PhD PROGRAM
@ SECURITY
() RISK
(Il VULNERABILITY

ry Universita
&) di Genova

PhD Curriculum in Risk, Climate Change
and Sustainable Development

Department of Informatics, Bioengineering, Robotics and Systems Engineering

University of Genova, Via Opera Pia, 13, 16145 Genova, Italy

Unlocking the potential of artificial
intelligence in hydrology

A Deep learning framework for snow data assimilation in S3M

15 April 2026

Tutor:

Prof. Dr. Luca Ferraris

Supervisors: .

Dr. Francesco Avanzi PhD Candidate:
Dr. Simone Gabellani Giulia Blandini, XXXVIII Cycle

External Reviewers:

Prof. Gabrielle DeLannoy
Dr. Christian Massari



Acknowledgements

I would like to thank the reviewers, Dr. Christian Massari and Professor Gabrielle DeLan-
noy for their time and insightful comments, which have significantly improved the quality
of this manuscript.

I have never been good at acknowledging my achievements and my successes, but today
it truly feels like one. Three years of research, conferences, schools, people, papers, good
and bad experiences have all been part of an amazing and exciting journey that I know
has just begun.

I would have never made it without all the people around me, and that is why my
deepest thanks go to them.

Questi tre anni di dottorato non sarebbero stati gli stessi senza la guida fondamentale
del mio supervisore Francesco Avanzi. Le parole non sono sufficienti a spiegare la stima
che provo nei suoi confronti, come ricercatore e, prima di tutto, come persona. Grazie
per avermi insegnato e guidato. Grazie per aver creduto in me e nella mia ricerca anche
quando io non riuscivo ad andare oltre le difficolta. Grazie per essere stato un insegnante
appassionato e un fratello maggiore affettuoso.

Grazie a Lorenzo Campo per avermi insegnato tutto quello che so sulla data assimila-
tion. Grazie per i nostri giovedi di studio, per i consigli e per la cura. Grazie per avermi
sempre chiesto come stessi prima di ”spostarci in uno spazio gaussiano”.

Grazie a Simone Gabellani per aver creduto in me e per essere sempre stato dalla mia
parte, scientificamente e umanamente.

Grazie ai colleghi e alle colleghe del CIMA, ai dottorandi e alle dottorande. Quello che
facciamo forse non salvera vite, ma la mia ogni giorno e pil bella perché la condivido con
voi.

Thanks to Kristoffer Aalstad, for the guidance throughout my last two years of work.
Thank you for being an amazing host supervisor, for the precious lessons, and for always
having such kind and encouraging words about my research. You and all the people at
GeoHyd have made my Norwegian experience unforgettable, and I will always cherish those
memories. To Marco, Julie, and Hannah, to Mikko, Adele and Mina.

Ai miei amici di Torino. Anche se in citta diverse, siete sempre la mia famiglia per
scelta.

Alla mia famiglia, per avermi supportato dal primo giorno fuori casa, lontano dalla
mia Sicilia. Grazie per aver creduto in me, per essere la mia ancora e il mio porto sicuro.
Grazie mamma per tutti i biglietti nascosti nelle valigie ogni volta che vado via. Grazie
papa perché mi hai insegnato ad essere forte e ad accettare le fragilita. Grazie Claus per
essere la mia migliore amica, per non lasciarmi mai. Grazie perché mi avete insegnato ad
amare, ad amarmi e a credere in me stessa.

Grazie Lollo, per scegliermi ogni giorno, per credere in me e per tutto il supporto
durante il mio percorso. Per quello che non si vede ma si sente. Per ’amore e la nostra
vita insieme.



ii

Unlocking the potential of artificial intelligence in hydrology
A Deep learning framework for snow data assimilation in S3M

Abstract

Time and computational constraints often limit the retrieval of reliable snow model
estimates, particularly in large-domain operational contexts. Artificial intelligence—based
modelling approaches can improve the representation of snow storage and dynamics, while
reducing uncertainties in snow-dominated regions and enhancing assessments of water avail-
ability, ecosystem functioning, and climate feedbacks, with significant societal and envi-
ronmental implications. Despite this potential, the effective integration of artificial intel-
ligence—based methods into operational snow hydrological modelling frameworks remains
an open research challenge.

In this context, the main hypothesis of this doctoral research is that artificial intelli-
gence—based techniques can be effectively embedded within snow hydrological models to
enhance predictive accuracy while reducing computational effort and execution time. This
integration leverages the potential of artificial intelligence to address key challenges in op-
erational snow modelling, namely: (i) quality control and quality assurance of in situ snow
depth observations, and (ii) the assimilation of snow-related variables.

The proposed Random forest—based quality-control algorithm provides a fully auto-
matic, computationally efficient, and scalable approach for quality assurance of snow depth
observations. By incorporating expert domain knowledge, it offers an effective alternative
to manual screening and substantially reduces the time and resources required for data val-
idation. It achieved F1 scores above 90% for snow versus grass or bare-ground detection,
even outside the training domain. Despite less consistent error classification performance,
the algorithm’s limited sensitivity to variations in snow-season climatology highlights its
applicability across heterogeneous environmental conditions.

The Ensemble Kalman filter emulator based on a Long Short-Term Memory network
achieved snow depth and snow water equivalent estimates comparable to the traditional
ensemble approach while reducing computational time by up to 70% by using ensemble
simulations only during training. The framework demonstrated strong spatial transferabil-
ity, with only a 20% decrease in performance outside the training domain, and highlights
the potential for a fast, scalable, and spatially distributed deep data assimilation frame-
work, with future developments envisaging the propagation of pointwise corrections across
the domain using Gaussian Process interpolation.

In my view, while the computational efficiency of artificial intelligence-based emulators
offers clear advantages for cryosphere and hydrosphere modelling, it should not come at the
expense of process transparency and interpretability. I believe that ensuring explainability
is essential in operational and decision-support contexts, where trust, accountability, and
physical consistency are critical, and that scientists have a key role in linking efficient
artificial intelligence outputs with interpretable, physically meaningful results.
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Chapter 1

Motivation

Artificial Intelligence (AI) has emerged as a key methodological advancement across mul-
tiple disciplines, including the environmental and water sciences. Although in hydrology
the development and adoption of Al-based solutions faced some resistance largely due to
the complexity of the hydrological system (Shen, 2018), nowadays the interest is grow-
ing. Recent progress has demonstrated substantial improvements in predictive capabilities
enabled by Artificial Intelligence (AI) models, particularly by Deep learning algorithms
(DL), marking a paradigm shift in how hydrological processes are analysed, simulated, and
forecasted (Abdulameer et al., 2025).

AT presents significant opportunities to address several persistent challenges in hydrol-
ogy, including:

e Interdisciplinary and human—system complexity: the interaction between hu-
mans and water resources is difficult and time-consuming to represent accurately in
models (Shen, 2018).

e Data deluge and data discoverability: the increasing availability and hetero-
geneity of environmental datasets pose challenges for efficient data integration and
interpretation.

e Unrecognized or under-represented linkages: missing or poorly represented
processes can introduce systematic model errors.

e Model scaling issues and equifinality: hydrological predictions often vary with
scale, and multiple parameter combinations may yield similar results (Beven & Freer,
2001).

e Regionalization and computational feasibility: the need for spatially explicit
models and parameters is constrained by computational costs, particularly in the
context of rapid, large-scale assessments required under changing climatic conditions.
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Al-based approaches provide a promising pathway to address many of the limitations
of traditional hydrological modelling (Yaseen, 2023). They offer computationally efficient,
data-driven alternatives that can complement or enhance physically based models.

However, domain expertise remains essential to the successful application of these meth-
ods: formulating meaningful scientific questions, selecting appropriate inputs, designing
suitable model architectures, and interpreting outputs all require a strong grounding in
hydrological knowledge (Shen, 2018). Recent studies further demonstrate that explicitly
integrating expert knowledge within Al frameworks can substantially improve model per-
formance, robustness, and interpretability (Karpatne et al., 2017).

