholds from historical data
provide a basis for classifying daily rainfall events as extreme or non-extreme. A
practical approach to preserve homogeneity across the subsets involves partitioning
the dataset into training, validation, and test sets according to the classification of

precipitation events based on their intensity and nature.

We determine seasonal thresholds for daily cumulated precipitation over the
Area of Interest using the observational dataset NWIOI, described in Section 1.2,
to classify rainfall events as extreme or non-extreme. For each season, we examine
the distribution of spatial precipitation maxima from 1958 to 2017 and set the 99
percentile as the intensity threshold. An event qualifies as extreme when it surpasses
its seasonal threshold. The thresholds are 64.58 mm for winter (DJF), 95.71 mm
for spring (MAM), 93.26 mm for summer (JJA), and 140.40 mm for autumn (SON).
Applying this classification, we identify 26 extreme events and 380 non-extreme

events.

We further classify non-extreme events into convective, intermediate, and strati-
form categories using k-means. Precipitation systems are rarely purely stratiform
or purely convective, in fact, for example, convective systems are often embedded
within larger-scale stratiform structures. This overlap highlights the need for an
intermediate class to account for mixed events that do not fit neatly into either

category.

For each rain day, we analyze dataset statistics presented in Figure 1.2, specifi-
cally the spatial average u and the coefficient of variation CV defined in Equation
1.1. These metrics serve as clustering variables in the CV-u plane, where we group

the events as shown in Figure 1.4a.
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(a) The scatter plot visualizes non-extreme events clustered based on the coefficient of variation
(CV), representing spatial precipitation variability, and the spatial average (), quantifying mean
precipitation over the study area. Applying k-means clustering, we classify non-extreme events into
stratiform, intermediate, and convective categories. This classification builds on the observation
that, in mid-latitudes, convective events typically show higher spatial variability (higher CV), while
stratiform events tend to have higher average precipitation (u). The clustering process identifies 201
stratiform events, 135 intermediate events, and 44 convective events.
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(b) Event count distribution for the 406 dataset events, classified by event intensity/nature and season.

Figure 1.4 Summary of clustering and classification results for the 406 dataset events
examined in this study.
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Figure 1.4b displays the seasonal distribution of extreme, stratiform, intermediate,
and convective events. The native 12 km linear resolution of NWIOI smooths
precipitation patterns, reducing sub-scale variability and inherently underestimating
the coefficient of variation. This smoothing effect increases the number of events
classified as stratiform or intermediate. Autumn records the lowest number of
convective events despite their higher physical occurrence compared to winter [73].
The dominant stratiform component in autumn precipitation events, combined with
the localized nature of convective rainfall, causes clustering to misclassify some
convective events as stratiform or intermediate due to the dataset’s low spatial
resolution. This misclassification leads to a reduced count of autumn convective
events. Despite these systematic bias, the clustering approach ensures distributional

homogeneity across subsets, eliminating the need for corrections.

After clustering, we apply 10-fold cross-validation to model aleatoric uncertainty
and generate 10 distinct training-validation-test set triples, ensuring a balanced
distribution of extreme, stratiform, intermediate, and convective events across each
split. This approach preserves the representativeness of different precipitation types
in all subsets while introducing variability into the training, validation, and test
data. We use two splitting schemes, 70-15-15 and 60-20-20, for training, validation,
and test sets. Figure 1.5 presents RMSE statistics across the 10 splits for both
configurations. The RMSE distributions for all selected NWPs remain consistent
across training, validation, and test sets, demonstrating that data homogeneity holds

in both cases.

PROPORTIONS 70%-15%-15% . 60%-20%-20%
TRAINING SET VALIDATION SET TEST SET

RMSE [mm]

Figure 1.5 This plot shows the RMSE distribution between forecasts from the selected Nu-
merical Weather Prediction (NWP) models and NWIOI observations across the 10 different
training-validation-test set triples and for 70-15-15 and 60-20-20 splitting proportions. The
coloured bars indicate the median, while the error bars represent the 25" and 75™ percentiles.
The similar RMSE distributions across both splitting schemes confirm that data homogeneity
remains consistent across subsets.
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By introducing this stochastic element, the method strengthens the generalization
ability of the learning models and improves the estimation of forecast uncertainty by
explicitly accounting for the aleatoric uncertainty. It stems from inherent variability
in the dataset, including noise in observational measurements, spatial and temporal
resolution limitations, and unpredictable fluctuations in precipitation patterns. Since
collecting more data does not eliminate aleatoric uncertainty, integrating it into the

learning process allows the model to generate more reliable predictions.

1.3.2 Training phase

In this study, we selected neural networks over other supervised learning architectures
to blend QPF from four different NWPs and generate a more accurate forecast. As
discussed in Section , neural networks excel at capturing highly non-linear patterns,
which frequently characterize meteorological data such as precipitation. Convo-
lutional Neural Networks (CNNs) work well with spatial data by detecting local
dependencies and structured patterns. However, including Multi-Layer Perceptrons
(MLPs) as a baseline provides a crucial reference point in this study. MLPs are
a general-purpose architecture widely applied across machine learning domains,
making them valuable for benchmarking CNN performance. Unlike CNNs, MLPs
process meteorological input features without leveraging spatial filtering mecha-
nisms. By testing MLPs with different configurations, such as varying the number
of layers and neurons, we evaluate the advantages of spatial feature extraction in
CNN-based QPF post-processing. This comparison ensures that improvements stem
from the architecture’s ability to capture precipitation structures rather than simply

from increased model complexity.

We implement MLPs and CNNs with multiple configurations to evaluate different
architectural choices. For MLPs, we design networks with 2, 4, and 8 layers, each
containing 5000 neurons. To assess the impact of regularization, we test these
architectures with and without 50% dropout, as illustrated in Figure 1.6. For CNN:ss,
we explore two distinct approaches. The first follows a standard U-Net architecture,
widely used in image segmentation for its ability to capture spatial hierarchies
[74]. U-Net adopts an encoder-decoder structure with skip connections, directly
transferring high-resolution features from the encoder to corresponding decoder
layers. This design improves spatial accuracy, mainly when training data availability

is limited.
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Figure 1.6 Architecture of the Multi-Layer Perceptron (MLP) used in this study. The input
data, originally shaped as (B,4,96,116), undergo processing into (B,20988) after applying
a mask to select the Area of Interest (Aol) (Figure 1.1) and flattening. The MLP consists of
L linear layers: the first transforms (B,20988) into (B,N), followed by L — 2 hidden layers
(if included) of size (B,N), and a final layer that maps (B,N) to (B,5247). After each linear
layer, a Parametric ReLU (PReLU) activation function enhances non-linearity. If specified, a
Dropout layer follows with a probability of 0.5. The output is then reshaped to (B,96,116),
with a ReLU activation ensuring non-negative precipitation values, and an Average Pooling
operation reducing salt-and-pepper noise.
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The second approach extends U-Net by incorporating a Residual U-Net frame-
work [75]. This variation introduces residual connections within convolutional
blocks, allowing gradients to flow more effectively through the network. By ad-
dressing the vanishing gradient issue, Residual U-Net enables deeper architectures
without compromising training stability, making it well-suited for complex precipita-
tion forecasting tasks.

We applied the Adam optimizer to both network types, setting the learning rate
to 10~* and training for 2000 epochs with early stopping. To examine the impact of
batch size on model performance, we conducted two separate simulation branches. In
the first branch, the network processed the entire training set in each epoch, treating
it as a single batch. In the second branch, we implemented mini-batch training
with batch sizes of 8, 16, and 32 events. Introducing this level of randomness helps

prevent overfitting and enhances generalization to unseen data.

For the loss function, we selected Mean Squared Error (MSE), defined as

1 NXxB

VB Y (fi—0) (1.2)

i=1

MSE =

where N represents the number of grid cells in the 2 km resolution precipitation grid
described in Section 1.2, which is shared between forecasts f; and observations o;,
while B denotes the batch size.

Each network type trains on the 10 training sets obtained in Section 1.3.1, generat-
ing a distribution of post-processed forecasts for each architecture. This distribution

provides a basis for evaluating the aleatoric uncertainty in the predictions.

To benchmark our neural network-based post-processing against a statistical-
based technique, we calibrate a constrained linear regression using the Non-Negative
Least Squares (NNLS) method on the same 10 training sets. NNLS minimizes the
squared error between predicted and observed values while enforcing non-negative

model weights.

Given a set of four selected NWP forecasts F = [f},f;,f3,f4] and an observed
outcome vector O, NNLS aims to determine a weight vector w = [wy,wa, w3, wa]

that minimizes the following objective function:

min (F-w—0)?

w>0
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In this formulation, F - w represents the weighted linear combination of forecast
inputs, and the goal is to minimize the squared error (F-w — O)? while ensuring
all elements of w remain non-negative. This constraint guarantees that the weights
capture only additive contributions from each model, preventing negative adjustments

that could distort the final prediction.

NNLS methods provide a reliable and straightforward approach, making them a
strong baseline for evaluating multimodel ensemble performance. These methods
take the most straightforward approach to blending forecasts by assigning optimized
weights to different NWP inputs to minimize overall prediction error. This study
applies two distinct NNLS strategies. The first approach, NNLS 1, assigns a single
weight to each NWP, optimizing these weights to minimize errors in the final blended
forecast [76]. This formulation assumes that each model contributes consistently
across all grid points. The second approach, NNLS 2, assigns separate weights to
each NWP at every grid cell, allowing the ensemble to account for spatially varying
forecast skills. By capturing local differences in model performance, NNLS 2 refines
the blended forecast, adapting more effectively to regional bias and improving

accuracy benchmark [77].

We ran all simulations and model training using Python 3.12, implementing
machine learning architectures and training pipelines with PyTorch and scikit-learn.
The experiments took place on a Dell Alienware Aurora R15 system running Ubuntu
22.04.5 LTS, powered by a 13th Gen Intel® Core™ 19-13900KF x 32 CPU, 64 GB
of RAM, and an NVIDIA GeForce RTX 4090 GPU.

1.3.3 Test phase

For the test phase, we evaluate the forecasts from the selected NWPs alongside the
post-processing algorithms defined in Section 1.3.2. These include Non-Negative
Least Squares (NNLS 1 and NNLS 2), Multi-Layer Perceptrons (MLPs) with 5000
neurons and 2, 4, or 8 layers, both with 50

We analyze the distribution of multiple verification metrics over the 10 splits
defined in Section 1.3.1. For each split, we compute the Root Mean Square Er-
ror (RMSE) and the Mean Error (ME), two standard metrics used to quantify the

difference between predicted and observed values [78].
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They are defined as:
1 Nxn
RMSE = —0;)? 1.
SE=\Nn & =l (1.3)
1 Nxn
ME:NXnZ(fi—oi) (1.4)

i=1

where f; represents the forecasted precipitation, o; denotes the observed precipitation,
N indicates the number of grid points, and n corresponds to the number of events in
the test set.

RMSE quantifies the overall forecast error, with lower values signalling higher
accuracy. On the other hand, ME measures the systematic bias in predictions,
revealing whether the model consistently overestimates or underestimates observed
precipitation. Since RMSE captures error magnitude while ME highlights directional
bias, using both provides a more comprehensive evaluation. Analyzing these two
metrics together helps pinpoint potential shortcomings in the model and refine its

predictive capability.

To assess performance across different precipitation regimes, we compute RMSE
and ME separately for grid cells where observed precipitation surpasses three thresh-
olds: 1 mm/24 h, 20 mm/24 h, and 50 mm/24 h. These thresholds are proxies for
wet days, moderate precipitation, and heavy rainfall. The World Meteorological
Organization (WMO) classifies a wet day based on the 1 mm/24 h threshold, which
forms the basis of the Simple Daily Intensity Index (SDII). SDII calculates the
average precipitation on wet days (i.e., days with precipitation > 1 mm), offering a

standardized measure for evaluating rainfall intensity [79].

Additionally, we assess model performance using verification metrics derived
from a contingency table, which summarizes the relationship between forecasted
and observed binary occurrences [80, 81], such as rain yes-no classifications or
exceedances of a precipitation threshold. The contingency table consists of four key
elements. Hits (H) represent correctly forecasted occurrences, indicating successful
predictions. False Alarms (FA) occur when the model forecasts an event that does
not happen. Misses (M) correspond to observed occurrences that the forecast fails
to predict. Correct Negatives (CN) represent cases where the model correctly
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forecasts non-occurrence. These components form the basis for various skill scores

and reliability assessments in precipitation forecasting.

We compute several verification metrics using the contingency table to evaluate
forecast performance. BIAS quantifies the ratio of forecasted to observed occurrences,

calculated as:
H+FA

H+M
A BIAS of 1 indicates a perfect forecast, while values above or below 1 reveal over-

BIAS =

(1.5)

or under-forecasting. Probability of Detection (POD) measures how often the model

correctly predicts an occurrence:

H
POD = —— (1.6)
H+M
Higher POD values indicate better event detection but do not account for false alarms.
Success Ratio (SR) evaluates the proportion of correct forecasts among all predicted

events:
H

R=
H+FA
Higher SR values correspond to fewer false alarms. An SR of 1 means every

1.7)

forecasted event occurred, while an SR of 0 means none did. Critical Success Index
(CSI) balances hits, false alarms, and misses by measuring the fraction of correctly

predicted observed and/or forecasted events:

H
= ——— 1.
5 H+FA+M (1.8)

CSI ranges from O to 1, with higher values indicating better performance. Unlike SR,
CSI penalizes both false alarms and misses, offering a more balanced assessment.
To visualize these metrics in a single comprehensive view, we use a performance
diagram, introduced by Roebber [82]. This chart plots POD on the y-axis and SR on
the x-axis, with curved solid lines representing CSI values and diagonal dashed lines
indicating forecast BIAS. A point closer to the top-right corner, where CSI remains
high, and BIAS stays near 1, signals stronger forecast performance, capturing high

accuracy while minimizing over- and under-forecasting.
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1.4 Results

Figures 1.7a and 1.7b illustrate the distribution of Root Mean Square Error (RMSE)
and Mean Error (ME) across the 10 test sets. The analysis organizes results based
on the percentage of data allocated to training, validation, testing, and batch size
variations. The coloured bars represent the median RMSE and ME, while the error
bars denote the 25" and 75" percentiles. A dashed line in the RMSE plot highlights
the benchmark RMSE, set by the second Non-Negative Least Squares (NNLS 2)
method, the more flexible of the two NNLS models used as multimodel benchmarks.
The 60-20-20 configuration yields the lowest RMSE values among the two splitting
strategies. Lighter colours correspond to the 70-15-15 split, while darker colours
indicate the 60-20-20 split for the same batch size. NNLS consistently outperforms
individual Numerical Weather Prediction (NWP) models regarding RMSE. Even
basic multimodel approaches like NNLS significantly enhance individual NWP pre-
dictions, reinforcing the value of combining multiple forecast sources. Among the
four NWPs, ECMWE-IFS delivers the most accurate forecasts. This primarily results
from the NWIOI observations being natively at a coarse resolution of approximately
12 km, as described in Section 1.2, which favors NWPs with comparable resolu-
tion such as ECMWE-IFS. Using a higher-resolution observational dataset—better
suited to capturing spatial precipitation maxima—we would expect ECMWF-IFES to

perform worse and be outperformed by higher-resolution NWPs.