In this context, it is worth nothing that a large portion of the planet’s freshwater
(roughly 70%) is stored as snow and ice within the cryosphere. The cryosphere includes
all frozen components of the Earth system found on or beneath the land and ocean sur-
faces, such as snow cover, glaciers, ice sheets and shelves, icebergs, sea ice, lake and river
ice, permafrost, seasonally frozen ground, and all forms of solid precipitation (Beniston
et al., 2018). Despite decades of scientific progress, accurately representing snow processes
remains difficult due to complex multiscale interactions, non-linear dynamics, and strong
spatial-temporal variability (Bormann et al., 2013). In light of this, physically based mod-
els face additional challenges related to computational cost, parameter uncertainty, and the
assimilation of heterogeneous observational data, limitations that become more pronounced
when moving to larger domains or attempting higher-resolution simulations (Pagano et al.,
2014).
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Figure 1.1: Infographic of the components of the cryosphere. Source: (talk science, 2021).
Note: The share of seasonal snow shown here may appear disproportionately small and it
1s intended conceptually, not quantitatively.

Given the potential of Al to alleviate both computational and epistemic constraints,
and considering the pronounced impacts of climate change on the cryosphere, particularly
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on snow processes in Mediterranean regions (Matiu et al., 2021; Bozzoli et al., 2024), this
research focuses in particular on snow hydrology. Snow is a key component of the climate
system and global freshwater resources, yet snow-dominated regions are especially sensi-
tive to uncertainties in estimating snow storage and dynamics (Singh et al., 2024). Such
uncertainties can propagate throughout the hydrological cycle, affecting water availability,
ecosystem functioning, and climate feedbacks, with significant societal and environmental
implications (Dunmire et al., 2024).

Building on these considerations, the central hypothesis of this thesis is that Al-
based methods can be effectively integrated into hydrological, and specifically
snow hydrological, modelling frameworks to improve predictive performance
while reducing computational costs and processing time. Moreover, such integra-
tion may uncover previously unrecognized non-linear relationships that extend beyond cur-
rent computational and methodological constraints, offering opportunities to gain deeper
epistemic insights into snow processes (Nearing et al., 2021). In this way, improvements in
scientific understanding can progress independently of, and potentially ahead of, existing
technical limitations.

The remainder of this document is structured as follows:

e Chapter 2 — Background: presents the scientific background and motivation of
the study, including an overview of snow hydrology, the role of data assimilation in
snow modelling, and the emerging potential of Al-enhanced approaches. It ends with
a section on my research questions.

e Chapter 3 — Machine learning-based algorithm for QA /QC: describes the
application of Machine Learning (ML) techniques, specifically Random forest, for
quality assurance and quality control of snow and meteorological datasets.

e Chapter 4 — Deep learning-based data assimilation in 1D: introduces a one-
dimensional framework integrating Deep Learning (DL) algorithms to emulate and
enhance traditional data assimilation schemes.

e Chapter 4 — Deep learning-based data assimilation in 2D: describes a method-
ology that will be implemented in future steps of this work to extend the previous
approach to a spatially distributed (2D) domain, proposing an innovative way to
achieve scalability and enhance the applicability of the deep data assimilation frame-
work.

e General Discussion and Conclusion: Discusses the main findings of the research,
providing a comparative analysis of the proposed approaches and discussing their
implications for Al-hydrology integration. Then it summarizes the key contributions
of the thesis and outlines future research directions for the integration of Al and data
assimilation within hydrological modelling.



Chapter 2

Background

2.1 Snow hydrology

According to World Meteorological Organization (Canton, 2021), about 70 % of Earth’
fresh water exists in solid form and it is part of the Cryosphere. Around 10% of Earth’s
land area is covered by glaciers or ice sheets (see Figure 2.1). The cryosphere is tightly
linked to the climate system, primarily through global exchanges of water, energy, and
carbon (Krissek & St. John, 2025). Indeed, cryospheric components play a crucial role
in regulating the Earth’s climate by modulating surface albedo, latent heat exchange,
and freshwater inputs. Among cryospheric components, snow exerts a particularly strong
influence on both the surface energy balance (Zhang, 2005) and freshwater availability
(Viviroli et al., 2007).

Because snow has a much higher albedo than bare ground, it produces a strong cooling
effect by reducing the absorption of incoming shortwave solar radiation. Surface reflectance
of incoming solar radiation, quantified as the ratio of reflected to incident radiation and
commonly referred to as albedo, is therefore a key factor in the surface energy balance
(Thackeray & Fletcher, 2016). Shortwave electromagnetic radiation corresponds to the
main input of solar energy (Rohli & Li, 2021). The high value of snow and ice albedo
(about 80-90%), represent an important first-order feedback between the cryosphere and
the atmosphere. The enhanced reflectivity of snow-covered surfaces reduces net radiation
at the surface, weakening warming effects (Chen et al., 2025). This cooling can increase the
likelihood of widespread snow cover, creating a positive feedback loop. Conversely, warming
of the Earth’s atmosphere can reduce snow and ice cover (Thackeray et al., 2019), lowering
the planet’s albedo and accelerating melting. However, a warmer atmosphere can also hold
more moisture, which in cold regions may lead to increased snowfall, partially offsetting
snow loss under certain conditions. These interactions among the cryosphere, atmosphere,
and hydrosphere, along with many others, are illustrated in Fig. 2.2.

The seasonal presence of snow governs surface—atmosphere energy exchanges from local
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Figure 2.1: Global distribution of the cryosphere. Source: talk science (2021). The sand-
coloured areas indicate non-cryospheric regions that are not represented in the legend.

to regional scales. Owing to its low thermal conductivity, snow insulates the ground surface,
dampening soil temperature variability and stabilizing subsurface thermal regimes (Zhang,
2005). The insulating effect of snow also has major implications for the hydrological cycle.
In non-permafrost regions,where the ground is only seasonally frozen, the insulating effect
of the snowpack limits freezing to the shallow subsurface, allowing deep water drainage to
remain uninterrupted and preserved (van Huissteden, 2020).

Lastly, yet of equal significance, the dynamics of snow and snowpack play a critical
role in shaping seasonal water resources, exerting a strong influence not only on the tim-
ing and magnitude of streamflow, but also on the availability and quality of both surface
and groundwater (Dettinger, 2014). In regions characterized by Mediterranean, summer-
dry climates, the accumulation of snow during the winter months, followed by its gradual
melt in spring and early summer, provides a vital water supply that sustains human so-
cieties, agricultural activities, hydropower productions and natural ecosystems precisely
during periods of highest water demand, which often coincide with a seasonal decline in
precipitation (Avanzi et al., 2023). Similarly, in colder regions (Bravo et al., 2008), the
snowpack represents the dominant contributor to streamflow, particularly during the spring
and summer months when meltwater release drives river discharge (Bales et al., 2006). In
catchments dominated by snow, the long-standing adage that today’s snow is tomorrow’s
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Figure 2.2: Schematic representation of interactions between the atmosphere, cryosphere,
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water captures a fundamental principle of hydrology (Avanzi et al., 2025). This concept
can be traced back to the pioneering work of James E. Church (Sturm, 2015), widely rec-
ognized as the founder of modern snow hydrology, who was among the first scientists in
the Western world to rigorously observe, quantify, and emphasize the crucial link between
snow accumulation in the catchment and downstream water availability. His work laid
the foundation for understanding how seasonal snowpack dynamics underpin freshwater
resources and continue to inform water management and climate impact studies today.

From a hydrological perspective, measurements of snow depth and Snow Water Equiv-
alent (SWE ), the amount of water stored in a snowpack (Taheri & Mohammadian, 2022),
provide critical information for water management, hydrological forecasting, and emergency
preparedness (Hartman et al., 1995). Indeed, these measurements are crucial for real-time
applications such as irrigation, agriculture, water supply management, flood prevention,
hydropower generation, and overall water resource planning (Hartman et al., 1995).

In recent decades, the already complex hydrological cycle has been increasingly dis-
rupted by the intensification of extreme events such as heavy precipitation, flooding,
drought, and wildfires, which are direct consequences of climate change (Ficklin et al.,
2022). Altered streamflow regimes (Change et al., 2014), shifts in precipitation patterns
(Wang et al., 2022b), and the coexistence of more frequent and intense floods with declining
baseflows provide clear evidence of this transformation (Juras et al., 2021).
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Recent studies show that reductions in streamflow are often directly linked to declines
in snowfall, exacerbated by rising air temperatures (Berghuijs et al., 2014). In particu-
lar, snow droughts, periods of below-average snow accumulation, can severely impact the
hydrological cycle (Harpold et al., 2017), frequently triggering hydrological droughts down-
stream (Toreti et al., 2022a). Snow accumulation and melt under a warming climate are
governed by competing effects: higher temperatures reduce snowfall and accelerate melt,
yet increased atmospheric moisture under warmer conditions can locally enhance snow-
fall rates (Réisénen, 2008). Climate-driven shifts in circulation patterns further influence
snowfall distribution, with mid-latitude snowpacks being particularly sensitive (Fletcher
et al., 2009).

Reductions in SWE accelerate the depletion of already stressed groundwater systems
(Liu et al., 2021), and across both cold and dry-summer regions declining snowfall and snow
cover impact not only water supplies but also ecosystem stability, vegetation and wildlife
dynamics, transportation networks, cultural practices, and recreational activities (Bair
et al., 2018a). Reduced meltwater availability alters freshwater biodiversity, while changes
in soil moisture and thermal conditions, including permafrost thaw, can lead to vegetation
degradation in some regions (Walvoord & Kurylyk, 2016). Conversely, increased streamflow
in certain Arctic areas may locally enhance vegetation productivity (Skovsholt et al., 2020).
Glacier retreat, decreasing snow cover, and permafrost degradation are driving shifts in
species distributions, forcing many plants and animals to migrate to higher altitudes (Rew
et al., 2020). Microbial processes are also affected, with implications for nitrogen cycling,
organic matter decomposition, and broader biogeochemical feedbacks (Bradley et al., 2017).
Moreover, changes in snow cover can significantly modify the Earth’s surface energy balance
and influence large-scale atmospheric circulation in the Northern Hemisphere (Dunmire
et al., 2026a). Finally, the retreat of cryospheric elements contributes to the increasing
frequency, magnitude, and changing spatial distribution of natural hazards in mountain
and polar regions (Beniston et al., 2018).

Within the context of a rapidly changing climate, understanding snowpack dynamics
has become increasingly urgent, particularly because nearly one-sixth of the world’s popu-
lation relies on snow-derived water resources (Sturm et al., 2017). Ultimately, changes in
the cryosphere represent a multi-dimensional driver that affects climate dynamics, hydrol-
ogy, ecosystems, geomorphology, natural hazards, and socio-economic systems (Rasul &
Molden, 2019). These interconnected impacts underscore the need for improved monitor-
ing and modelling to support sustainable development in regions influenced by snow and
ice (Siirila-Woodburn et al., 2021).

In addition to climate-related challenges, the strong spatial and temporal variability
of snow cover further complicates the accurate modelling of snowpack dynamics. This
variability, combined with the nonlinearity of the precipitation—runoff relationship (Latron
et al., 2009), makes it difficult for models to reliably capture snow accumulation, melt
processes, and their hydrological impacts.

To address the need for reliable snow variable estimates, snowpack models, when cou-
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pled with observational data, provide essential tools for scientists, engineers, and decision-
makers engaged in hydrological forecasting and operational water management. Such inte-
grated approaches enable more reliable predictions of snowmelt dynamics, ensuring that wa-
ter resources are managed sustainably under changing climatic conditions (Kazama et al.,
2007).

2.1.1 Snow variability

Snow properties such as depth, density, water content, SWE and duration, are charac-
terized by high spatial and temporal variability (Clark et al., 2011), which makes their
representation in models inherently challenging (Bloschl, 1999).

Snow cover variability is primarily controlled by meteorological forcing (Bales et al.,
2006). Temperature is a primary driver, controlling the precipitation partitioning into rain
or snow, influencing the rate of snowmelt and the character of the snowpack (e.g., dry
and powdery versus wet and heavy snow, Cline (1997)). The amount, intensity, and type
(snow vs. rain) of precipitation events directly affect snow accumulation (Li et al., 2019).
Wind can break snow crystals into smaller fragments, increasing density, and causes snow
drifting, which leads to large spatial variations in snow depth across a landscape, although
its effects on snow are difficult to quantify (Gascoin et al., 2013).

In mountain regions, this complexity is amplified by strong heterogeneities in topog-
raphy, microclimate, and vegetation. The shape of the land (e.g., elevation, slope aspect)
and the presence of vegetation (e.g., forest canopy cover or rocks) significantly influence
how much snow accumulates in a given location and how quickly it melts. For example,
forest canopies regulate both snow accumulation and ablation (Essery et al., 2009), and
vegetation itself is dynamic, responding to climatic changes that feedback into snowmelt
and runoff regimes (Strasser et al., 2024).

The reflectivity of the snow surface affects how much solar energy is absorbed,thus
how fast snow melts. Fresh, clean snow has high albedo, while older or dust-covered snow
has lower albedo and melts faster (Adhikary et al., 2002). On the climatological point of
view, large-scale atmospheric-oceanic patterns, such as the El Nifio-Southern Oscillation
(ENSO) and the Arctic Oscillation (AO, Douville et al. (2017)), can influence regional
snowfall patterns and contribute to year-to-year variability.

Additionally, climate change is altering historical patterns of snow variability (Wieder
et al., 2022). As global temperatures rise, more winter precipitation is falling as rain instead
of snow, and snowmelt is occurring earlier in the spring (Lépez-Moreno et al., 2021). This
generally leads to an overall decrease in average SWE and the duration of snow cover in
many regions, while potentially increasing the relative variability of snow conditions from
one winter to the next.

Snow variability has far-reaching implications for both natural systems and human
society (Siirila-Woodburn et al., 2021). Changes in the timing, duration, and amount
of snow alter soil moisture availability, growing seasons, and habitat conditions for cold-
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adapted species, and they influence key eco-hydrological processes such as soil insulation,
nutrient cycling, and stream temperature regulation (Ernakovich et al., 2014). At the
catchment scale, the spatial heterogeneity of snow accumulation and melt governs the
magnitude and timing of runoff, making mountain snowpacks a critical natural reservoir
(DeBeer & Pomeroy, 2017). Increased variability in how snow accumulates and melts
from year to year complicates water resource management, affecting reservoir operations,
agricultural planning, hydropower production, and urban water supply (Soomro et al.,
2024).

Earlier and more irregular melt events can lead to both reduced late-season water avail-
ability and higher risks of early-season flooding (Frei et al., 2000) or rain-on-snow—induced
hazards (Beniston & Stoffel, 2016). Snow-dependent economies, including winter tourism
and transportation, are likewise sensitive to shifts in snow persistence and spatial distri-
bution (Leal Filho et al., 2024). These combined pressures highlight the growing need
for modelling frameworks capable of capturing fine-scale spatial and temporal snowpack
dynamics.

2.1.2 Snow modelling

A model can be defined as a simplified representation of a real-world system that captures
its essential processes and key interactions. Hydrological modelling provides hydrologists
and environmental engineers with a framework to interpret and predict the complexity of
the water cycle, aiming to deliver reliable forecasts for sustainable water resource manage-
ment (Savenije, 2009).

Cryospheric models integrate principles of hydrology, thermodynamics, and rheology
(Bitz et al., 2012), with snowpack modelling playing a central role. Snow models seek
to reproduce the processes through which snow accumulates, metamorphoses, and melts,
thereby regulating the seasonal storage and release of water in snow-dominated regions
(Voordendag et al., 2021). The primary goal of snow modelling is to provide a process-
based understanding of snow dynamics, allowing for improved quantification of their effects
on streamflow timing, magnitude, and downstream water availability (Maurer et al., 2021a).
Although cryospheric science, and snowpack modelling in particular, dates back to the early
18th century (Qin et al., 2021), research in this field continues to evolve as these challenges
remain central to hydrological and climate studies.

A variety of models, differing in complexity and in the representation of snow processes,
have been developed to simulate the accumulation and ablation of seasonal snowpacks
(Voordendag et al., 2021). These range from simple empirical formulations to fully process-
based, physically explicit models.

Empirical models, such as temperature-index or degree-day models (e.g., Hock (2003);
Ismail et al. (2023)), rely on statistical relationships between air temperature and snowmelt.
Surface energy fluxes are parameterized as a function of air temperature, without explicitly
resolving internal snowpack processes. Empirical models are computationally efficient and
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widely used. Examples include the Snowmelt Runoff Model (SRM, Martinec (1975)), the
one-layer temperature-index snow model (HyS, De Michele et al. (2013)), and the Snow
Accumulation and Ablation Model (SNOW-17 in Figure 2.3, Anderson (1973)). They
estimate seasonal snow cover evolution by combining air temperature, precipitation, and
snowmelt (Ohmura, 2001). Despite their heavy parameterization, empirical models remain
effective in operational hydrology and applied research due to their ability to reproduce
observed melt dynamics with minimal input data (Sahu et al., 2023). However, their
empirical nature limits transferability outside the calibration domain, and predictive skill
may decline under climate change scenarios (e.g., Li et al. (2012); Réveillet et al. (2016);
Duethmann et al. (2020)).
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Figure 2.3: SNOW-17 model workflow and parameters. The boxes designate model pro-
cesses. Model inputs and output are highlighted in bold, source He et al. (2011).