MLPs consistently reduce RMSE across all experiments, with no significant
impact from the number of layers, batch size, or dropout usage. The 60-20-20 split
generally produces lower RMSE values than the 70-15-15 split, except in full-batch
training, where both configurations yield similar results. RMSE distributions for all
MLP models remain symmetric around the median, indicating that the asymmetric
RMSE patterns observed in NWP forecasts, particularly in BOLAM, do not propa-
gate through MLP networks. For CNNs, the standard U-Net consistently outperforms
the benchmark, achieving RMSE distributions comparable to those of MLPs. The
lowest median RMSE appears in the experiment using a batch size of 16 with the
60-20-20 split. Residual U-Net surpasses the benchmark in mini-batch experiments
but performs poorly in full-batch training. However, its RMSE remains higher than
the standard U-Net, suggesting that the added complexity does not provide a clear

advantage in this context.
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Figure 1.7 These plots display the distribution of RMSE and ME across the 10 test sets. The
coloured bars indicate the median, while the error bars represent the 25" and 75" percentiles.
In the RMSE plot, the dashed line marks the median RMSE for NNLS 2 at the 60-20-20
proportion, serving as a benchmark.
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These findings lead us to select the 8-layer MLP and the standard U-Net for
further analysis while discarding the other networks. MLPs with dropout achieve
RMSE values similar to those without dropout but perform worse in terms of ME,
making them less reliable. Despite improving RMSE in mini-batch experiments,
Residual U-Net suffers from severe underestimation, which compromises its predic-
tive reliability. As the most complex model in this study, Residual U-Net relies on
mini-batch training to introduce the necessary stochasticity and prevent overfitting
to precipitation patterns. However, even with mini-batch, its ME results remain
inconsistent, failing to provide a reliable correction for this dataset. Given these
limitations, we exclude Residual U-Net from further evaluation.

Figures 1.8a and 1.8b present RMSE and ME analyses for grid cells where
observed precipitation surpasses three key thresholds: 1 mm/24 h for wet days, 20
mm/24 h for intermediate precipitation, and 50 mm/24 h for heavy precipitation. The
dashed line highlights the benchmark RMSE for NNLS 2 at the 60-20-20 proportion.

For the 1 mm/24 h threshold, MLPs and U-Net yield similar RMSE distributions.
The 60-20-20 split produces lower RMSE values than the benchmark, with this effect
standing out more clearly than in the 70-15-15 configuration. RMSE distributions
for both networks remain as broad as those of NNLS models or, in some cases, even

narrower, reinforcing their effectiveness in handling lower-intensity precipitation.

For the 20 mm/24 h threshold, NWPs exhibit noticeable differences in median
RMSE between the two split proportions, with ECMWEF-IES as the exception. These
differences stem from the dataset-splitting strategy, which preserves distributional
homogeneity across all grid cells in each event. Since most grid points contain
low-intensity precipitation, high-intensity events appear less frequently, leading
to minor distributional shifts in higher precipitation grid points. However, these
variations do not significantly impact overall homogeneity. NNLS 1 and NNLS 2
remain unaffected by these distributional differences, maintaining consistent median
RMSE values across the 70-15-15 and 60-20-20 splits. This stability confirms the
robustness of the NNLS approach. The same pattern persists at the 50 mm/24 h
threshold, demonstrating that NNLS methods handle extreme precipitation events

consistently across different data splits.

For the 20 mm/24 h threshold, NNLS models generate broader RMSE distribu-
tions in the 60-20-20 split compared to 70-15-15. The same pattern appears in the
8-layer MLP and U-Net, though with less pronounced differences.
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Figure 1.8 These plots display the RMSE and ME distributions across the 10 test sets,
focusing on grid points where observed precipitation exceeds 1 mm, 20 mm, and 50 mm. The
coloured bars indicate the median, while the error bars represent the 25" and 75™ percentiles.
In the RMSE plot, the dashed line marks the median RMSE for NNLS 2 at the 60-20-20
proportion, serving as a benchmark.
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This result suggests that neural networks produce more stable forecasts than
NNLS models at this threshold, introducing less uncertainty into the predictions.
None of the MLP configurations achieve a median RMSE below the benchmark.
U-Net slightly improves RMSE in the 60-20-20 split when using batch sizes of 8
and 16, while the 70-15-15 split with full-batch shows a more evident improvement.

For the 50 mm/24 h threshold, NNLS 1 and NNLS 2 achieve lower median
RMSE in the 60-20-20 split compared to 70-15-15, with both splits maintaining
similar RMSE distribution widths. ECMWE-IFS, when evaluated on the 60-20-20
split, produces a slightly lower median RMSE than the benchmark. Since NNLS
models rely on all data points primarily consisting of lower-intensity precipitation,
they struggle to refine forecasts for heavy precipitation events. The 8-layer MLP and
U-Net again show lower median RMSE in the 60-20-20 split compared to 70-15-15,
but most configurations fail to outperform the benchmark. The only exception occurs
with U-Net trained on the 60-20-20 split with a batch size of 16, which achieves a
median RMSE comparable to that of ECMWF-IFS.

For the 1 mm/24 h threshold, ME results indicate slight bias in NNLS models,
with NNLS 1 slightly underestimating and NNLS 2 slightly overestimating precip-
itation. Both models maintain similar distribution widths across the 70-15-15 and
60-20-20 splits. The 8-layer MLP consistently underestimates in every experiment,
reinforcing its systematic bias at this threshold.

U-Net exhibits underestimation when using batch sizes of 8 and 16, but this
trend shifts at larger batch sizes. With batch size 32 and full-batch training, U-Net
slightly overestimates in the 70-15-15 split while slightly underestimating in 60-20-
20. Full-batch training results in a lower median ME (in absolute value) than NNLS
models, suggesting a better balance between over- and underestimation. However,
U-Net generates broader ME distributions than NNLSs across all experiments, with
the 60-20-20 split producing narrower distributions than 70-15-15, indicating more
stable error behaviour.

For the 20 mm/24 h threshold, NNLS models and neural networks tend to
underestimate precipitation, a common issue for intermediate to heavy rainfall.
NNLS models achieve better median ME in the 60-20-20 split than 70-15-15 and
generate narrower distributions. Interestingly, this pattern contrasts with the RMSE
distribution results, indicating that NNLS models provide more reliable accuracy
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estimates with a 70-15-15 split but offer more reliable bias estimates with a 60-20-20
split.

The 8-layer MLP and U-Net follow the same distributional behaviour. However,
the 8-layer MLP consistently produces worse median ME than NNLS models across
all experiments, reinforcing its greater bias at this threshold. U-Net exhibits the
same tendency but with a lower magnitude. Among all experiments, the 70-15-15
configuration with a batch size of 32 achieves a median ME comparable to NNLS
models in the 60-20-20 split, suggesting that specific training conditions can partially

compensate for bias issues in neural networks.

For the 50 mm/24 h threshold, the 60-20-20 split consistently delivers the most
accurate results across all NNLS, MLP, and U-Net experiments. However, all models
tend to underestimate precipitation at this intensity. The 8-layer MLP produces a
worse median ME than NNLS models, reinforcing its greater bias at this threshold.
U-Net follows the same trend but with a lower magnitude, suggesting a slightly
improved bias correction. Neural networks generate narrower ME distributions
than NNLS models, with U-Net producing the most compact distributions overall.
The experiment using the 60-20-20 split with a batch size of 16 yields the absolute
narrowest ME distribution, highlighting the benefits of this specific configuration in
reducing bias variability.

These findings confirm that the 60-20-20 split generally outperforms the 70-
15-15 split across all thresholds, with one exception: the intermediate 20 mm/24 h
threshold, where 70-15-15 provides some advantages. U-Net consistently achieves
better verification metrics than the 8-layer MLP in nearly every experiment. However,
its median verification metrics show minimal or no improvement over NNLS models
for intermediate and heavy precipitation thresholds. Despite this limitation, U-Net
offers notable benefits in distributional width, generating narrower distributions
that help reduce operational uncertainty. This improved consistency suggests that
while U-Net does not significantly outperform NNLS models in median accuracy, it
provides a more stable and reliable forecast framework.

Based on these results, we now focus on performance diagrams for U-Net
experiments using the 60-20-20 split, comparing them against input NWPs and
NNLS models.
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Figure 1.9 Performance diagram for the 50 mm/24 h threshold comparing precipitation
forecasts from input NWP models with post-processed forecasts from NNLS models and
U-Net across different batch size configurations, using the 60-20-20 split. The x-axis
represents the Success Ratio (SR), which penalizes false alarms, while the y-axis shows
the Probability of Detection (POD), which penalizes missed events, illustrating the balance
between detecting precipitation occurrences and avoiding false alarms. The diagram presents
POD and SR distributions over 10 test sets, with markers of different shapes indicating the
median, and error bars showing the 25" and 75™ percentiles. Curved solid lines correspond
to constant Critical Success Index (CSI) values, capturing overall forecast accuracy by
accounting for both false alarms and missed detections. Diagonal dashed lines represent
constant BIAS values, revealing whether a model systematically overpredicts (BIAS > 1)
or underpredicts (BIAS < 1) precipitation events. Models with points positioned closer to
the upper-right corner achieve better performance, maximizing both POD and SR while
minimizing forecast bias.

This analysis examines explicitly the heavy precipitation threshold of 50 mm/24
h. In the performance diagram (Figure 1.9), points closer to the top-right corner
indicate stronger forecast performance, reflecting a better balance between detection

capability and false alarm reduction.

NNLS models enhance performance compared to input NWPs, shifting toward
higher Probability of Detection (POD) and Success Ratio (SR). Input NWPs and

NNLSs generally cluster near the bisector, a favourable position indicating unbiased
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forecasts, as discussed in Section 1.3.3. However, input NWPs tend to slightly over-
forecast, whereas NNLS models introduce a minor underforecasting bias. Between
the two NNLS approaches, NNLS 1 performs slightly worse than NNLS 2, with very
similar POD but a lower SR, leading to a slightly higher forecast BIAS.

U-Net experiments exhibit a stronger underforecasting tendency, shifting further
away from the bisector. The experiment with a batch size of 8 shows the most
pronounced underforecasting. Still, it achieves the highest SR, maintaining its
Critical Success Index (CSI) at levels comparable to NNLS models and U-Net
configurations using batch sizes of 32 and full-batch. The batch size 16 experiment is
the best performer, striking the optimal balance between POD and SR and emerging

as the only configuration to surpass a CSI value of 0.6.

SR estimates show greater uncertainty in U-Net experiments than NNLS models,
while POD estimates maintain a similar distributional width across both approaches.
This pattern suggests that U-Net introduces more variability in balancing false alarms
and missed detections. However, its ability to correctly identify precipitation events

remains as stable as NNLS models.

1.5 Conclusions

This chapter explores the potential of Machine Learning (ML) as a practical approach
for building a multimodel system to post-process Quantitative Precipitation Fore-
casts (QPF) from Numerical Weather Prediction (NWP) models. Focusing on daily
cumulated gridded precipitation over Piedmont and Aosta Valley, we evaluate ML
techniques against statistical methods, targeting the first 24 hours of forecast. The
analysis compares neural network architectures—Multi-Layer Perceptrons (MLPs)
with 2, 4, and 8 layers (with and without dropout), and Convolutional Neural Net-
works (CNNs) such as U-Net and Residual U-Net—against Non-Negative Least
Squares (NNLS) models. We run all experiments using 10 training-validation-test
set triples, applying both 70-15-15 and 60-20-20 splits, and explore the role of batch
size with mini-batch configurations (8, 16, 32) and full-batch training. By intro-
ducing stochasticity in the training-validation-test splitting and minibatch selection,
we explicitly model aleatoric uncertainty—defined as the uncertainty linked to the
data itself and the process of data collection. The described experimental setups
allow us to quantify the variability introduced by random components in the dataset,
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enhancing the interpretation of model performance, particularly under high-intensity

thresholds where uncertainty grows more relevant.

We train and evaluate all models using forecasts from BOLAM, COSMO-2I,
COSMO-5M, and ECMWEF-IFS, with NWIOI as the observational reference. The
final dataset includes 406 precipitation events from 2018 to 2022, processed on a

common 2 km grid.

NNLS models deliver strong performance in terms of Root Mean Squared Error
(RMSE) and Mean Error (ME), outperforming raw NWP forecasts—especially when
trained on the 60-20-20 split. Neural networks improve on these results, with the
8-layer MLP (without dropout) and U-Net yielding the best overall metrics. Residual
U-Net shows potential in RMSE when using mini-batch but suffers from severe
underforecasting, as seen in ME. Although it does not suit this dataset, Residual
U-Net still holds promise for future applications on larger, more diverse datasets due

to its depth and structural complexity.