Hybrid models were developed to overcome the limitations of purely empirical ap-
proaches (Follum et al., 2015). These models incorporate simplified representations of
the surface energy balance to capture key drivers of spatial and temporal variability in
snowmelt while retaining the computational efficiency of degree-day formulations (Pel-
licciotti et al., 2005). Solar radiation is included as an explanatory variable through melt
parametrizations (Hock, 1999), enabling these models to reproduce diurnal melt cycles and
spatial heterogeneity in snowmelt driven by slope, aspect, and shading. Since potential so-
lar radiation can be computed from solar geometry and topography, hybrid models do not
necessarily require additional meteorological inputs beyond air temperature. One example
is the Snow Multidata Mapping and Modelling (S3M) model (Avanzi et al., 2022a); it sim-
ulates snow mass balance and melt using a hybrid temperature-index and radiation-driven
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formulation. S3M accounts for settling, albedo evolution, and liquid water outflow (Avanzi
et al., 2022b), balancing process representation with computational efficiency (see Figure
2.4). It supports operational systems that provide real-time, spatially explicit snow cover
estimates (Avanzi et al., 2023).
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Figure 2.4: Prognostic variables and main mass fluzes in the SSM model: ag = snow
albedo (~); Sy and Ry = snowfall and rainfall rates (mm At™!): SWEp = dry-SWE (mm);
pp = dry-snow density (kg m=3); SWEy = wet-SWE (mm); R, M, and O = refreezing,
melt, and outflow (mm At~'); hg = glacier thickness (m); Mg = ice melt (mm At=1). The
schematic represents the distributed snow—glacier model applied independently to each grid
cell, where mass and energy fluxes are solved using ordinary differential equations integrated
with a forward Euler scheme. All inputs, states, and outputs are spatially distributed as
raster fields (e.g., 240 m resolution) with a typical 1-hour time step. The background
image shows the Rutor Glacier in northwestern Italy (ESRI Satellite) Source: Avanczi et al.
(2022a).

While empirical and hybrid models are attractive for their simplicity and modest data
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requirements, their reliance on calibrated statistical relationships limits generalizability
and transferability. Physically based models overcome this by explicitly solving the sur-
face energy balance and representing energy and mass fluxes at the snow—atmosphere
and snow—ground interfaces (Born et al., 2019). They provide a comprehensive descrip-
tion of snow accumulation, melt, sublimation, and internal processes such as compaction,
albedo evolution, temperature gradients, refreezing, and liquid water retention (Ismail-
Zadeh et al., 2023).

Physically based, or energy and mass balance, models vary in their representation of
snowpack stratigraphy. Single-layer models (Essery et al., 1999) describe bulk snowpack
properties such as albedo, density, and thermal conductivity in a depth-integrated form,
and remain operationally useful due to their efficiency (e.g., ECMWF Integrated Forecast
System snow scheme (IFS), Dutra et al. (2010)). Multilayer models explicitly resolve snow
stratigraphy and microstructural evolution, ranging from a few layers in intermediate-
complexity schemes to 100 layers in highly detailed models. These can resolve processes
such as compaction, liquid water percolation, refreezing, and metamorphism. Examples
include CROCUS (Vionnet et al., 2012), SNOWPACK (Lehning et al., 2002a), the snow
metamorphism and albedo process (SMAP) model (Niwano et al., 2012), SNOBAL (Marks
et al., 1998), the Factorial Snow Model (FSM, Essery (2015b)), and GEOtop (Zanotti
et al., 2004; Endrizzi et al., 2014). Some models, such as SNOWPACK (see Figure 2.5),
adopt a Lagrangian multilayer framework to track snow microstructure evolution explicitly.
Some other energy balance models, such as FSM, also differ in their representation of sur-
face fluxes incorporating radiative, turbulent, advective, and conductive heat fluxes using
lumped or multi-physics formulations. Another example of this category is the Utah Energy
Balance model (UEB, Essery (2015a)). The UEB snow model is an energy-balance-based
snowmelt model that represents the snowpack using a lumped, yet physically consistent,
formulation that tracks both the water and energy budgets. The model is driven by me-
teorological inputs including air temperature, precipitation, wind speed, humidity, and
shortwave and long wave radiation, provided at a temporal resolution of one or six hours.
UEB computes the main components of the surface energy balance,radiative, sensible, la-
tent, and advective heat fluxes, using physically based parameterization ( see Figure 2.6).

Distributed applications in mountainous terrain require consideration of spatial het-
erogeneity in meteorological forcing and topography, including shading, slope- and aspect-
dependent radiation, and downscaling or interpolation of coarse-resolution data to fine
model grids (e.g., MeteolO, Bavay & Egger (2014a)). While physically based models are
data- and computation-intensive, they provide the most robust framework for representing
fine-scale snow dynamics and assessing climate change impacts.

Recently, data-driven models based on AI have gained attention for their ability to
learn complex nonlinear relationships between meteorological drivers and snowpack dy-
namics without explicit physical formulations (Sit et al., 2020a). By leveraging histori-
cal observations, ground measurements, and remote sensing products, these models have
demonstrated strong predictive capabilities, particularly for snow depth, and can overcome
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Figure 2.5: Output from the Swiss SNOWPACK model (Lehning et al., 2002¢) showing a
modelled vertical snowpack structure profile from early October (no snow) to June. Colours
and symbols represent different snow grain types.

some structural limitations of traditional physically based models (Dai et al., 2018; Acharki
et al., 2025; Chen et al., 2021b; Bousbaa et al., 2024; Elyoussfi et al., 2025a; LeCun et al.,
2015a; Murphy, 2023).

In practice, the choice of model depends on the application, data availability, and spatial
scale. Cryospheric models are typically spatially distributed and multi-scale, reflecting the
influence of topography and vegetation (Avanzi et al., 2020a). Parsimonious models remain
essential in ungauged or data-scarce regions (Avanzi et al., 2021a), while computational
efficiency is key to capturing long-term cryospheric processes (Pagano et al., 2014).

The longstanding question of whether a “best” snow model exists remains unsolved.
Comparative studies (Essery et al., 2013) show that model performance depends strongly on
local conditions, including topography, meteorology, and vegetation. Increased complexity
does not necessarily improve accuracy (Magnusson et al., 2015); empirical parameterization
can perform as well as or better than more detailed schemes (Beven, 2012). Snow mod-
elling thus seeks adequacy rather than universality: selecting the most appropriate model
for a given context, balancing realism, parsimony, and computational cost (Magnusson
et al., 2015), trying to answer a central question in snow modelling on how much snow is
accumulated across the landscape at a given time (Sturm et al., 2017; Dozier et al., 2016).
Calibration improves predictive skill but also highlights the tension between parametric
and structural uncertainty, with high-parameter models at risk of overfitting and limited
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Figure 2.6: Snow model physics and parameterization from Tarboton et al. (1996) (UEB
model). Meteorological inputs (Qsi, Ta, €a, precipitation, wind) drive energy and water
fluzes in the thermally active layer. Fluxes include temperature-independent (QSAZ-, Qui, Qp)
and temperature-dependent components (Qn(To, Ts), Qe(ea,Ts), Qie(Ts)), which modify the
state variables—total energy U and water equivalence W. Exchanges between snow and soil
(Q'), snowmelt (Qn,), and ground heat flux (Q4) dynamically couple the system, controlling
snowmelt, sublimation, and heat transfer.

transferability (Girotto et al., 2020).

2.1.3 Modelling with uncertainty

Despite advances in process representation, models used in snow hydrology remain affected
by significant uncertainties (Beven, 2012). Structural uncertainty arises from limitations
in the accuracy and reliability of the equations and their numerical discretization used
to represent physical processes on a computer. Parametric uncertainty reflects imperfect
knowledge of model parameters (Girotto et al., 2020), while forcing uncertainty is partic-
ularly pronounced in mountainous terrain; Indeed, both the phase and amount of precipi-
tation are difficult to constrain, temperature distributions are often poorly monitored, and
the lack of wind information prevents an accurate representation of snow redistribution
processes (Tyson et al., 2023). Moreover, the intermittent nature of snow in space and
time, along with stratification and slow processes such as snow metamorphism or wind
transport, further complicate the reconstruction of snow dynamics (Piazzi et al., 2019).
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Calibration is traditionally employed to mitigate these uncertainties by tuning param-
eters so as to reduce the mismatch between simulations and observations (Gupta et al.,
2006). However, this approach is limited. Different parameter sets may lead to equally
good results (equifinality, Beven (2006)), and structural model deficiencies cannot be re-
solved by parameter adjustment alone. More advanced frameworks, such as the Generalized
Likelihood Uncertainty Estimation (GLUE, Beven & Binley (1992)), explicitly consider pa-
rameter uncertainty, yet they still provide static corrections and cannot account for the
dynamic propagation of state errors during simulations. Thus, calibration is an essential
first step, but it cannot fully address the evolving uncertainties encountered in predictive
modelling (Acero Triana et al., 2019).

If models are uncertain, so too are the observations used to constrain them. All snow-
related observations are subject to measurement errors, representation errors, and retrieval
uncertainties (Beven, 2012). Ground-based measurements provide valuable point-scale
information, but they suffer from instrumental noise and are heavily influenced by wind
redistribution, local topography, and vegetation, which complicates their extrapolation to
the scale of model grid cells (Malek et al., 2017a). Their representativeness may further
degrade under changing climate and land cover conditions (Cowherd et al., 2024b).

Remote sensing products offer spatially distributed information, but they also carry
significant limitations: retrieval algorithms introduce uncertainty, coarse spatial resolution
hampers local applications (Van Leeuwen, 2015), and cloud cover or forest canopy may
obscure snow signals (Aalstad et al., 2020; Gascoin et al., 2024). Similarly, meteorolog-
ical forcings derived from reanalyses are affected by large uncertainties. Precipitation is
particularly problematic due to gauge undercatch, sparse high-elevation observations, and
difficulties in phase partitioning, which are critical during rain-on-snow events (Beniston
et al., 2018; Juras et al., 2021). Temperature is generally more reliable, yet high-elevation
data remain scarce. Radiation, the dominant energy input for snowmelt, is strongly mod-
ulated by topography and vegetation and is often poorly captured in coarse-resolution
reanalyses. For instance, ERA5 (Hersbach et al., 2020) and ERA5-Land (Munoz-Sabater
et al., 2021) (31 km and 9 km resolution) are known to overestimate snow accumulation
and delay melt timing, partly due to their simplified single-layer snow scheme, wrongly
estimating temperature or precipitation. Thus the derived products are often hampered
by these propagated errors (Kouki et al., 2023).

Additionally, when dealing with remotely-sensed data it is noteworthy also to consider
that they are indirect retrievals of the variables of interest (e.g. electromagnetic radiation is
used to indirectly estimate land surface physical properties) and thus significantly affected
by uncertainty (De Lannoy et al., 2022).
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2.1.4 Snow data

Within hydrology-focused cryospheric studies, the availability of accurate snow data is as
important as snow modelling itself (Lievens et al., 2019). Changes in the snowpack influ-
ence ecological and geomorphological processes, as well as communities and socio-economic
systems (Revuelto et al., 2025). Reliable observations are therefore indispensable for ad-
vancing the understanding of snow dynamics and assessing their impacts on hydrological
processes (Viviroli et al., 2007). Moreover, high-quality datasets provide essential bench-
marks for evaluating model performance (Franz et al., 2008). Snow data could be catego-
rized into three main groups: short-, medium-, and long-range measurements (see Figure
2.7).

Figure 2.7: Categories of snow data: ground based measurements, remote sensing, satel-
lite observations and areal ones (Reinking et al., 2022).

In-situ measurements provide valuable information for capturing snow heterogeneity
at fine spatial scales (Pirazzini et al., 2018) and at short ranges. These observations are
typically acquired at high frequency, enabling accurate reconstruction of the temporal evo-
lution of the snowpack, particularly when recorded by Automatic Weather Stations (AWS,
Largeron et al. (2020)). Compared to remote sensing techniques, in-situ measurements are
generally less susceptible to environmental interferences such as cloud cover. The use of
wind shields and the application of undercatch corrections further reduce uncertainty in
solid precipitation measurements (Revuelto et al., 2025).

Among measured variables, snow depth (or height) is the most widely available and can
be monitored accurately and continuously in situ. Snow density, which exhibits lower spa-



CHAPTER 2. BACKGROUND 17

tial variability than snow depth (Lépez-Moreno et al., 2013), requires fewer measurements
but is subject to substantial uncertainties when derived from manual in-situ observations.
Direct measurements of SWE are rare and uncertain, similar to snow density. However,
SWE can be estimated by multiplying snow depth and density (Sturm et al., 2010).

However, in-situ measurements represent only point-scale information and cannot cap-
ture the full spatial variability of snow, which is strongly influenced by climate, terrain
heterogeneity, and the density of the observational network (Dong, 2018; Griinewald &
Lehning, 2014). Furthermore, snow-dominated regions are often remote, high-elevation,
and steep, making access difficult and limiting data availability (Fayad et al., 2017).

To obtain basin-scale snow cover observations, conventional non-invasive remote sensing
techniques have been widely used. These methods help address the undersampling inherent
to point-scale measurements, but they are constrained by relatively coarse spatial and
temporal resolution and by detection limitations when monitoring snow cover (Domine
et al., 2022).

A major breakthrough in snow science was the introduction of Light Detection and
Ranging (LiDAR, Deems et al. (2013)). Numerous studies have used terrestrial and air-
borne LiDAR to provide valuable information on snow depth distribution (Painter et al.,
2016). Terrestrial laser scanning allows spatially continuous mapping of snow depth over
hundreds of meters to kilometre scales, with centimetre-level accuracy, by differencing
snow-free and snow-covered surfaces (Revuelto et al., 2014). However, these methods are
expensive and typically provide only seasonal snapshots (Deems et al., 2013). Their con-
tinuous use is also limited by viewing geometry, long-term platform stability, and logistical
challenges associated with heavy instrumentation.

In certain regions, airborne sensors mounted on airplanes (e.g. the Airborne Snow Ob-
servatory (ASO) initiative, Painter et al. (2016)) have enabled detailed snowpack mapping
with spatial coverage approaching that of satellite platforms, however their cost remain
the major limitation factor.

In recent years, the decreasing cost and increasing reliability of Unmanned Aerial Ve-
hicles (UAVs) have driven rapid growth in UAV-based snow observations (Revuelto et al.,
2014). This development has opened new opportunities for characterizing snowpack vari-
ables. LiDAR has also recently been deployed on UAV platforms (Marsh et al., 2023).
Airborne and terrestrial LIDAR provide centimetre-level snow depth accuracy at regional
(medium-range) scales (Sheridan, 2019).

The wide variety of sensors that UAVs can now carry enables direct observation of SWE
and liquid water content Liquid Water Content (LWC) using Ground Penetrating Radar
(GPR) (Valence et al., 2022). However, UAV-based acquisitions have inherent uncertain-
ties, even under optimal conditions. For example, airborne GPR tends to overestimate
LWC and underestimate snow density (Dadrass Javan et al., 2024). Multispectral and
hyperspectral cameras mounted on UAVs can detect snow surface impurities, algae, snow
grain size, and albedo (Skiles et al., 2023). Yet, the influence of snow impurities on sur-
face darkening remains insufficiently constrained, introducing uncertainties in large-scale
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retrievals (Dumont et al., 2014).

UAVs offer many advantages, including flexible acquisition over large domains, rapid
data collection, and simplified experimental setups; snow depth can be reliably measured
even without ground control points (Eberhard et al., 2020). Nonetheless, recursive visits
are necessary to monitor temporal evolution, and UAV operations are subject to legal
restrictions on flight time, distance, and altitude, which vary by country.