We assess RMSE and ME at three intensity thresholds: 1 mm/24 h (wet days), 20
mm/24 h (intermediate precipitation), and 50 mm/24 h (heavy precipitation). NNLS
models consistently outperform input NWPs, while neural networks show further
gains—especially under the 60-20-20 split. U-Net achieves lower or comparable me-
dian RMSE values and, more importantly, consistently narrows the spread of RMSE
distributions across all batch size settings. This reduction in distributional width
directly translates into reduced operational uncertainty, making U-Net particularly

effective for forecast post-processing.

ME results highlight a shift in advantage toward NNLS models, which achieve
better median ME across thresholds. However, their distributions remain wider,
especially at higher thresholds. Neural networks, particularly U-Net, display tighter
distributions but stronger underforecasting tendencies. These results reflect the
influence of the loss function—minimizing MSE—which encourages models to
focus on fitting the more frequent low-precipitation values and underrepresent intense

events. The inherent imbalance in precipitation datasets amplifies this issue.

The performance diagram for the 50 mm/24 h threshold (under the 60-20-20
split) confirms that NNLS models improve over raw NWP forecasts in terms of
Probability of Detection (POD), Success Ratio (SR), and Critical Success Index
(CSI). Among all experiments, U-Net with a batch size of 16 performs best. It
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improves POD and significantly boosts SR and CSI, even though it introduces a
stronger underforecasting bias (BIAS < 1).

In summary, while NNLS models offer a solid and dependable baseline, U-Net
with a batch size of 16 under the 60-20-20 configuration stands out. It combines
high accuracy, reduced forecast spread, and consistent improvement across metrics.
This model demonstrates that CNN-based post-processing methods can surpass
both individual NWPs and linear blending techniques in both accuracy and stability,

offering meaningful benefits for operational forecasting systems.

Even with a relatively small dataset of 406 events across five years, this study
shows the effectiveness of ML-based post-processing in improving QPF. Construct-
ing gridded datasets in regions with low rainfall presents additional challenges.
Future work will focus on identifying the minimum dataset size required to achieve
comparable performance and on extending this approach to data-scarce regions,
enhancing its applicability to real-world scenarios. Since the machine learning-based
post-processed precipitation forecasts provided by this work rely on supervised
learning, the selection of U-Net as the best-performing model cannot be universally
generalized to other datasets or geographic areas. However, this does not preclude
the possibility of its effectiveness elsewhere, so future studies should also investigate

the robustness of this choice.



Chapter 2

Epistemic uncertainty in QPF
post-processing

Related work: Simone Monaco, Luca Monaco, Daniele Apiletti, Roberto Cremonini,
Secondo Barbero, "Uncertainty-aware methods for enhancing rainfall prediction
with deep-learning based post-processing segmentation”, submitted to Computer &

Geosciences, 2025

2.1 Introduction

Precipitation forecasting plays a crucial role in atmospheric science, drawing signifi-
cant attention for its impact on flood risk assessment and water resource management
[83—85]. Despite advancements in numerical weather prediction (NWP) models,
capturing the complex variability of precipitation remains challenging. Bias and
uncertainties persist, especially at high spatial and temporal resolutions, due to atmo-
spheric processes’ non-linear and chaotic nature and the inherent approximations in
NWPs [42, 86]. The direct model output (DMO) of NWPs also depends on initial
and boundary conditions and model parameterizations, making it prone to systematic
errors that further complicate precipitation forecasts. Moreover, predicting precipita-
tion is more challenging than forecasting other meteorological variables because of
its highly imbalanced and sparse distribution. This imbalance makes it particularly

difficult to predict intense events critical for operational decision-making.
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As aresult, quantifying forecast uncertainty plays a crucial role in operational
meteorology. In Italy, for instance, Civil Protection authorities assess the confidence
of precipitation forecasts to inform weather alerts and emergency responses, relying
heavily on uncertainty quantification [87]. However, traditional deterministic NWPs
struggle to capture forecast uncertainty effectively, which limits their operational
value [88]. Physically based ensemble forecasts—produced by running NWPs with
varying initial conditions—offer a more comprehensive representation of forecast
uncertainty. Yet, they incur substantial computational costs and often operate at
coarse spatial resolutions, typically as Global Circulation Models (GCMs). High-
resolution ensemble forecasts using limited-area models (LAMs) remain rare, since
increased resolution dramatically raises computational demands, often forcing a
trade-off in the number of ensemble members. In this context, machine learning
offers a promising alternative: it enables the development of data-driven ensemble
systems that, although not physically based, can deliver reliable uncertainty estimates

at a fraction of the computational cost.

Addressing this need for uncertainty-aware forecasting methods improves the re-
liability and the practical use of precipitation predictions. Post-processing techniques
tackle the limitations of NWPs and boost the reliability of forecasts. Traditional
statistical methods, such as Model Output Statistics (MOS) and Ensemble Model
Output Statistics (EMOS), have shown moderate success. Still, they often fail to
capture the complexity of precipitation patterns and the uncertainties that come with
them [89, 90].

Recently, Machine Learning Weather Prediction methods (MLWPs) have demon-
strated strong potential to advance geoscience and weather forecasting. These meth-
ods take advantage of large datasets and identify complex patterns that traditional
approaches struggle to capture [91, 92]. MLWPs work alongside NWPs, including
Global Circulation Models (GCMs) and Limited Area Models (LAMs), by expand-
ing the scope of forecast information. Researchers also use them to post-process the
direct model output (DMO) from these models [93, 94].

While reaching high performance, Deep Learning (DL) models often follow
opaque learning processes and tend to capture bias decreasing their generalization
ability. In weather forecasting, these issues demand particular attention when apply-
ing DL methods [95]. Explainability techniques help tackle this problem by revealing

what the model prioritizes during prediction. Researchers in geosciences—such as
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climatology [96, 97] and remote sensing [98]—increasingly use these techniques to

strengthen model robustness and improve trust in their outputs.

Alongside deterministic MLWP methods—such as graph-based models [99, 100],
neural operators [101, 102], and transformers [93, 103, 104]—researchers have
increasingly focused on probabilistic models that quantify prediction uncertainty
reliably. Incorporating uncertainty from NWP forecasts strengthens this approach

and supports more informed predictions.

A prominent research direction for quantifying uncertainty in neural networks
focuses on Bayesian Neural Networks (BNNs) [105, 106]. BNNs capture prediction
uncertainty by assigning probability distributions to model parameters instead of
point estimates. Although BNNs provide a principled framework for uncertainty
quantification, researchers face significant computational challenges when they
attempt to derive exact parameter posteriors—especially when working with large-

scale datasets, such as those in computer vision tasks.

Among non-Bayesian approaches, model ensembling [33] stands out as a widely
adopted method. This technique trains multiple Deep Neural Networks (DNNs) with
different initializations and estimates uncertainty from the resulting prediction statis-
tics. Some ensemble-based MLWPs increase diversity by perturbing initial states
and model parameters, following a strategy similar to physics-based methods. For
instance, several studies inject random noise into the initial states to build ensembles
[93, 101]. However, adding more models increases computational demands and

makes it harder to scale up, especially for larger architectures.

Monte Carlo (MC) Dropout provides an efficient way to quantify uncertainty
without requiring the training of multiple models. By applying dropout at test
time, this approach enables neural networks to generate variable outputs for the
same input, allowing practical estimation of uncertainty through multiple forward
passes. For instance, Wang et al. [107] analyzed both epistemic and aleatoric
uncertainties—representing model and data uncertainty, respectively—in CNN-
based medical image segmentation, evaluating their impact at both the pixel and

structural levels.

Other non-Bayesian methods [108] often combine aleatoric and epistemic un-
certainty, which can blur their contributions. Many tasks require a clear separation
between these two sources of uncertainty [29]. SDE-Net [32] tackles this challenge

by introducing a Brownian motion term into the network architecture. This design
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captures epistemic uncertainty—specifically, model uncertainty—by interpreting
DNN transformations as state evolutions within a stochastic dynamical system.
However, researchers have only tested this architecture on simple classification and
regression tasks with tabular data, so it doesn’t directly support segmentation or

rainfall prediction without further adaptation.

A promising research direction focuses on generative and diffusion models. Dif-
fusion models, such as GenCast [109], generate probabilistic outputs by learning
the conditional probability distribution that drives transitions from one weather
state to the next. GenCast delivers global ensemble forecasts at 0.25° resolution
and reaches competitive accuracy up to 15 days ahead. Other studies use diffusion
models to expand physics-based ensemble sizes [110] or to stochastically downscale
deterministic forecasts [111]. Although diffusion models produce realistic samples,
they typically rely on solving an ordinary differential equation that requires multiple
neural network passes for each time step—an approach that raises computational
costs. To overcome this limitation, Oskarsson et al. [112] recently introduced a gener-
ative model based on Hierarchical Graph Neural Networks for probabilistic weather
forecasting, which generates arbitrarily large ensembles with a single forward pass.
Still, generative models usually require vast amounts of data to converge, making
these approaches impractical without well-curated large datasets and substantial

computational resources.

One major limitation of the models discussed lies in their lack of explainabil-
ity—a common challenge in modern deep learning. In other words, while MLWPs
can extract meaningful patterns from past weather conditions—and many studies
highlight their effectiveness during extreme events [99, 109]—they still offer no guar-
antee of generalizing well to future events. In contrast, NWPs usually perform with
lower accuracy but rely on well-established mathematical and physical principles,

which provide a more transparent foundation.

Our contribution uses deep learning to improve the accuracy of quantitative
precipitation forecasts (QPFs) from NWP models while providing robust and reliable
uncertainty quantification. We post-process QPF outputs from multiple NWPs and
blend them onto a shared, regular grid. This multi-model strategy leverages the
complementary strengths of individual NWPs [113], resulting in better predictive

performance.
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We frame precipitation estimation as an image segmentation task and adopt
U-Net [74]—the best-performing model identified in Chapter 1 when modeling only
aleatoric uncertainty—as the foundation for our approach. In this work, we extend the
deterministic U-Net into a probabilistic framework, enabling it to generate ensembles

and quantify uncertainty by capturing both aleatoric and epistemic components.

Building on state-of-the-art techniques, we introduce SDE U-Net, a novel adap-
tation of SDE-Net [32] tailored specifically for segmentation tasks in precipitation
forecasting. Our analysis focuses on the crucial sharpness—reliability tradeoff, aim-
ing to balance confidence in model predictions and the risk of missing real-world
physical outcomes.

We focus on the same case study of Chapter 1, therefore we combine daily
cumulative QPFs from multiple NWPs over Piedmont and Aosta Valley, two regions
in northwestern Italy. While we focus on this specific area, our methods apply
broadly and can generalize to other settings. In this study, we design the post-
processing frameworks to integrate seamlessly into operational forecasting systems.
By adopting these frameworks, forecasters can improve decision-making and boost

preparedness for weather-related challenges.

2.2 Data

In this work, we build on the case study introduced in Section 1.2, which we briefly
revisit here. Our study estimates forecast uncertainty in daily cumulative QPF over
an Area of Interest covering the Piedmont and Aosta Valley regions (Figure 1.1). We
blend weather model forecasts onto a unified grid and focus on the first 24 hours of
daily precipitation forecasts as input to our machine learning framework. This setup
improves both reliability and the characterization of uncertainty. We refer to each
daily cumulative precipitation gridded observation as an “event.” The Piedmont and
Aosta Valley regions in northwestern Italy lie within the Alpine arc, strongly shaping
their climate and hydrology. Piedmont spans three significant zones: the Alps, the
pre-Alpine hills, and the flat Po Valley, a key drainage basin. Aosta Valley, Italy’s
smallest and most mountainous region, contains glacial valleys and active glaciers
vital in seasonal water dynamics. The Po Valley, a densely populated industrial

corridor, remains vulnerable to intense rainfall and flash floods. These risks make
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accurate precipitation forecasts essential for protecting infrastructure, agriculture,

and economic activity.

The dataset used in this study builds on the one described in Section 1.2. It
includes 420 events spanning from 2018 to 2024. Of these, 406 events from 2018
to 2022 come from the dataset used in the aleatoric uncertainty study, while the
remaining 14 events—from 2022 to 2024—extend the dataset to include additional
extreme cases. For each event, we use gridded observations from the NorthWestern
Italy Optimal Interpolation (NWIOI) dataset provided by ARPA Piemonte [66, 67],
along with forecasts from four NWPs: BOLAM, COSMO-2I, COSMO-5M, and
ECMWEF-IFS. The first three are Limited Area Models (LAMs), while ECMWF-IFS
is a Global Circulation Model (GCM). As detailed in Section 1.2, the original 406
events are classified as extreme or non-extreme based on historical thresholds applied
to spatial maxima, yielding 26 extreme events. We further classify the 380 non-
extreme events using k-means clustering on the rainfall variability vs average plane,
identifying 201 stratiform, 135 intermediate, and 44 convective events. Building on
this classification, we extend the dataset by identifying all possible extreme events
between 2022 and 2024 using the same methodology, resulting in 14 additional
extreme cases, which brings the total to 420 events of which 40 extreme. We use
the extreme/non-extreme classification to evaluate how well our machine learning
architectures generalize. As described in Section 2.4, we train the deep learning

models on non-extreme events and test them on extreme and non-extreme categories.

2.3 Methods

2.3.1 Probabilistic interpretation of QPF generation

We define our task through a dual interpretation. From a deterministic perspec-
tive, given a true precipitation map P for a specific event and a set of n imper-
fect predictions {P,};— . ,, produced by different NWPs, our deep learning algo-
rithm—parameterized by weights 6—generates an output P in the following form:

P=f({P};0), 2.1)

such that a distance function (e.g., L; loss) is minimized.
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Alternatively, from a probabilistic perspective, we interpret the NWP outcomes P;
as independent and identically distributed (i.i.d.) samples drawn from a distribution

of a stochastic process, represented as:
P,=P+dp; (2.2)

where the term O p; represent the epistemic error introduced by each numerical
model. This formulation allows our framework to capture model uncertainty in
the predicted output P by learning from the statistical structure of the training data.
At the same time, the observational data carry aleatoric uncertainty, which arises
from sensor limitations and the natural variability of precipitation measurements.
Although these two sources of uncertainty—epistemic and aleatoric—stem from
different origins, we do not attempt to disentangle them in this study. Instead, we
provide a unified estimate of forecast uncertainty that reflects both model-driven and
observation-related errors.

Conventional deep learning models typically operate in a deterministic manner,
producing point estimates without providing any indication of uncertainty. To address
this limitation, we reformulate the problem by replacing the parametric model f with
a variant designed to generate a distribution of possible outcomes instead of a single
prediction. In this probabilistic framework, the model prediction becomes a sample

drawn from the predictive distribution:
P~ f({P}:0), (2.3)

where £ stands for the variational model.

Given a set of n samples from the predictive distribution, ¥ = {P},,, we define
the Prediction Interval (PI) with confidence level y € [0, 1) as the range [I(Y),u(Y)],
such that the probability

2 (1Y) < B <u(@)) =v.

This interval represents the expected deviation between the predicted value and
the true target. A wider PI signals greater uncertainty in the model’s output, which
may result from higher variability in the input data or from increased difficulty in

capturing the underlying patterns of the prediction task.
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Conversely, a narrower PI indicates greater confidence in the model’s predictions,
suggesting that the actual precipitation value likely falls close to the predicted one.
However, this increased confidence comes with a trade-off: a tighter interval raises
the chance of missing the true value. The optimal width of the PI depends heavily
on the application context and reflects the balance between prediction sharpness and
reliability.

In precipitation forecasting, NWP simulations P; often produce wide PIs because
of the differing mathematical assumptions and physical parameterizations across
models. While these broad intervals help capture extreme meteorological events,
they can also introduce excessive uncertainty. An ideal post-processing model refines
these intervals—narrowing them enough to improve confidence while still preserving

the ability to detect impactful weather phenomena.

2.3.2 Deterministic to probabilistic U-Net

We adopt the U-Net architecture [74] as our deterministic baseline to generate
forecasts probabilistically and quantify uncertainty, effectively framing the task as
an image segmentation problem. Although more recent alternatives exist, U-Net
remains a widely used and effective model across domains such as medical imaging,
remote sensing, and diffusion models [114, 115]. Its encoder—decoder structure with
skip connections captures both local and global context, making it well-suited to our
task.

As shown in Section 1.4, U-Net outperformed other architectures in post-processing
QPF while accounting for aleatoric uncertainty. Building on that result, we extend

its application to also model epistemic uncertainty.

That said, the choice of U-Net does not constrain our methodology. The modi-
fications we introduce apply broadly and can transfer to other segmentation-based
architectures.

Building on these foundations, we explore a range of probabilistic models specif-
ically designed to quantify uncertainty in precipitation forecasting. Each model
integrates established deep learning techniques that have proven effective in seg-
mentation tasks, adapting them to the unique challenges of our domain. Rather than
relying on a single approach, we evaluate multiple strategies to better understand their

strengths and limitations in capturing both epistemic and aleatoric uncertainty. In the
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following sections, we detail these models and describe our original contributions

that enhance their design, implementation, and performance in this context.

Monte Carlo Dropout U-Net

We refer to this approach as MCD U-Net, which extends the deterministic U-Net by
integrating Monte Carlo Dropout (MCD) [34]. Originally introduced as a regulariza-
tion technique, dropout randomly deactivates a subset of neurons during training to
prevent overfitting and improve generalization. MCD builds on this idea by applying
dropout at test time, enabling the model to generate multiple outputs for the same

input.

By performing several forward passes with different dropout masks, MCD ap-
proximates a Bayesian inference process. Each pass activates a different subset of
the network, producing slightly varied predictions. The resulting variance across

these outputs provides an estimate of the model’s epistemic uncertainty.

Deep Ensemble U-Net

The Deep Ensemble U-Net (Ens U-Net) adopts an ensemble-based strategy by in-
dependently training multiple U-Net models with different initial parameter values
[33]. Unlike MCD, which introduces stochasticity within a single model, the ensem-
ble approach captures prediction variability through differences among separately
trained models. This setup encourages diversity across outputs and enhances model

robustness.

The degree of variability and the quality of uncertainty estimates depend on the
number of models included in the ensemble. Increasing the ensemble size typically
improves the reliability of uncertainty quantification, but it also raises computational

costs during both training and inference.

SDE U-Net

We introduce an extension of the widely known SDE-Net [32], adapting it to segmen-
tation tasks. SDE-Net integrates Stochastic Differential Equations (SDEs) into deep
learning models to capture uncertainty in a principled way. This approach builds
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on the broader framework that connects neural networks with dynamical systems, a
direction that has led to the development of neural ordinary differential equations
(Neural ODEs) [116], neural stochastic differential equations [117], and several
related architectures.

The core idea frames the learning task as a continuous-time dynamical system.
By taking the limit of infinitesimal updates in residual networks (e.g., ResNet), we
reinterpret the transformation between layers as a differential equation. Specifically,

the relationship between the output of one layer and the previous one becomes:

Xep1 =X+ f(x,1). 2.4)

This expression resembles an Euler integration step for a dynamical system. By
substituting the discrete unit step with an infinitesimal increment At and rearranging

the terms, we arrive at the continuous-time formulation:

Xt+At — Xt

Ar = f(x,1). (2.5)

This formulation allows us to interpret the network as the following differential

equation:

X ), 2.6)
This formulation leverages an ODE solver to model continuous transformations of
the hidden states. Neural ODEs enable high-precision, continuous-time evaluations
of hidden dynamics, allowing the network to evolve smoothly over time rather than
through discrete layers. This transition from discrete to continuous representations
offers several advantages, including improved memory efficiency and reduced pa-
rameter count, since the model no longer requires explicitly storing intermediate
activations between layers. As a result, Neural ODEs provide a compact and flexible

framework for modeling complex dynamics with fewer resources.

Building on this foundation, SDE-Net captures epistemic uncertainty by incor-
porating a stochastic component—modeled as Brownian motion—into its dynamic
framework. This approach treats neural networks as continuous-time transformations

and models epistemic uncertainty as a stochastic process governed by:

dx; = f(x,t)dt + g(x;,1)dW;. 2.7
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In this equation, the diffusion term g(x;,7) scales the Brownian motion dW;,
introducing randomness into the system’s dynamics. The neural network parame-
terizes both f(-;05) and g(-; 0,), where g plays a critical role in modeling epistemic
uncertainty. To ensure numerical stability during training and inference, we constrain
the diffusion term to depend only on the initial condition and time—i.e., g(xo,?).
This design choice decouples the noise intensity from the evolving hidden state and
simplifies the estimation of uncertainty while preserving the stochastic behavior of

the system.

The network g(x;,7) should output higher values when the model encounters
uncertainty, allowing the stochastic diffusion component to dominate the dynamics.
Conversely, when the model faces low uncertainty, g(x;,7) should return smaller
values so that the deterministic drift term governs the behavior. To enforce this
behavior, we train the model to predict the final state x;, of the dynamics starting

from the initial condition xp, while regulating the influence of the diffusion term.

The objective function includes three components: (1) a standard supervised loss
that penalizes errors between the predicted and true solutions, (2) a regularization
term that minimizes diffusion strength on in-distribution data, and (3) an uncertainty-
promoting term that encourages stronger diffusion on out-of-distribution inputs Xy,

generated by perturbing the original inputs with additive Gaussian noise.

The complete objective function takes the form:

L= ng);nIE (2 (x1,,9)] —i—néinzt:ExO [g(x0,1)] +n}£xzt‘,1@fo [g(%0,1)], (2.8)
% denotes a task-specific supervised loss that encourages the terminal state x; ’
to match the ground truth target y. The additional terms in the objective function
modulate the behavior of the diffusion network g, guiding it to distinguish between
in-distribution and out-of-distribution inputs. Specifically, the model minimizes
diffusion strength for familiar, in-distribution data while amplifying it in response to
perturbed or unfamiliar samples X(. This strategy allows the network to express uncer-
tainty selectively, increasing stochasticity when it lacks confidence and maintaining

stability when predictions are more reliable.

This objective enables the model to effectively capture epistemic uncertainty
by allowing the stochastic component g to respond dynamically to different input

distributions. For in-distribution data, the model minimizes intrinsic uncertainty
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during training by maintaining low diffusion, which stabilizes the predictions. In
contrast, for out-of-distribution inputs, the model increases the diffusion term to

reflect higher uncertainty and flag potentially unreliable predictions.

This dual mechanism allows SDE-Net to balance predictive accuracy and uncer-
tainty estimation under a wide range of conditions, making it particularly well-suited
for high-stakes segmentation tasks where distinguishing between confident and

uncertain predictions is critical.

Moreover, SDE-Net provides theoretical guarantees on the existence and unique-
ness of the solution x; for 0 < < ¢, under the condition that both f and g are
uniformly Lipschitz continuous. To ensure numerical stability, the diffusion term g
must also remain bounded [32].

The original implementation of SDE-Net defines the input—output system over
the time interval [0,77] using the Euler-Maruyama scheme. This method iteratively
integrates the two components of Equation 2.7 with a fixed step size, simulating
the stochastic dynamics over time. By reusing the same networks f and g at each
integration step, the architecture significantly reduces the total number of trainable

parameters, improving efficiency without sacrificing representational power.

Extending the SDE-Net strategy to the U-Net architecture introduces specific
challenges, primarily due to U-Net’s encoder—decoder structure, where each block
operates at different spatial resolutions. To address this, we align the number of
integration time steps with the number of encoder blocks. For each encoder block,
we insert a corresponding diffusion block that injects stochasticity by adding a noise
term at each skip connection. Additionally, we simulate an integration step at the
encoder—decoder bottleneck to reflect the continuous evolution of features across the
network.

This design enables us to embed the stochastic diffusion process within the U-Net
framework, preserving its structural strengths while enriching it with uncertainty

modeling capabilities.

This approach enables a more nuanced interaction between encoded and decoded
features by leveraging the strengths of both U-Net and stochastic modeling. By
integrating diffusion blocks into the architecture, we introduce a mechanism that
captures hierarchical representations in the encoder and enhances the decoder’s

reconstruction capability through stochasticity.
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Figure 2.1 Schema of the SDE U-Net architecture. The blue blocks represent the SDE’s drift
component within the encoder blocs, the red stays for the diffusion component, and the green
ones are the decoder blocks.

The diffusion blocks act to smooth the encoder outputs before passing them to
the decoder, potentially improving the quality and robustness of the reconstructed

signals.

Figure 2.1 illustrates a 4-step SDE U-Net. Blue squares represent the input and
output signals for the encoder blocks, along with their respective dimensions. Each
of these blocks implements the drift component of the SDE update. Red squares
correspond to the outputs of convolutional blocks responsible for the diffusion term.
Green squares denote the input and output signals for the decoder blocks, which

follow the structure of the original U-Net.

Each encoder block applies the SDE step using the following operation:

x;i = fixi1) +gi(x0)Vt- A (0,1) (2.9)

Here, f; denotes a convolutional block that takes as input the output x;_; from
the previous layer. The function g; consists of a convolutional block combined with
pooling operations, using the initial input xo and producing an output that matches
the spatial resolution and number of channels required at level i. The term .47 (0, 1)

represents a Gaussian random variable with zero mean and unit variance.

Finally, we trained this network using the strategy proposed by Kong et al. [32],
which encourages the model to assign higher uncertainty to out-of-distribution inputs.
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This training approach enables effective uncertainty quantification in segmentation

tasks while preserving the structural advantages of the U-Net architecture.

2.4 Training and test phase

To assess the effectiveness of uncertainty-aware deep learning architectures in rainfall
prediction and precipitation map reconstruction, we classify precipitation events
into non-extreme and extreme categories, as described in Section 2.2. We use only
non-extreme events for training and validation, while we test the models on both
non-extreme and extreme events. This separation allows us to evaluate model
generalization more clearly: performance on non-extreme events reflects baseline
expectations, while performance on extreme events provides a measure of robustness

under challenging and high-impact conditions.

Given the inherent differences between the two classes, we expect better model
performance on non-extreme events, as they more closely resemble the training data.
However, the primary goal is to evaluate how well the model can extrapolate to un-
seen extreme precipitation events, despite being trained exclusively on non-extreme
data. This experimental design offers valuable insights into the models’ ability to
capture complex patterns and quantify uncertainty under extreme conditions—an

essential step toward improving real-world rainfall prediction systems.

We compare the uncertainty estimates produced by the proposed machine learn-
ing architectures against those from a Poor Man’s Ensemble (PME)—an average of
NWP forecasts—which serves as our benchmark. We selected the PME because it
represents a widely used operational baseline ensemble method known for its high
reliability: a large proportion of target values typically fall within its Prediction
Interval (PI) [118]. However, this reliability comes at the cost of excessively wide
PIs, which reduces forecast sharpness. The central challenge, therefore, lies in
designing an ensemble method that preserves high coverage of true values while

significantly narrowing the PIs to improve precision.

We use the Root Mean Square Error (RMSE) to establish a baseline measure of
accuracy and provide a simple estimate of prediction error. To further evaluate the
trade-off between sharpness and reliability, we introduce the Coverage—Length-based
Criterion (CLC), as defined by [119]. This metric quantifies how effectively each
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model balances prediction confidence with the ability to cover true values, offering a

more nuanced assessment of uncertainty quality.

CLC = NMPIL x ¢ (PICP,n, ), (2.10)

The Normalized Mean Prediction Interval Length (NMPIL) represents the aver-
age width of the prediction intervals [yiower, Yupper), Normalized by the range of the

observed values, providing a measure of sharpness. It is defined as:

NMPIL = l ]\sz"n Yupper,i — Ylower,i
N

i—] Ymax — Ymin

(2.11)

where N is the number of grid cells in every event, n is the number of events in the
test set and ypmax and ynpin are the maximum and minimum observed values in the

dataset.