Satellite observations overcome many of the limitations of in-situ measurements and
medium-range sensors (Gascoin et al., 2024) by enabling the monitoring of snow properties
over large and often inaccessible areas, particularly in high mountains and ungauged basins
(DeWalle & Rango, 2008). The most common snow-related variables retrieved from satellite
data include the snow cover area (Snow Cover Area (SCA)), the presence or absence of snow
in a pixel, and the fractional snow cover (Fractional Snow Cover (FSC)), which represents
the fraction of a pixel covered by snow (Rittger et al., 2013). The identification of snow-
covered surfaces from space relies on the interaction between snow and electromagnetic
radiation across different frequencies (Dong, 2018). Snow can be detected using microwave,
infrared, and visible remote sensing observations, largely due to its high albedo in the visible
spectrum (Dozier et al., 2009, 2016). However, visible and near-infrared imagery require
daylight and are hindered by cloud cover. Since clouds often exhibit reflectance similar
to snow, cloud-removal algorithms are needed (Gascoin et al., 2015). Near-infrared bands
improve the discrimination between snow and clouds (Dumont & Gascoin, 2016), yet forest
canopies, shading, and surface heterogeneity (e.g., glaciers) remain sources of uncertainty
(Webster & Jonas, 2018; DeBeer & Pomeroy, 2017). Microwave sensors play a key role in
large-scale snow monitoring. Passive microwave radiometers detect snow through reduced
natural microwave emission caused by scattering from snow grains, enabling both snow
detection and SWE retrieval (Rouzegari et al., 2025). These sensors operate independently
of daylight and most cloud cover but are limited by coarse spatial resolution (up to 25
km), sensitivity to wet snow and vegetation, and saturation in deep snow, making them
less effective in complex terrain.

Nowadays, several multispectral satellite missions provide operational visible and in-
frared data for snow monitoring. NASA’s Moderate Resolution Imaging Spectroradiometer
(MODIS), on board the Terra and Aqua satellites, was the first mission to provide daily
global coverage at 250 m resolution (Justice et al., 1998). MODIS measures radiation across
36 spectral bands and delivers SCA, FSC, and daily snow albedo products at 500 m reso-
lution, with near-daily coverage across mid- to high-latitudes (Justice et al., 2002). These
products rely on the Normalized Difference Snow Index (NDSI) (Wang et al., 2022a), which
exploits snow’s high reflectance in the visible and low reflectance in the shortwave-infrared,
combined with additional spectral and thermal filters to reduce classification errors.

The Visible Infrared Imaging Radiometer Suite (VIIRS), aboard the joint NASA/NOAA
Suomi National Polar-orbiting Partnership (Suomi NPP) and NOAA platforms (Murphy
et al., 2006), continues and extends the observational record established by MODIS and
NOAA’s Advanced Very High Resolution Radiometer (AVHRR). VIIRS collects visible and
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Figure 2.8: Aqua (EOS PM-1) (left) and Terra (EOS AM-1)(right) NASA satellite;
Images taken from Wikipedia (Wikipedia contributors, 2004).

infrared imagery of the Earth’s land, atmosphere, cryosphere, and oceans. Its snow cover
and sea ice algorithms were specifically designed to ensure compatibility with MODIS,
enabling long-term continuity and facilitating climate data record development across the
operational lifetimes of MODIS, VIIRS, and future missions (Rittger et al., 2021a).

The Copernicus Sentinel missions (Jutz & Milagro-Perez, 2020) from the the European
Union’s Earth observation programme, complement these datasets with a combination of
radar and optical observations.

Active microwave systems provide weather-independent observations with relatively
high spatial resolution, enabling applications such as snow cover mapping and wet snow
detection (Demil et al., 2025). They have also shown potential for snow depth retrieval
under specific conditions, particularly for dry snowpacks where radar backscatter is sen-
sitive to snow volume scattering, although performance may decrease in areas with dense
vegetation (Lievens et al., 2019).

Sentinel-1, the first mission in the series, consists of two sun-synchronous satellites
equipped with C-band Synthetic Aperture Radar (SAR) that provides day- and night-time,
weather-independent imaging at spatial resolutions as fine as 5 m and swath widths up to
400 km (Potin et al., 2012). Its dual-polarization capability and short revisit time support
long-term archives suitable for snow monitoring. Sentinel-1 C-band SAR backscatter is
sensitive to snowpack properties, particularly liquid water content, allowing the detection
of snow accumulation and melt, while higher frequencies have potential for SWE retrieval
(Torres et al., 2012). During melt, the backscatter coefficient typically decreases as water
increases dielectric loss and then rises again as meltwater drains and the snow structure
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evolves. Empirical and semi-empirical algorithms have been applied for estimating snow
depth. Validation studies in the Alps show strong correlation with in-situ data (r approxi-
mately 0.89), although errors of 20-30% may occur for deep snow or heterogeneous terrain.
Recent advances in snow depth estimation using Sentinel-1 SAR data have progressed from
temporal change-detection approaches, such as those implemented in the C-SNOW project
(Lievens et al., 2022), toward ML-based methods, that integrate SAR observations with
ancillary datasets such as topography, snow cover, and forest information. These ML-based
approaches enable estimation of snow depth at finer spatial resolutions (up to 100 m) across
the European Alps (Dunmire et al., 2024), improving retrieval performance compared to
traditional change-detection techniques.

Finally, Sentinel-1’s frequent revisit cycle (6-12 days), high geolocation accuracy, and
systematic acquisition strategy make it a key contributor to operational snow monitoring.

Figure 2.9: Sentinel-1 Satellite (ESA, 2024).

Sentinel-2 complements Sentinel-1 with high-resolution (10-20 m) multispectral opti-
cal imagery suitable for detailed snow cover mapping (Spoto et al., 2012). Its Level-2A
products enable monitoring of SCA, albedo, and fractional snow distribution, capturing
fine-scale spatial heterogeneity in alpine environments. Operational datasets such as the
Theia Snow product (Gascoin et al., 2019) combine NDSI with elevation to generate 20 m
snow /no-snow maps that generally agree well with observations, though underestimation
may occur in shaded or forested regions and cloud cover remains a limiting factor.

Sentinel-3 provides medium-resolution (~300 m) optical and thermal observations with
high temporal frequency (Donlon et al., 2012). Its Ocean and Land Colour Instrument
(OLCI) acquires radiance across 21 spectral bands, enabling retrieval of snow grain size,
broadband and spectral albedo, and specific surface area. The combined use of Sentinel-
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Figure 2.10: Sentinel-2 Satellite (Copernicus, 2025a).

2 and Sentinel-3 enables multi-scale snow monitoring, where Sentinel-2 captures high-
resolution spatial patterns and Sentinel-3 ensures frequent, wide-area coverage.

e ———— —
Figure 2.11: Sentinel-3 Satellite (Copernicus, 2025b).

Spaceborne lidar missions add an additional dimension by providing surface elevation
measurements along satellite ground tracks, enabling snow-depth estimation through dif-
ferencing between snow-on and snow-off elevations (Deschamps-Berger et al., 2020). The
ICESat mission (2003-2010) (Zwally, 2002), equipped with the Geoscience Laser Altime-
ter System (GLAS) lidar, sampled the surface every 170 m within a 70 m footprint and
achieved snow-depth retrievals with an RMSE of about 1 m (Treichler & Kaab, 2017).
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However, these were constrained to gentle slopes (< 10°) and were temporally sparse,
making them suitable mainly for seasonal or elevation-band averages. ICESat-2, launched
in 2018, represents a substantial improvement (Zwally, 2002). Its Advanced Topographic
Laser Altimeter System (ATLAS) uses photon-counting lidar to generate dense along-track
observations with about 0.70 m photon spacing and about 11 m footprints, and geoloca-
tion accuracy of 3—4 m (Neumann et al., 2019; Besso et al., 2024). Although the satellite’s
orbit prioritizes mid-latitude vegetation studies, complicating simple snow-on/snow-off dif-
ferencing, higher-level products such as ATL06 (20 m land ice elevation) and ATLO8 (100
m land surface and canopy height) have been adapted for snow-depth retrieval (Ender-
lin et al., 2022). ATLO8 performs well only for shallow snow (< 0.35 m) on very gentle
slopes (< 1.5°), whereas ATL0O6 has demonstrated promising results even in mountain-
ous terrain and glacierized areas (Enderlin et al., 2022). Combined with the increasing
availability of high-precision snow-free DEMs, ICESat-2 provides a valuable complement
to other satellite-based snow observation systems (Deschamps-Berger et al., 2023Db).
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Figure 2.12: [ICESat-mission and MABEL, Multiple Altimeter Beam Fxperimental Li-
dar(a high-altitude airborne laser altimeter de-signed as a simulator for ICESat-2, Brunt
et al. (2013)).