PICP measures the percentage of observations y that fall within the predicted

interval [Viower, Yupper)- It is defined as:

1 Nxn
PICP = N Z 1 (yi € [YIower,iayupper,i]) (2.12)
i=1

where N is the number of grid cells in every event, n is the number of events in
the test set and 1 is the indicator function, returning 1 if the condition is true and 0

otherwise.

The term o(PICP,n, 1) in Equation 2.10 is a sigmoid penalty function that
governs the trade-off between interval length and coverage. This function depends on
the Prediction Interval Coverage Probability (PICP)—the proportion of target values
that fall within the prediction interval—a scaling parameter 77, and a translation

parameter u. The penalty function is defined as:

o (PICP,N, 1) = 1+ ¢ MPICP—1) (2.13)

This design penalizes models that produce narrow intervals with poor coverage,

while favoring those that maintain reliability without excessive loss of sharpness.
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We aim to minimize the NMPIL, as smaller values reflect a narrower spread in
ensemble predictions, leading to more precise and informative forecasts. However,
aggressively reducing NMPIL can compromise coverage, causing a larger number
of true values to fall outside the prediction intervals. To counter this, we also target

high values of PICP to maintain reliable uncertainty estimates.

The Coverage—Length-based Criterion (CLC) captures this trade-off, and we
minimize it to balance sharpness and reliability effectively. The penalty function
parameter 1) controls the severity of the penalty when PICP drops below the minimum
acceptable threshold ut, discouraging models from sacrificing coverage for overly

narrow intervals.

The acceptability threshold pt should ideally approach 1, reflecting a near-perfect
coverage requirement. In our experiments, we set (L to a reasonable and commonly
adopted value, specifically 4 = y = 0.95. This choice implies that predictions falling
outside a 95% prediction interval should incur a significant penalty. Consequently,
we place particular emphasis on analyzing CLC values for high values of the penalty
parameter 1), which amplifies the penalty when the PICP falls below the target
threshold.

We select the values of 1) based on insights from previous studies [120, 121],
which show that while higher penalty parameters enforce stricter adherence to target

criteria, they may also encourage overly conservative models.

Figure 2.2 illustrates the behavior of the penalty function o(PICP,n,u) for
different values of 1, with 1 = 0.95. The plot spans a PICP range from 0.6 to
0.8, covering the full spectrum of observed PICP values in our experiments. This
visualization helps highlight how increasing 1 sharpens the transition around the
threshold, intensifying the penalty for insufficient coverage.

Although the difference in penalty between 11 = 1 and ) = 5 remains modest, the
penalty value increases sharply beyond this range. Specifically, the penalty at n = 10
is approximately four times larger than at 1 = 5, and it doubles again from 1 = 10
to 1 = 12. This steep increase skews the sharpness—reliability trade-off heavily
toward coverage, potentially at the expense of prediction precision. For this reason,
we consider ) = 10 to represent an aggressive penalization level within the CLC
framework. Nevertheless, we include 17 = 12 as the upper bound in our experiments

to further stress-test the performance and robustness of our deep learning models.
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Figure 2.2 Penalization function o for different ) at fixed y = 0.95. The range of PICP is
chosen looking from the expected results.

We compute all evaluation metrics using 20 sampled predictions for MCD U-Net
(Section 2.3.2) and SDE U-Net (Section 2.3.2). For Ens U-Net (Section 2.3.2),
we base the metrics on an ensemble of five independently trained models, each
with different hyperparameter settings. This setup enables us to estimate forecast

uncertainty for each model, reflecting epistemic error.

To account for aleatoric uncertainty and ensure statistical robustness, we repeat
the evaluation within a 9-fold cross-validation framework. Following the standard
cross-validation approach described in [122], we train, validate, and test the models
on nine distinct training—validation—test splits, ensuring that each event in the dataset
appears in at least one phase of the process. We construct these nine splits based on
the meteorological classification and event structure outlined in Section 2.2, ensuring
physically meaningful and balanced partitions.

We normalize the precipitation grids—both observations and NWP forecasts—to
the range [0, 1] before feeding them into the learning models described in Section 2.3,
ensuring all inputs remain adimensional. This normalization is preserved during the

computation of verification metrics, resulting in adimensional evaluation scores.
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For each data split, we compute the average of the metrics across all stochastic
realizations of a given model to capture epistemic uncertainty. We then analyze the
distribution of these averaged metrics across the 9-fold splits, thereby incorporating
aleatoric uncertainty. Since the PME is a deterministic model and produces a single

output, we only account for aleatoric uncertainty in its evaluation.

2.5 Results
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Figure 2.3 PICP, NMPIL, CLC, and RMSE in deep learning models vs Poor Man’s Ensemble.
Up and down arrows indicate whether the best value is the higher or the lower, respectively.
The first row represents non-extreme events, while the second row represents extreme events.

Figure 2.3 compares the performance of the selected learning models (MCD
U-Net, Ens. U-Net, and SDE U-Net) against the Poor Man’s Ensemble (PME),
defined as the average of forecasts from four different Numerical Weather Prediction
(NWP) models. The comparison relies on the Coverage—Length-based Criterion
(CLC), computed using a translation parameter ¢ = 0.95 and a scaling parameter
n =9, along with additional metrics including Root Mean Square Error (RMSE),
Prediction Interval Coverage Probability (PICP), and Normalized Mean Prediction
Interval Length (NMPIL).

We present boxplots showing the distribution of forecast uncertainty, incorporat-
ing both epistemic and aleatoric components as described in Section 2.4. The plots
are separated by event type—non-extreme and extreme—to highlight performance
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differences under varying conditions. For each metric, we annotate whether lower

() or higher (1) values indicate better performance.

As expected, RMSE values are generally higher for extreme events than for
non-extreme ones. However, all deep learning models substantially outperform
PME in terms of median RMSE across both event types. For non-extreme events,
Ens U-Net and SDE U-Net achieve the lowest median RMSE values, averaging
7.79 x 1073 and 8.15 x 1073, respectively. For extreme events, SDE U-Net delivers
the best performance, with a median RMSE of 2.637 x 10~2, demonstrating superior

prediction accuracy under more challenging conditions.

Moreover, SDE U-Net shows a narrower RMSE distribution for extreme events
compared to the other deep learning models, highlighting its robustness and effec-

tiveness in minimizing prediction errors even under high-uncertainty scenarios.

The PICP column shows that PME achieves 10—15% higher coverage than the
deep learning models evaluated in this study. Among the learning-based approaches,
MCD U-Net attains the highest PICP values. However, this increased coverage
comes at the cost of significantly wider prediction intervals, as reflected in the
NMPIL column—particularly for PME and across both non-extreme and extreme

events.

As expected, PME provides highly reliable predictions but lacks sharpness. MCD
U-Net follows a similar trend, yielding the highest NMPIL among the deep learning
models, with an even more pronounced gap for non-extreme events. The CLC
column summarizes these dynamics by combining reliability and sharpness into a
single metric. Here, we report results for 1 =9, a reasonably high penalty that offers
a meaningful comparison across models. Results for other penalty values will be

discussed in a later section.

For non-extreme events, all deep learning models achieve comparable CLC per-
formance and consistently outperform PME. SDE U-Net shows a slightly higher me-
dian CLC but with a broader distribution. For extreme events, all deep learning mod-
els again outperform PME, with SDE U-Net achieving the lowest CLC—indicating
the most effective balance between prediction sharpness and reliability.

To further explore the trade-off between sharpness and reliability, Figure 2.4
illustrates the behavior of the CLC metric for 4 = 0.95 across a range of 1 values

from O to 12. For visual clarity, we omit error bars from the figure.
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Figure 2.4 CLC Score of the model over the parameter 1], separated by extreme and non-
extreme events.

Recall that smaller CLC values indicate a better balance between sharpness
and reliability, achieved through a combination of lower NMPIL and higher PICP
values—particularly under stronger penalization (i.e., larger 1). For non-extreme
events, CLC trends reveal that deep learning models offer substantial improvements
over PME across most of the analyzed 1 range. Among them, MCD U-Net main-
tains stable performance and begins to outperform the other neural models from
approximately 1 = 9 onward. However, when 11 > 11, both Ens. U-Net and SDE
U-Net tend to perform worse than PME, highlighting a decline in robustness under

heavy penalization.

Notably, achieving the highest accuracy—as reflected in the lowest RMSE
for non-extreme events—does not necessarily correspond to an optimal sharp-
ness—reliability trade-off.

From an operational perspective, MCD U-Net emerges as the preferred model for
non-extreme event forecasting when the evaluation criterion imposes strong penalties

for target values falling outside a prediction interval with u = 0.95.

For extreme events, SDE U-Net consistently outperforms the other models,
achieving the lowest CLC values across all 1 values. The performance gap between
MCD U-Net and Ens U-Net remains minimal throughout the range. Although SDE
U-Net does not achieve the highest PICP in Figure 2.3, its strength lies in producing

significantly narrower prediction intervals, as indicated by its low NMPIL values.
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This sharpness advantage leads to a highly favorable trade-off between reliability
and precision, as reflected by the shape of the CLC curve. When combined with its
superior RMSE performance, this result positions SDE U-Net as the most effective

and reliable choice for forecasting extreme precipitation events.

These results highlight the effectiveness of deep learning models—particularly
SDE U-Net—in delivering accurate rainfall predictions while offering reliable uncer-
tainty quantification. Their ability to balance predictive accuracy with meaningful
uncertainty estimates makes them highly suitable for integration into operational
forecasting systems, where both precision and reliability are essential for informed

decision-making.

2.6 Conclusions

This chapter highlights the potential of probabilistic deep learning approaches to
enhance uncertainty characterization of Quantitative Precipitation Forecasts (QPF).
Unlike the work presented in Chapter 1, where we modeled only aleatoric un-
certainty—i.e., uncertainty inherent in the data and observations—this work also
accounts for epistemic uncertainty, which arises from the model itself. By incorpo-
rating both sources of uncertainty, we provide a more comprehensive framework for

uncertainty-aware precipitation forecasting.

As in Chapter 1, we focus on a case study centered on the Piedmont and Aosta
Valley regions in northwestern Italy, post-processing daily cumulative QPF for
the first 24 hours. We develop a machine learning-based multimodel for gridded
QPF by blending forecasts from four Numerical Weather Prediction (NWP) mod-
els—BOLAM, COSMO-2I, COSMO-5M, and ECMWF—onto a unified spatial grid.
Gridded observations from the NWIOI dataset serve as the ground truth during train-
ing. This multimodel approach leverages the complementary strengths of each NWP
system, enabling the learning framework to produce more accurate and consistent

forecasts.

We build on the U-Net architecture, which emerged as the best deterministic
model in Chapter 1, and extend it into a probabilistic framework using three distinct
approaches: Monte Carlo Dropout, Deep Ensemble, and SDE-Net. Monte Carlo
Dropout (MCD U-Net) introduces stochasticity by applying dropout layers during
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both U-Net training and inference, allowing the model to generate multiple predic-
tions from a single network and estimate uncertainty through output variability. Deep
Ensemble (Ens. U-Net) trains multiple independent U-Net models with different
initializations and captures uncertainty by aggregating their predictions. SDE-Net,
in contrast, incorporates stochastic differential equations into U-Net (SDE U-Net),
modeling uncertainty as a continuous-time stochastic process governed by both

deterministic dynamics (drift) and random perturbations (diffusion).

To evaluate model performance, we use the Root Mean Square Error (RMSE)
to quantify predictive accuracy and the Coverage—Length-based Criterion (CLC) to
assess the trade-off between reliability (prediction interval coverage) and sharpness
(interval width). CLC provides a unified metric that penalizes forecasts with low
coverage or excessively wide prediction intervals, offering an operationally relevant

perspective on forecast quality.

Through a rigorous evaluation framework covering both non-extreme and ex-
treme precipitation events, we demonstrated that all tested deep learning models
significantly outperformed the benchmark Poor Man’s Ensemble (PME) solution.
For non-extreme events, MCD U-Net emerged as the most effective model in terms
of the reliability—sharpness trade-off, while Ens. U-Net achieved the highest accuracy
based on RMSE. This contrast highlights that accuracy alone does not fully capture
the quality of probabilistic forecasts, and that a complete evaluation must also ac-
count for reliability and sharpness. In contrast, our customized SDE U-Net achieved
the lowest RMSE and delivered the best trade-off between sharpness and reliability
for extreme events—those most critical for operational decision-making in emer-
gency response contexts—establishing it as a leading candidate for uncertainty-aware

precipitation forecasting.

Integrating these models into operational forecasting systems holds the potential
to transform decision-making processes and strengthen preparedness for weather-
related hazards such as floods and agricultural disruptions. By explicitly modeling
uncertainty, these approaches enable more robust and reliable forecasts, supporting

improved resource allocation and more effective risk management.

Future research will focus on improving the scalability and robustness of these
models by refining their architectures and incorporating additional data sources,
including real-time observations and multi-resolution datasets. Further exploration

of alternative methods—such as hybrid models that combine physical principles
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with data-driven learning—could yield more comprehensive forecasting solutions.
Finally, applying these approaches to different regions and climatic regimes will
help evaluate their generalizability and encourage broader adoption in operational

weather forecasting systems.



Chapter 3
Moisture flow dataset post-processing

With Chapter 3, the thesis transitions into its second part. While the first part—comprising
Chapters 1 and 2—focused on post-processing precipitation forecasts over a limited-
area domain, the second part shifts to a global-scale application, addressing the
post-processing of moisture tracking data and its reconciliation with observations.
The different spatial scales and aspects of the hydrological cycle tackled in each part
highlight the versatility and critical role of post-processing in both hydrology and

weather science.

Related work: Elena de Petrillo, Luca Monaco, Marta Tuninetti, Arie Staal,

Francesco Laio, "Cell-scale atmospheric moisture flows dataset reconciled with
ERAS reanalysis", Scientific Data 12(629), 2025, DOI: 10.1038/s41597-025-04964-3.

3.1 Introduction

Moisture flows through the atmosphere play a crucial role in the global hydrological
cycle. These flows link areas where water evaporates to locations where it eventually
precipitates. Continental moisture recycling significantly impacts global precipitation
patterns, with approximately half of all terrestrial precipitation originating from
evapotranspiration on land, and the other half coming from the ocean [14, 123, 124].
This process connects surface conditions with atmospheric conditions over vast
distances, sometimes thousands of kilometers. For instance, land-use changes that
alter evapotranspiration, such as deforestation, can influence precipitation patterns,
drought severity, and hydrological flows in regions located downwind [125-130].
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Moisture connections through the atmosphere, although varying over time, follow
consistent patterns [123]. Reconstructing these evapotranspiration-to-precipitation
connections from the recent past enhances our understanding of the role that surface
processes play in the global hydrological cycle. With this insight, we can better
assess the impacts of land cover changes on precipitation at a continental scale.

Due to their relevance across various fields, many researchers have become
interested in tracking techniques to reconstruct these vapor flows. Atmospheric
moisture tracking models typically rely on atmospheric reanalysis data to simu-
late the atmospheric branch of the hydrological cycle. However, despite growing
interest, conducting these simulations remains challenging for many researchers.
Mastering these models demands significant time, and their widespread use is further
constrained by the heavy data requirements. This demand has grown substantially
with the release of the ERAS dataset [37], which provides detailed global moisture
flow information. The highest-resolution global dataset of atmospheric moisture
connections between evapotranspiration and precipitation has been generated using
the UTrack model [14].

The UTrack model provides a comprehensive database of tracked atmospheric
moisture flows, mapping the bilateral connections between water sources (evapora-
tion) and sinks (precipitation) [14]. It uses a Lagrangian (trajectory-based) approach
to track moisture flows globally, including over oceans, with output at a 0.25° spatial
resolution. This database includes monthly multi-annual means of atmospheric
moisture flows from 2008 to 2017, capturing detailed moisture transport pathways
at a 0.5° spatial resolution globally. These data are crucial for understanding the
distribution and movement of atmospheric water and serve as an essential resource

for researchers studying hydrological cycles and climate dynamics.

Recent literature highlights the globality of the water cycle, where hydrological
flows interact across different scales. Global stimuli, such as climate change or food
demand, have significant effects on local water management. This realization under-
scores the importance of reliable estimates of freshwater teleconnections, making
it essential to integrate atmospheric moisture flows within the global hydrological

cycle in a consistent way.

Trajectory-based moisture tracking has a long-standing history, with continuous
advancements as cutting-edge data becomes more available [14, 123, 131-133]. The
UTrack Lagrangian model [14, 134] exemplifies this progress, utilizing state-of-the-
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art climate reanalysis data. By testing different combinations of model assumptions,
UTrack optimally generates highly detailed evaporation footprints while avoiding un-
necessary complexity. In just a few years, the UTrack database has seen widespread
use. It has been crucial in quantifying the effects of global forest restoration on water
availability [135, 136], determining moisture flow dependencies between nations
[137, 138], assessing the role of forests in global precipitation variability [130],
analyzing agriculture in Africa [139], and studying the global hydrological cycle as
a network [140].

Despite these cutting-edge model advancements and the wide applications already
achieved, less attention has been given to ensuring the consistency of tracked moisture
volumes with reanalysis data of precipitation and evaporation simultaneously to
ensure the closure of the annual hydrological cycle. Model errors, assumptions, and
possible discrepancies in ERAS data may lead to inconsistencies that could impede

internally consistent descriptions of the global hydrological cycle.

Indeed, uncertainty related to modeling assumptions and data resolution still
poses a challenge for the moisture tracking community. All studies using offline
moisture-tracking models must make decisions regarding vertical mixing of moisture
at the start of the tracking process and throughout its path through the atmosphere,
integration time steps, interpolation, and the resolution of the forcing dataset. In each
moisture recycling study, researchers choose assumptions that balance the accuracy
of representing the downwind evaporation shed (the distribution of precipitation
resulting from evaporation at a point or area), the amount of data needed, and the
simulation time [141]. For the UTrack tracking model, Tuinenburg and Staal [14]
explicitly highlight model-dependent uncertainties related to (i) the number of parcels
dividing a column of evaporation, (ii) the release height of moisture, (iii) vertical
mixing, (iv) time-step integration, (v) degradation of forcing data resolution, and (vi)
interpolation. In UTrack, moisture parcel trajectories follow three-dimensional paths,
meaning that vertical mixing, as defined by the ERAS data, is captured by the parcel
trajectories. However, to account for known underestimations of vertical fluxes of
atmospheric vapor, Tuinenburg & Staal (2020) [14] added a random vertical mixing
term: on average, every 24 hours, a moisture parcel may be reassigned a new vertical
position, with the probability depending on the atmospheric moisture profile at the

parcel’s current location.
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To address this gap, this study proposes a reconciliation framework based on the
Iterative Proportional Fitting (IPF) procedure [142—145], a rigorous mathematical
framework designed to refine tracking model outputs, thereby reducing uncertainties
arising from modeling assumptions and data resolution constraints. This study also
includes a pre-processing step for the ERAS reanalysis data to address the existing
annual imbalance between ERAS precipitation and evaporation [37]. Overall, the
reconciliation framework ensures that the total tracked atmospheric moisture matches
the total precipitation at the sink and the total evaporation at the source, both annually

and in each cell.

The result is a new dataset of moisture flow volumes from sources of evaporation
to precipitation rates at 0.5° resolution, with global coverage and centred around 2008-
2017, aligning coherently with the annual precipitation and evaporation volumes
from ERAS reanalysis. The reconciled cell-grid dataset provided here offers post-
processed atmospheric moisture portions of evaporation at the source that precipitate
at the sink, thus closing the atmospheric hydrological balance on an annual basis.
This marks a significant advancement in enhancing the reliability of the UTrack
dataset and paves the way for future applications across multiple tracking models

and forcing data.

3.2 Data

The atmospheric moisture connection data are sourced from the UTrack dataset
[134] — openly available at https://doi.pangaea.de/10.1594/PANGAEA.912710. The
UTrack dataset is available for a reference average year y centered around the period
2008-2017, on a monthly basis (/) and at cell-scale resolutions of 0.5° and 1°. In the
dataset, selecting a source cell s (identified through the location of evaporation) pro-
duces a global matrix of the monthly forward footprint, pf(s,t,m), of atmospheric
moisture (i.e., the fraction of evaporation from the selected cell s that reaches each
sink cell 7, in month m). The dataset is based on the Lagrangian atmospheric mois-
ture tracking model UTrack [14], forced with ERAS hourly atmospheric moisture
content for 25 atmospheric layers in the troposphere at a 0.25° horizontal resolution
(Copernicus Climate Change Service, C3S) [134].

Thus, to reconstruct the moisture flows from the UTrack probability dataset
and to apply the IPF procedure, climatic data for precipitation and evaporation are
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sourced from ERAS reanalysis on single levels from 2008 to 2017, provided by
the ECMWF Climate Data Store (Copernicus Climate Change Service, C3S). The
monthly-averaged data of precipitation and evaporation at 0.25° for each cell ¢ and
year y from 2008 to 2017, namely Pggas(c,m,y) and ETggas(c,m,y), expressed in
meters per day, are re-gridded to 0.5° using bilinear interpolation through the CDO
operator remapbil on a grid [(90,-90),(0,360)] to ensure consistency with the UTrack

dataset, which is available at a 0.5° spatial resolution.

We calculate the area of the generic cell ¢ grid a(c) using the gridarea operator
from the Climate Data Operators (CDO) software, a collection of operators for
standard processing of climate and forecast model data [146]. The reference grid for
calculating the area of each cell is the input data from the UTrack dataset at a spatial

resolution of 0.5°.

Regarding the physics of the UTrack model [14], the movement of each parcel
is determined by three-dimensional wind patterns. With each time step, the wind
pushes the parcel, creating a path (trajectory) that shows where the moisture travels.
Once precipitation occurs at the parcel’s location, some of its moisture is allocated to
precipitation at the corresponding ERAS grid cell. The fraction of moisture allocated
is determined by the ratio of local precipitation (P) at that time step to the total
amount of water in the atmospheric column (P,,), according to ERAS data. As the
parcel with moisture continues moving, more moisture rains out at different locations.
The process stops when either 99% of the original moisture in the parcel has rained

out or 30 days have passed.

In other words, each source location has a spatially distributed sink, which is
determined by all the trajectories of moisture parcels released from the source and
the precipitation events that occur along these trajectories. After a portion of the
tracked moisture precipitates along the parcel trajectory, it may re-evaporate. This
evaporation is considered a new source, which again results in a distributed sink
associated with the trajectories of the moisture parcels representing the respective
evaporation. Indirect source-sink relationships through intermediate precipitation
and re-evaporation can also be seen as source-sink connections. However, these
indirect connections, often referred to as "cascading moisture recycling" [147, 148],
are not explicitly included in the dataset, as counting the same moisture twice when

it re-evaporates and re-precipitates would violate mass conservation.
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For an in-depth description of the model assumptions, we refer to the original
study [14].

3.3 Methods

3.3.1 Pre-processing

Since UTrack data are provided as a ten-year average between 2008 and 2017,
we average the ERAS precipitation Pggas(c,m,y) and evaporation ETggas(c,m,y)

reanalysis data over the same ten-year period, as follows:

2017

Prras(c,m) = 0 Z Pgras(c,m,y) [m day ] 3.1
y=2008

2017

ETgras(c,m) = o Y ETgras(c,m.,y) [m day ] (3.2)
y=2008

The reconciliation procedure is based on annual volumes, so the monthly ERAS
precipitation and evaporation data from the Climate Data Store (CDS) — Py ras(c,m)
and ET ggas(c,m) — expressed in meters per day, are multiplied by the length of

the month and the area of each cell to compute the total precipitated or evaporated

volume in month m at cell ¢:

3

Peras(c,m) = Pegas(c,m) -a(c) -d(m) [m> month™!] (3.3)
ETggas(c,m) = ETggas(c,m)-a(c)-d(m) [m> month™!] (3.4)

where a(c) is the area of the cell in squared meters and d(m) are the days per month.

Condensation values in evaporation data

Evaporation in the ERAS hourly dataset on single levels represents the total amount of
water evaporating from the Earth’s surface into the atmosphere. This dataset accounts

for both condensation (downward fluxes) and evaporation (upward fluxes), with the
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ECMWEF Integrated Forecasting System (IFS) distinguishing them by their sign:
positive values represent downward fluxes (condensation), while negative values
represent upward fluxes (evaporation). In this study, we reverse this convention,
defining upward fluxes as positive (indicating evaporation) and downward fluxes as
negative (indicating condensation), to maintain consistency with the UTrack dataset.

When examining the ERAS monthly evaporation data (Figure 3.1), we observe
several grid cells at high latitudes in the Northern Hemisphere with negative values
(condensation), indicating that monthly condensation exceeds evaporation at least
once per year (Figure 3.1a). On an annual basis, we find that cells with negative
values primarily concentrate in Greenland and Antarctica (Figure 3.1b), where
condensation exceeds evaporation, leading to a negative sum for ), ETgRras (c,m).

Figure 3.1 Negative values (indicating condensation) from the ERAS5 dataset of evaporation
on single levels, obtained from the Copernicus Climate Data Store [37]. (a) Cells where
condensation occurs in at least one month of the average year between 2008 and 2017. (b)
Cells where annual condensation exceeds evaporation in the average year between 2008 and
2017.
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To prepare the data for analysis, we adjust cells with slightly negative monthly

3month~!. This value acts as a proxy

evaporation values ETgras(c,m) to 107> m
for null evaporation and ensures the functionality of our processing framework,
which requires non-zero values for operation. While this assumption doesn’t have
a physical basis, it has minimal impact on results elsewhere: condensation values
typically average around 7 - 10~/ m?, reaching a maximum of 1 - 107> m?3, while

evaporation values average around 2 - 10° m® and can reach up to about 10 - 10° m?.

Closing the hydrological balance

On a global scale, total annual precipitation should equal total annual evaporation.
The ERAS balance between precipitation and evaporation is relatively accurate for
the twenty-year period from the mid-1990s [37], but the annual balance does not
close well in the more recent years (2013-2017) [37, 149]. We refer to the analysis in
De Petrillo et al. (2024) [149] for a more detailed illustration of the yearly difference
between ERAS global precipitation and evaporation over the period 2008-2017. We
calculate annual volumes Prgys(c) and ET ggas(c) for each cell ¢ by summing the

monthly values as follows:

12
pERAS(C) = Z pERA5(c,m) [m3 yr_l] (35)
m=1
N 12 N
ETERA5(C) = Z ETERA5(C,m) [I’Il3 yl‘_l] (36)
m=1

Next, we calculate global volumes of precipitation ﬁERAig and evaporation
ET ERAS,¢ Tor the average year between 2008 and 2017 at the cell scale:

N
Prrasg =Y Peras(c) [m*yr~!] (3.7)
c=1
A NC A
ETgrase =Y ETgras(c) [m*yr~'] (3.8)

c=1

where N, represents the total number of cells, specifically 259200.
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To respect the global hydrological balance, we impose that f’ERAig and ET ERAS.g
equal their average value (5.50 -10° km? yr—!). Scaling factors ap and o7 are then
obtained as:

P +ET 1
o ERAS,g ERASg [-] 3.9)
2 ETERAs g
P +ET 1
ap = ERA5.g ERAS.g _ [—] (3.10)
2 PERAS,g

The scaling factors we obtain are op = 0.9971 and agr = 1.0027. These values
differ slightly from those found in De Petrillo et al. (2024) [149], where the same
approach is applied. In that study, negative evaporation values indicating condensa-
tion are included in the aggregation at the country/ocean scale and do not appear as

negative values in the aggregated matrix.