Lastly, it is worth nothing that the scientific community recognizes that there is no clear
evidence of substantial advantages in using one sensor over another for snow monitoring.
Consequently, the fusion of multiple data sources, including ground-based measurements,
remote sensing observations, and derived products, is widely considered the most reliable
approach for obtaining accurate snow estimates (De Gregorio et al., 2019).
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2.2 Data assimilation in snow hydrology

Given the uncertainties inherent in both models and observations, neither alone is suffi-
cient for reliable snow prediction (Girotto et al., 2023). Data assimilation (DA) provides a
statistical framework to optimally merge the two while explicitly accounting for their uncer-
tainties (Evensen et al., 2022). Unlike calibration, which is static and offline, DA operates
dynamically and online: it updates model states (and sometimes parameters) as new data
become available, thereby constraining trajectories to remain consistent with both physi-
cal laws and observations (Carrassi et al., 2018). In this way, calibration and DA should
be seen as complementary. Calibration defines plausible parameter ranges and ensures
structural realism, while DA continuously reduces forecast errors and corrects evolving
state trajectories, yielding physically consistent and statistically optimal snowpack esti-
mates (Magnusson et al., 2017). Lastly, according to Metref et al. (2023b), assimilating
snow data not only improves the representation of snowpack dynamics but also enhances
broader hydrological modelling, including seasonal streamflow supply prediction in moun-
tainous basins.

In this context, DA plays a key role in reducing the errors and uncertainties associated
with estimates of seasonal snow analysis and prediction (Ismail-Zadeh et al., 2023). By
optimally combining two complementary sources of information, the model and the obser-
vations, DA seeks to produce a statistically optimal and dynamically consistent estimate
of the evolving system state by weighting their contributions according to their respective
uncertainties (Carrassi et al., 2018).

2.2.1 A mathematical framework for data assimilation

The state of a hydrological model represents the configuration of the system at a given
timestep tx. In the context of snow hydrology, the problem of state estimation arises
when we seek to characterize the evolving condition of such a dynamical, discrete system
(Ismail-Zadeh et al., 2023).

The true state of the system is typically unknown, but it can be approximated through
the process known as analysis. Formally, the analysis step can be framed as an optimization
problem, where the objective is to minimize, on average, the discrepancy between the
estimated state and the (unknown) observational truth (Evensen, 2003). To achieve this,
DA combines two complementary sources of information: the model dynamics and the
observation process (Carrassi et al., 2018).

The discrete model can be described as :

Try1 = M(zk, A, up) + i1 (2.1)
where:

e x; € R" is the model state at time k,
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e )\ € RP is the model parameter vector,

e M : R"™ — R™ are the model equations (the hydrological system),

® 7);11 is the model error at time k + 1, represented as an additive stochastic term.
e wuy is the external forcing vector at time k.

The model provides an a priori, or background state, which is an estimate of the
true system state. Since model error accounts for uncertainties related to both the model
structure and the forcing data, it is generally state-dependent and unknown. For this
reason, it is statistically represented as a stochastic perturbation.

The noisy observations available at discrete times are described as

yr = H(xy) + €, (2.2)
where:
o Yy € R™ is the observation vector at time k,
e H: R"™ — R™ is the observation operator mapping model space to observation space,
e ¢ is the observation error at time k, modelled as an additive stochastic term.
Two main DA approaches can be distinguished:

e Non-sequential assimilation: all available observations within a predefined as-
similation window are used simultaneously to estimate the system state. This ap-
proach may include observations that are temporally ahead of the current analysis
time, provided they fall within the assimilation window, implicitly assuming that
all observations over the window are already available. Non-sequential methods are
typically formulated within a variational framework (e.g., 3D-Var and 4D-Var) or
using smoothing approaches. In both cases, the system state (now the entire trajec-
tory) is optimized to achieve the best overall fit to both the model dynamics and the
observations (Montiforte et al., 2024; Carrassi et al., 2018).

e Sequential assimilation: observations are assimilated as soon as they become avail-
able, and only past and current observations can be used to update the model state.
This class of methods, which includes filtering approaches such as the Kalman Fil-
ter and its variants, propagates the state estimate forward in time and is therefore
particularly well suited for real-time and operational applications (Piazzi et al., 2021).

Sequential DA, also known as filtering, has gained significant attention because it pro-
vides a flexible framework for explicitly accounting for different sources of uncertainty
(Gong et al., 2023a). A key advantage is its ability to process data sequentially as it be-
comes available, under the assumption that observations can only influence future model
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states (Piazzi et al., 2018a). Additionally, sequential DA schemes satisfy the technical re-
quirements for operational use; indeed, in sequential assimilation, whenever observations
are available, the analysis step updates the first-guess model state by incorporating the
observation vector (Piazzi et al., 2021). If every degree of freedom were observed, this
vector would coincide with the state vector. In practice, however, the number of observa-
tions is typically much smaller than the number of state variables. To bridge this gap, the
observation operator H is introduced, mapping the model state space to the observation
space. This operator generates model equivalents of the observations, thereby enabling
their assimilation.

The analysis problem can be mathematically formalized within a Bayesian framework.
Bayesian probability allows uncertainties to be represented by probability density functions
(PDFs) describing error statistics (Evensen et al., 2022). The goal is then to estimate the
posterior distribution of the unknown process «, conditioned on observations y, expressed
as:
p(ylz)p(z)

ply)

This approach does not attempt to invert the observation process (i.e., reconstructing
the model from the data), but instead updates the prior distribution using the newly
available information (Evensen et al., 2022).

For the application of this Bayesian approach, some assumptions are typically made:

p(zly) = (2.3)

e The dynamical model is a first-order Markov process, i.e., the state oy depends
only on xy.

e Measurements are independent in time and mutually independent, with uncorrelated
errors.

Given these assumptions, information about the system state can be recursively up-
dated from observations using Bayes’ law. Suppose the posterior PDF at time k, p(xk|yx),
is known. Using the system model, the prior PDF of the current state can be obtained
through the Chapman—Kolmogorov equation:

p(@rsilye) = / p(@r|2) plaelye) dacs. (2.4)

In the prediction step, the forecast PDF is obtained from the transition model. When
a measurement y; becomes available, it is used to update the forecast via Bayes’ rule:

P(@pi1|Ykt1) X D(Yrt1|Tri1) P(Tri1|Y)- (2.5)

In the update step, the prior PDF is combined with the likelihood of the new observa-
tion to obtain the posterior distribution of the state. This recursive formulation constitutes
the Bayesian solution to the state estimation problem (Carrassi et al., 2018). The goal of
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the analysis is to find the maximum of the conditional PDF p(xy|yx), given the observa-
tions.

In high-dimensional systems, however, evaluating Bayes’ law directly is infeasible due
to the multidimensional integration of the forecast density. To overcome this, common
approaches target either the mean (minimum squared-error estimator) or the mode (max-
imum a posteriori estimator). Further assuming Gaussian PDFs yields computationally
efficient solutions, as the state distribution can then be fully described by its mean and
covariance matrix (Evensen et al., 2022).

Historically, DA in snow hydrology has often relied on relatively simple heuristic ap-
proaches. Despite their limitations, these approaches have nonetheless led to noticeable
model improvements (Ismail-Zadeh et al., 2023). Commonly used approaches include di-
rect insertion and rule-based adjustments. A representative example is the nudging, or
Newtonian relaxation scheme, employed in the DA component of S3M (Avanzi et al.,
2022a). In this method, the model state is gradually adjusted towards the observations
by relaxing the residual between the simulated and observed variables (Boni et al., 2010).
Similarly, Viallon-Galinier et al. (2020) reduced model errors through direct insertion of
observed snow stratigraphy into a multilayer snow model. However, while these empirical
approaches are computationally efficient and can improve model performance, they rely on
strong assumptions such as that the model is the sole source of error and that observa-
tions are either perfect or can be incorporated deterministically. These assumptions often
limit robustness and can even degrade performance, highlighting the need for methods
with a rigorous probabilistic framework. This has motivated the development of advanced
ensemble- and particle-based DA methods capable of approximating forecast and posterior
probability distributions in high-dimensional systems. Indeed, with advances in compu-
tational capacity and the increasing availability of satellite products (Houser et al., 2012;
Aalstad et al., 2018; Deschamps-Berger et al., 2023a; Lievens et al., 2022; Mazzolini et al.,
2024), DA in snow hydrology is progressively converging towards statistically grounded
techniques (Largeron et al., 2020; Girotto et al., 2020; Alonso-Gonzélez et al., 2022).