We use op and a7 to re-scale the monthly precipitation Prgas(c,m) volumes

and evaporation ET ggas (c¢,m) volumes for the average year as follows:

Prras(c,m) = op - Pegas(c,m) [m® month™] (3.11)
EATERA5 (c,m) = 0T -EATERAS (c,m) [m3 IIlOl’l'[hil] (3.12)

where FERA5<C, m) and ET gras (c,m) represent the corrected ERAS monthly precip-
itation and evaporation fields for the average year between 2008 and 2017.

We then sum the monthly values over the year to obtain annual volumes of ad-

justed precipitation and evaporation for each cell ¢, namely Pr ras(c) and ETg ras(c):

_ 12
ﬁERAS(C) = Z ﬁERA5(c,m) [m3 yrfl] (313)
m=1
— 12 =
ETgras(c) = Y ETgras(c,m) [m3yr=1] (3.14)

m=1



3.3 Methods 69

3.3.2 Processing: moisture flow reconstrunction

In the UTrack dataset, selecting cell ¢ (identified through the location of evaporation)
generates a global matrix of precipitation shed, which represents the downwind
ocean and land surfaces receiving precipitation from evaporation in c¢. From this
point onward, we refer to the generic cell ¢ as s when it acts as a source cell
(contributing evaporation to downwind areas’ precipitation) and as ¢ when it acts as
a sink cell (receiving precipitation from upwind areas’ evaporation). Specifically, we
define S as the space that encompasses all possible source worlds where evaporation
contributes to precipitation downwind, and T as the space of all sink worlds that
receive precipitation originating from upwind evaporation. Each specific source
world S € S and sink world T € T has dimensions 360 x 720, representing global
matrices of potential source and sink cells, respectively. In this framework, a generic
source cell s = (lony, lats) € S represents any cell within a source world S, and a sink

cell r = (lony,lat;) € T represents any cell within a sink world 7.

Let T'(s) € T represent the sink world associated with a specific source cell s € S.
From the partition of evaporation from a cell s € S to a sink world 7'(s), specifically
pf(s,t,m) extracted from the UTrack dataset (see Section Data), we evaluate the

monthly atmospheric moisture flow ff(s,z,m) as:

ff(s7t,m):EERA5(s7m)~pf(s,t7m) VseS,VteT(s) [m® month™!]
(3.15)

where EERM (s,m) is defined as in Equation 3.12.

For analogy, let S(7) € S represent the source world associated with a specific
sink cell # € T. From the partition of precipitation in a sink cell # into its evaporation
source cells s € S(¢), specifically pb(s,t,m) extracted from the UTrack dataset (see
Section Data), we evaluate the monthly atmospheric moisture flow fb(s,z,m) as:

fb(s,t,m) = EERA5(S,WZ> - pb(s,t,m) YVt € T,Vs € S(t) [m> month ]
(3.16)

where FERAS(s,m) is defined as in Equation 3.11.
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At this point, we sum the monthly bilateral moisture forward flows ff(s,t,m)

and backward flows fb(s,t,m) over the year, as follows:

12

fr(s,0) =Y ff(s,t,m) [m? yr 1] (3.17)
m=1
12

fb(s,t) =Y fb(s,t,m) [m3yr=1] (3.18)
m=1

By summing all the contributing evaporation sheds from the source world S to a
sink ¢ (source-to-sink reconstructed flows ff(s,)), we obtain the total reconstructed

annual precipitation in ¢ from contributions of evaporation from all s € S, as:

Preconstructed (t) = fo(s7 t) (3 19)

Conversely, by summing all the contributing precipitation sheds from the sink
world T to a source s (sink-to-source reconstructed flows fb(s,t)), we obtain the
total reconstructed annual evaporation in s from fractions of precipitation from all
teT,as:

ET, econstructed (S) = Zfb(s, t) (320)
t

When comparing Preconstructed (t) and ETyeconstrucred ($) to the forcing data Ppgas(t)
and ET ggas(s), we observe a deviation between the UTrack reconstructed annual

tracked flows and the underlying forcing data from ERAS reanalysis, namely:

pERAS (t) # Preconstructed (t) (3.21)

and:

EATERAS (S) 7£ ETrecanstructed (S) (3-22)
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The discrepancies in Equation 3.22 and Equation 3.21 appear in Figure 3.2
(panel a and b, respectively). To correct these discrepancies, we apply an iterative
proportional fitting (IPF) procedure and bi-proportionally adjust the source-to-sink
and sink-to-source reconstructed flows. We re-scale the rows and columns by the
minimum amount necessary to respect the sum constraints EE ras(s) and TﬁE ras (1),
continuing until the matrix converges toward a balanced state [144, 150].
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Figure 3.2 Percentage relative differences between reconstructed flows of (a) evaporation at
the source in the sink-to-source (backward) reconstruction and (b) precipitation at the sink in
the source-to-sink (forward) reconstruction, compared to the adjusted annual evaporation and
precipitation flows from ERAS, respectively. In panel a, condensation values are excluded
from both UTrack reconstructed flows and ERAS data, resulting in a null deviation.
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3.3.3 Post-processing: moisture flow correction

The iterative proportional fitting (IPF) procedure involves bi-proportional iterative
adjustments that re-scale the elements of a matrix, such as ff(s,7), by estimating
a new matrix W = oy ff(s,t) at each iteration 1, until convergence occurs
within a pre-defined tolerance [142, 144, 150]. The procedure ensures that the

marginals of the matrix satisfy the following conditions:

Preconstructed (t) = ﬁERAS (t) and ETreconstructed (S) - EATERAS (S) (323)

In our case, ff(s,t) represents the reconstructed matrix when referring to the
source-to-sink reconstruction, or fb(s,t) when referring to the sink-to-source recon-
struction. The marginals correspond to the ERAS corrected data for evaporation

EERM (s) for all s € S and precipitation Pgras(t) forallz € 7.

In this problem, each iteration 1, to satisfy Equation 3.23, involves correcting n’
cells with n correction factors, where n = 259200. Each source cell s € S (location
of evaporation) associates with a global matrix 7'(s) of dimensions (360 x 720) of
tracked moisture flows ff(s,?) (i.e., the volume of evaporation from the selected cell
s precipitating at each sink cell ¢ in the world 7 (s)), calculated as in Equation 3.15,
and vice versa for the sink-to-source reconstructed moisture flow fb(s,), calculated

as in Equation 3.16.

Extending the IPF application to a 2D moisture flow matrix [149], we expand the
IPF application to a multidimensional setting of atmospheric moisture connections.
Different studies address various applications of bilateral iterative adjustment as
multidimensional problems. For example, some studies vectorize a multidimensional
representation into a one-to-one correspondence with a unidimensional vector [151-
153], while others adopt various optimization functions, including parallelization
techniques and Cimmino algorithms [154, 155].

Some implementation packages, such as the R package mipfp [156] and the
equivalent Python package ipfn [157], provide a multi-dimensional implementation
of the traditional IPF procedure. These packages allow the updating of an N-

dimensional array for given sink marginal distributions. However, we found that
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these packages require heavy computational effort since they do not support parallel

programming in the logical structure designed for this study.

To address this challenge, we implement a different strategy that avoids excessive
computational burden and the limitations on parallel programming. Our approach
uses parallelization and vectorization to establish a one-to-one correspondence
between all sources s € S and their respective sinks ¢ € T'(s). This method is
specifically designed to manage the multidimensional nature of bilateral moisture

connections between the source space S and the sink space T.

For simplicity, we present the IPF procedure on the source-to-sink reconstructed
flows ff(s,t) forall s € S and ¢ € T (s). The same sequence of steps applies to the
sink-to-source reconstructed flows fb(s,¢) forallt € T and s € S(¢).

The ad-hoc IPF procedure alternately evaluates the adjusting factor ¢(¢) for the
reconstructed precipitation at the sink # € T'(s), for all # € T, and the adjusting factor

o (s) for the reconstructed evaporation at the source s, for all s € S.

Thus, the ad-hoc IPF procedure corrects precipitation volumes at odd iterations
and evaporation volumes at even iterations. The procedure continues through several

iterations until convergence occurs. We describe the first two iterations as examples.

When 11 = 1, we adjust each moisture flow from a source cell s € S to the
associated sink world 7 (s) to match the precipitation volume for all r € T'(s), namely

Prras(t), as follows:
Prras(t)

T Yyesf(s0)

The adjusted source-to-sink flow from the source s that matches ERAS precipita-
tion for all # € T'(s) is defined as:

o) -] (3.24)

ffl(s,0) = ff(s,0)a(t)"=1 Vse S VeeT(s) [m3yr=1] (3.25)

This correction introduces an inconsistency with the evaporation in the source

worlds S € S, as shown in the scatterplots in Figure 3.3.
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Figure 3.3 Scatter-plots comparing sum of all sink worlds (precipitation) and all source
worlds (evaporation) from UTrack estimates post-IPF vs. ERAS, for iterations 1-10. Odd
iterations illustrate the adjustment on precipitation in the sink worlds 7 € T (in blue) and its
corresponding perturbation of evaporation in the source worlds S € S (in red). Vice-versa
even iterations illustrate the adjustment on evaporation in the source worlds S € S (in blue)
and its corresponding perturbation of precipitation in the sink worlds 7 € T (in red). By
iteration 10, both precipitation and evaporation values exhibit a good fit to ERAS. These
iterations refer to the source-to-sink reconstructed moisture flow matrix

To fix this, the next iteration calculates a correction factor to align with evapora-
tion constraints in the source worlds S € S:

OC(S)nZZ . EATERA5 (S)

B Zt’ET(s) ff/(S,t/)

—
—

(3.26)
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At iteration N = 2, we apply this correction as:

FF(s,0) = Ff (s,000(s)"=> = £ (s,0)a(t)" au(s)"> Vs €S,V eT(s) [m? yr ']
(3.27)

Figure 3.3 clearly shows the inconsistency that each adjustment to precipitation
in the sink worlds 7 € T creates on evaporation in the source worlds S € S. It
also illustrates how quickly these adjustments converge. By iteration 10, both
precipitation and evaporation values fit well. Another key observation from analyzing
the iterative process is the geographical distribution of incremental (in blue) and
decremental (in red) adjustments for precipitation (at odd iterations) and evaporation

(at even iterations), as shown in Figure 3.4.
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Figure 3.4 Geographical distributions of correction factors o (¢) for precipitation (Pyrrack)
and o(s) for evaporation EATUT,aCk alternatively evaluated at odd and even iterations from
1-10 iterations, respectively, through the Iterative Proportional Fitting procedure. The
divergent colour gradient indicates an incremental (blue) or decremental (red) adjustment
of the estimated value of Py7rack) of ET yrrack- These iterations refer to the source-to-sink
reconstructed moisture flow matrix



76 Moisture flow dataset post-processing

By iteration 10, both the incremental and decremental factors converge to a
neighborhood around 1. When comparing Figure 3.4 to Figure 3.2, we also observe
the geographic distribution of adjustments. In particular, the first iterations show
significant adjustments in regions with the highest deviations from Figure 3.2, such
as the poles, arid areas, and oceans.
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Figure 3.5 Statistics on (a) average, (b) standard deviation, (¢) median, and (d) skewness

of the distributions of alpha values a(s) and a(r), across each iteration of the Iterative
Proportional Fitting (IPF) procedure for the source-to-sink reconstructed matrix flow.

Finally, considering all iterations, we can express the correction factors for
precipitation at the sink C(7) and evaporation at the source R(s) as:

R(s)=]Jo(s)" and C(r) =]]ex(r)" (3.28)
n n
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Hence, the generic adjusted bilateral moisture flow in the source-to-sink and

sink-to-source reconstructions are, respectively:

Ff(s,0) =R(s) ff(s,t)-C(t) and fb(s,t) =R(s)- fb(s,1)-C(t)  (3.29)

At this point, Equation 3.23 is satisfied, and the discrepancies in Equation 3.21

and Equation 3.22 are resolved.

The iterative process continues until all ¢¢(r) and o(s) forallz € T and s € S
converge to a value in the neighborhood of 1. In our problem, convergence occurs
for n = 140 and 11 = 139 in the source-to-sink and sink-to-source reconstructions,
respectively, with both cases meeting a tolerance of 10™>. At this point, Equation 3.23
is satisfied. Figure 3.5 illustrates the performance of the iterative process for the
source-to-sink reconstructed flows f f(s,7) until convergence is reached, highlighting

that the neighborhood of convergence appears after just 15 iterations.

3.4 Post-processing validation

To validate the reconciliation procedure, we perform an analysis of statistical sig-
nificance by considering ten distinct randomly selected sub-samples of 100,000
randomly selected points of sources s and sinks t — (laty, long, lat;, lon;) — using a
uniform distribution. Figure 3.6 shows the randomly selected sources in subsamples
4 and 5, and the randomly selected sinks in subsamples 1 and 2. The selection pool
excludes points with negative initial evaporation values (Figure 3.1), which we set
to a value of 107>, as these do not represent physical points within our study (see
Section 3.3.1).

The choice of sub-sampling arises from the computational infeasibility of sta-
tistically checking more than 67 billion points at once (comprising all sink worlds
T (s) € T associated with each source s € S). However, ten subsamples of 100,000
locations (out of a global total of 259,000 points) provide comprehensive global

coverage of evaporation sources and precipitation sinks.
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Figure 3.6 Locations of the 100’000 randomly selected points as sources (magenta) in (a)
the subsample number 4, (b) number 5, and as sinks (blue) in the subsample (¢) number 1
and (d) number 2.

The analysis compares precipitation estimates post-1PF against ante-1PF applica-
tion, as shown in Figure 3.7 and 3.8. A Gaussian kernel density estimation shows a
symmetric but broad distribution around the bisector for source-to-sink reconstructed
flows (Figure 3.7).

In contrast, for sink-to-source reconstructed flows (Figure 3.8), the distribution
becomes more concentrated around the bisector, though less symmetrical, indicating
a tendency for flow reduction post-IPE. The density scatter plots in Figures 3.7
and 3.8 confirm that the IPF adjustments maintain the structure of the atmospheric
network modeled by UTrack tracking. Specifically, points with density greater than

0.6 closely follow the bisector in both cases. This result is supported by the high and

2
log

case, and 0.99 and 0.98 for the sink-to-source case. These findings are consistent

similar R? and RZ  values, averaging around 0.97 and 0.94 for the source-to-sink

with the theory behind Iterative Proportional Fitting and align with results from
De Petrillo et al. (2024) [149], which demonstrate that IPF adjustment does not
significantly alter the structure of bilateral connections.

While Figure 3.7 and Figure 3.8 evaluate the changes in flows for bilateral
connections ante- and post-1PF application in the source-to-sink and sink-to-source
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Figure 3.7 Comparison between ante— and post— IPF precipitation and evaporation esti-
mates for ten samples of 100’000 randomly selected points of sources s and sinks ¢ for the
source-to-sink reconstructed flows.
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Figure 3.8 Comparison between ante— and post— IPF precipitation and evaporation esti-
mates for ten samples of 100’000 randomly selected points of sources s and sinks ¢ for the
sink-to-source reconstructed flows.
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reconstructed matrices, they also show that although the adjustments are not identical,

the IPF performance in both cases remains comparable.

To further validate IPF performance on the source-to-sink and sink-to-source
reconstructions, Figure 3.9 compares post-IPF moisture flow estimates from sink-
to-source reconstructed flows and post-1PF source-to-sink reconstructed flows for
ten samples of 100,000 randomly selected points of sources and sinks. The results
in Figure 3.9 show an average R> = 1, indicating no significant difference between
the source-to-sink and sink-to-source reconstructions in the performance of the IPF

procedure. Given this similar performance, we finalize the dataset by averaging the

element-wise post-IPF flows ff(s,t) and fb(s,t) to obtain a single flow reconstruc-

tion f(s,t) between source and sink and vice-versa.
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Figure 3.9 Comparison between post-IPF moisture flow estimates from sink-to-source
reconstructed flows fb(s,7) on the x-axis and post-IPF source-to-sink reconstructed flows
ff(s,t) on the y-axis, for ten samples of 100’000 randomly selected points of sources s and
sinks ¢

To further support this choice, Figure 3.10 and Figure 3.11 compare the post-IPF

bilateral flows in the source-to-sink direction (ff(s,#)) and sink-to-source direction

(fb(s,t)) with the averaged flow matrix f(s,?).
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Figure 3.10 Comparison between post-IPF source-to-sink reconstructed flows ff(s,7) on

the x-axis and the post-IPF flows f(s,t) obtained by averaging ff(s,t) with the post-IPF

sink-to-source reconstructed flows fb(s,#) on the y-axis, for ten samples of 100’000 randomly
selected points of sources s and sinks ¢
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Figure 3.11 Comparison between post-IPF sink-to-source reconstructed flows fb(s,t) on

the x-axis and the post-IPF flows f(s,7) obtained by averaging fb(s,t) with the post-IPF

source-to-sink reconstructed flows f f (s, ) on the y-axis, for ten samples of 100’000 randomly
selected points of sources s and sinks ¢
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Figure 3.10 compares ff(s,t) with f(s,#) and shows a near-perfect alignment
with the bisector line, indicating a strong correspondence between the post-IPF

adjusted flows and the averaged values. In contrast, Figure 3.11 compares fb(s,t)

with f(s,7), revealing a slight overestimation of flows post-IPF. Despite this over-

2
log

regions, demonstrating that the fit between the reconstructed and averaged flow

estimation, the R? and R, values remain nearly indistinguishable from 1 in most

matrices stays exceptionally high.

The perfect fit shown in Figure 3.10 and Figure 3.11 confirms the consistency
of the IPF processing results, demonstrating that the averaged matrix accurately
represents the final dataset.

Finally, we analyze how well the three IPF-reconciled matrices—f f (s,7), fb(s,1),
and m—align with the ERAS precipitation and evaporation data (I_3ER As(c) and
EERM(C)). This validation step evaluates the effectiveness of using averaged
volumes to create a dataset with a unique bilateral flow that accurately captures

atmospheric moisture connections between the source s and sink 7.
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Figure 3.12 Fitness with ERAS adjusted precipitation and evaporation annual values for the
average year 2008-2017 of a post-IPF source-to-sink reconstructed flowsff(s,z), b post-IPF

sink-to-source reconstructed flows fb(s,t), ¢ post-IPF average flows f(s,7) for ten samples
of 100’000 randomly selected points of sources s and sinks ¢
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Figure 3.12 shows that the annual precipitation and evaporation marginals for
each source cell s and sink cell ¢ perfectly match the ERAS precipitation and evapo-
ration across all three cases. This alignment strengthens the choice of the average
flow as the unique bilateral representation of atmospheric moisture connections, a

conclusion further supported by Figure 3.10 and Figure 3.11.

In conclusion, the IPF procedure guarantees that the marginals of the adjusted
matrix align with the total ERAS annual evaporation and precipitation for all sources
and sinks (Figure 3.12). At the same time, it preserves the physical integrity of the
bilateral connections, as demonstrated in Figure 3.7 and Figure 3.8. The procedure
applies minimal corrections to each bilateral flow within the network, ensuring

convergence while maintaining the physical meaning of the reconstructed flows.

3.5 Code and post-processed dataset availability

The codes for building and processing the data are accessible on GitHub at

https://github.com/elenadepetrillo/RECON-globally-reconciled-moisture-flows. The
analyses ran in the Python environment (version 3.10), and the GitHub repository
includes a "requirements.txt" file listing all necessary packages for replicating the

analysis.

We release a 4D dataset of moisture flow volumes (in cubic meters) from sources
of evaporation to sinks of precipitation at a 0.5° spatial resolution with global
coverage, centered on 2008-2017. This dataset aligns coherently with the annual
precipitation and evaporation volumes from ERAS5 reanalysis, named RECON [158].
The data are stored in the RECON_moisture_flow.nc file, which contains moisture
flow volumes in cubic meters. These data result from the processing of the La-
grangian (forward trajectory-based) tracking model UTrack, reconciled with ERAS
reanalysis through the reconciliation framework proposed in this study, based on
the Iterative Proportional Fitting procedure. The file includes information on the
dataset’s generation, the authors, and details about the input variables. The archived
dataset can be accessed via the link: https://zenodo.org/records/14191920.

The RECON dataset follows the same structure as the UTrack dataset [159],
including the grid and latitude/longitude ranges. The key difference lies in the units

of measurement. While the UTrack dataset provides a-dimensional partitioning of
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evaporation at the source contributing to precipitation at the sink (and vice-versa), the
IPF-reconciled RECON dataset presents moisture connections between sources and
sinks (and vice-versa) in cubic meters, to help users retrieve data from the uploaded

dataset. The dataset operates on an annual temporal scale.

To reduce the dataset’s size, we convert floating point values to integers using
the following procedure:

0 if y < Ymin

g log;(y)—1og;o(Ymin) . ; .
2= rint (1+1ogm<ymax>—logm(ymm> 254) ify > Ymin

= (3.30)

where z represents the converted adimensional moisture volume, ranging from
0 to 255, y is the moisture volume, ymax >~ 122079330 m? yr’1 is the maximum
value of the bilateral moisture volume flow m, and Ypin = 1073 m? yr*1 is the
lower threshold that identifies consistent bilateral flows. The function rint refers to a
Python function that rounds floating point values to the nearest integer.

To retrieve back annual moisture volumes in cubic meters from adimensional

integer values ranging from 0 to 255, the following conversion formula must be used:

y= 10%'[logl()()’max)_IOglO(ymin)}'HOglO(ymin) (33 1)

3.6 Conclusions

This chapter introduces a robust post-processing framework for reconciling atmo-
spheric moisture flows, integrating the UTrack Lagrangian model with ERAS reanal-
ysis data through the Iterative Proportional Fitting (IPF) procedure. We specifically
address the limitations of ERAS, such as condensation values in the evaporation
data, and close the hydrological cycle for the period 2008-2017. We retrieve annual
moisture flow volumes and by applying the IPF method we reconcile them with
ERAS data. The results show that the source-to-sink and sink-to-source networks
remain minimally altered by the IPF procedure, preserving the physical connections
between points in the atmospheric moisture network. Given the similar results from
both source-to-sink and sink-to-source models, we take their average to generate the

RECON dataset, a new reconciled moisture tracking dataset with 0.5° resolution.
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RECON is available on Zenodo at https://zenodo.org/records/14191920. This dataset
retains the same structure as the original UTrack dataset to ensure consistency and
facilitate its use. By reconciling the flows with ERAS, RECON offers a reliable and
comprehensive resource for exploring atmospheric moisture connections at a global
scale with high spatial resolution.



Chapter 4
Conclusions

This thesis advances post-processing applications in weather science by address-
ing two critical challenges: enhancing quantitative precipitation forecasts (QPF)
and reconciling a global-scale moisture tracking dataset with reanalysis data. We
approached these problems using both classical statistical methods and machine
learning techniques, showing how post-processing can elevate the value and usability

of existing numerical and reanalysis products.

We developed and tested multimodel systems for post-processing precipita-
tion forecasts over Piedmont and Aosta Valley. In the first phase, we focused on
aleatoric uncertainty and compared Non-Negative Least Squares (NNLS) with neural
networks, including Multi-Layer Perceptrons (MLPs) and Convolutional Neural
Networks (CNNs), specifically U-Net. While median error metrics such as RMSE
and ME did not decrease drastically compared to NNLS, we observed a significant
reduction in interquartile ranges (IQR), particularly with U-Net, across low, inter-
mediate, and extreme rainfall thresholds. This result highlights the ability of neural
networks—especially U-Net—to reduce forecast spread and operational uncertainty.
Building on this, we transformed U-Net into a probabilistic model by incorporat-
ing Monte Carlo Dropout, Deep Ensemble, and SDE-Net approaches to effectively
represent epistemic uncertainty. Among these, the SDE U-Net—where a Stochas-
tic Differential Equation module augments the deterministic U-Net—achieved the
lowest RMSE and the strongest sharpness—reliability balance under extreme precipi-
tation conditions. This establishes SDE U-Net as a leading choice for operational
forecasting of high-impact events.
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By treating uncertainty as a core modeling component, these systems generated
sharper and more reliable forecasts. This capability supports more informed decision-

making in flood risk management, agriculture, and other weather-sensitive domains.

In parallel, we introduced a post-processing framework to reconcile Lagrangian
moisture tracking outputs from the UTrack model with ERAS reanalysis data. We
applied Iterative Proportional Fitting (IPF) to enforce mass closure between atmo-
spheric evaporation and precipitation without distorting the underlying dynamics.
The resulting RECON dataset captures global moisture flows between source and
sink regions at 0.5° resolution, while maintaining the physical integrity of dominant
transport patterns. This framework generalizes to any gridded moisture tracking
dataset, offering a robust tool for improving interpretability and consistency in

large-scale hydrological analyses.

These contributions demonstrate that post-processing enhances more than just
forecast skill—it builds a tighter, more transparent link between models and observa-
tions. By combining statistical baselines, machine learning, and physical constraints,

we deliver more accurate, trustworthy, and operationally meaningful outputs.

Several directions offer promising avenues for extending this research. For pre-
cipitation forecasting, adopting high-resolution observational datasets—such as the
radar-based dataset provided by the Italian Civil Protection Department—would
significantly enrich both the spatial and temporal quality of model training and
evaluation. This radar dataset, available from the late 2010s and covering the entire
Italian territory at approximately 1 km resolution with a 1 hour timestep, provides a
substantial upgrade over the NWIOI dataset used in Chapters 2 and 3. A rain-gauge
corrected version further improves its reliability and makes it especially suitable
for model calibration. Leveraging this dataset would allow us to expand the geo-
graphic and temporal range of events, capture localized precipitation structures more
accurately, and generate 1 km resolution forecasts. However, this higher resolution
introduces challenges such as the double penalty effect, which arises when slight spa-
tial mismatches between forecast and observation are penalized disproportionately.
To address this, future experiments should incorporate fuzzy verification metrics
that account for spatial uncertainties and evaluate model performance more robustly.
In parallel, increasing the forecast horizon to 72 hours and reducing the timestep
from 24 to at least 6 hours would introduce temporal dynamics into the regression

problem. This shift calls for time series forecasting methods. Techniques such as XG-
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Boost and other sequence-aware algorithms could complement the spatial modelling
capabilities of U-Net, which can be further adapted to handle spatiotemporal depen-
dencies. Additionally, the radar dataset’s resolution makes it possible to compute
empirical precipitation distributions over localized windows. By estimating prob-
ability density functions or threshold-based relative frequencies in these windows,
we could train our multimodel system to output probabilistic forecasts, rather than
point estimates. These enhancements should explicitly account for both aleatoric and
epistemic uncertainty to improve forecast reliability and applicability in high-stakes
contexts. For moisture tracking, we plan to extend the reconciliation framework to
operate on a monthly basis. Chapter 4 established the method on yearly averages,
which helped validate its core mechanisms. By shifting to monthly resolution, we
would create a time series of reconciled moisture flows that capture seasonal and
interannual variability more effectively. This finer temporal granularity would enable
new analyses, such as identifying anomalous transport episodes, studying seasonal
moisture recycling, or assessing the influence of large-scale modes of variability like
ENSO or the North Atlantic Oscillation. These monthly reconciled datasets would
strengthen the physical interpretability of long-term hydrological studies and support
improved diagnostics of climate model outputs.

Overall, these future developments aim to boost the operational relevance, spatial
accuracy, and physical consistency of post-processed products in forecasting and
moisture tracking. Applying these techniques to data-scarce and extreme-prone
regions while testing hybrid models that merge physical constraints with data-driven

learning will help deliver resilient forecasting systems in a changing climate.
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