A review by Helmert et al. (2018) highlighted the most widely assimilated categories of
data: snow-covered area (SCA) (Margulis et al., 2016), snow depth (Girotto et al., 2024)
and SWE (Magnusson et al., 2014). Among state variables, snow depth and SWE remain
the most frequently assimilated. At the same time, the scientific community is increas-
ingly investigating the potential of assimilating thermal infrared data and active/passive
microwave radar products, which can be transformed into snow-related state variables
(Alonso-Gonzalez et al., 2023a; Cluzet et al., 2024; Largeron et al., 2020).

Building on Bayesian and sequential frameworks, recent developments have focused
on statistical assimilation schemes, notably the Ensemble Kalman Filter (EnKF) and the
Particle Filter (PF). A detailed description of these methods is provided in the appendix.
Smoothers are not discussed here, since the focus is on sequential DA in near-real-time
scenarios.
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2.3 A new modelling approach for snow hydrology: Al en-
hanced solutions

The aforementioned ensemble-based (Monte Carlo) DA techniques, while powerful, face
specific challenges in operational snow hydrology, where rapid turnaround is required for
timely forecasts and monitoring updates. In these settings, running large ensembles of
model predictions can substantially increase computational demands, particularly across
the extensive and complex domains typical of mountain hydrology (Evensen et al., 2022).
Beyond computational considerations, ensemble methods are sensitive to model and obser-
vation uncertainties and may struggle to fully capture the non-linear and spatially hetero-
geneous nature of snow processes (Piazzi et al., 2018b; Odry et al., 2022). Their effective
use is further complicated by the growing volume of remote sensing observations and by
the scarcity of dedicated, well-funded snow-focused remote sensing missions suitable for
large-scale operational applications (Gascoin et al., 2024).

These factors can limit the implementation of ensemble-based techniques in real-time
applications (Sabzipour et al., 2023), highlighting the need for efficient algorithms and
robust computing infrastructure to deliver accurate and timely results. In this context, is
worth mentioning the work of Oberrauch et al. (2024) which addresses the implementa-
tion of a particle-based DA scheme for large-scale, fully distributed, near real-time snow
modelling, effectively balancing computational feasibility with operational efficiency.

Moreover, the increasing availability of large and diverse datasets—from in-situ mea-
surements to high-resolution satellite products—introduces additional challenges, requir-
ing complex preprocessing, quality control, and harmonization procedures (Mhangara &
Mapurisa, 2019). These steps are computationally intensive and can become major bot-
tlenecks in both research and operational environments. Reducing these computational
requirements would enable shorter turnaround times and/or increased model complexity
without additional computational burden.

Nevertheless, accurately assimilating snowpack states remains challenging for several
reasons. First, the common assumption of unbiased, normally distributed model-state er-
rors is often violated for cumulative variables such as snow depth (Dunmire et al., 2026a).
Second, the number of state variables can vary in space and time, particularly when multi-
ple snow layers are considered, and many relevant state variables remain unresolved in the
model (Bakketun et al., 2026). Third, the inherent nonlinearity and spatial heterogeneity
of snow processes complicate the representation of uncertainties, limiting the effective-
ness of traditional ensemble-based approaches under certain conditions (Terzago et al.,
2020). Finally, the sparse spatial coverage of snow depth observations relative to model
grid scales challenges the propagation of information within DA frameworks, necessitat-
ing sophisticated methods to distribute observational information across unobserved areas
(Alonso-Gonzalez et al., 2023Db).

These limitations underscore the need for new modelling strategies that combine the
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physical interpretability of traditional snow models with the flexibility and computational
efficiency required to exploit large, heterogeneous datasets.

In this context, Al offers a powerful complementary framework (Gacu et al., 2025); the
term Al refers to a broad family of technologies that enable machines to mimic human
cognitive functions such as problem-solving, reasoning, learning, and generalization from
past experience (Hunt, 2014). Since its introduction into Earth sciences in the late 20th
century (Sun et al., 2022), Al has attracted growing interest for its ability to match, and
in some cases outperform, traditional physics-based models across a wide range of appli-
cations (Nema & Nagashree, 2024). On the other hand, it is important to note that such
performance gains are typically observed in data-rich contexts; in data-scarce domains,
such as groundwater studies, Al models may struggle to provide reliable predictions, re-
quiring scientists to combine AI with traditional physically-based approaches or develop
novel hybrid methodologies (Borzi, 2025).

AT has prompted a paradigm shift in Earth system modelling, moving from conventional
process-based approaches, rooted in physical understanding, to data-driven approaches
(Maity et al., 2024). In this paradigm, data are placed at the core of the modelling process:
models are trained directly on observations to uncover patterns and relationships without
explicit reliance on predefined physical laws.

In the broader context of catchment hydrology, the potential of Al is well established
(De la Fuente et al., 2024; Wang et al., 2022b; Di Nunno et al., 2023; Chu et al., 2021), with
early applications dating back to the late 1990s and early 2000s (Buch et al., 1993; Smith &
Eli, 1995; Toth et al., 2000). However, progress in snow hydrology has been comparatively
slower, largely due to the limited availability and sparse distribution of observational data.
This gap is now narrowing, thanks to recent advancements in satellite remote sensing, large-
scale data repositories, and ML techniques (Liu et al., 2020a; Chen et al., 2021a; Dunmire
et al., 2024; Moghaddasi et al., 2025). These developments are paving the way for new
Al-based modelling approaches capable of efficiently managing vast datasets, assimilating
diverse sources of information, and improving the representation of snow processes across
scales.

Looking forward, there is broad consensus in the hydrological community that AI will
play a transformative role in shaping the future of the discipline. Indeed, Shen et al.
(2021) emphasize that ML applications should extend beyond niche use cases to encompass
uncertainty quantification, process understanding, and integration with physical models.
They highlight the need for close collaboration between hydrologists and data scientists
to address key challenges of interpretability, scalability, and robustness. Pursuing these
directions would not only improve predictive accuracy but also foster open and reproducible
science, promote interdisciplinary collaboration, and generate actionable insights for water-
related challenges under climate and societal change (Shen, 2018; van Hateren et al., 2023).

Despite these advances, important challenges remain. Al-based approaches are often
criticized for their “black-box” nature, which hinders interpretability and limits trust in op-
erational settings. Moreover, purely data-driven models can struggle under non-stationary
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conditions, such as those imposed by climate change, or when extrapolating beyond the
conditions observed during training (Naghibi et al., 2017; Reichstein et al., 2019a). To
overcome these limitations, recent research has increasingly turned toward hybrid mod-
elling frameworks that integrate physical knowledge with ML. These approaches not only
enhance predictive skill and interpretability but also provide a promising pathway toward
next-generation snow hydrological models capable of efficient data assimilation, large-scale
automation, and physically consistent learning. A description of machine learning (ML)
and deep learning (DL) concepts is also provided in the appendix.
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2.4 Research questions

In recent years, hydrological sciences have witnessed a rapid expansion of Al applica-
tions. Snow hydrology, in particular, is benefiting from the increasing availability of high-
resolution snow observations and the growing interest in data-driven approaches (Steele
et al., 2024). Despite this momentum, the literature still lacks well-documented case stud-
ies, especially those targeting operational settings where robustness, computational cost,
and transferability are essential (Slater et al., 2025) .

This gap motivates the investigation of how Al can be effectively integrated with tra-
ditional physics-based models to enhance snow-related hydrological predictions (Elyoussfi
et al., 2025b). Rather than replacing physically based models, current research increasingly
points toward hybrid approaches in which Al complements physics by improving compu-
tational efficiency, leveraging large datasets, and supporting operational decision-making
(Reichstein et al., 2019Db).

Building upon this perspective, the overarching goal of this research is to evaluate
whether and how AI can strengthen operational snow hydrology workflows. Specifically,
the work aims to:

e Assess whether Al can reduce computational and human-resource costs, particularly
in workflows that rely on large, high-dimensional meteorological and snow datasets.

e Evaluate the ability of AI models to handle iterative, non-generalized, and site-specific
tasks, ensuring that their performance is robust, interpretable, and transferable across
different hydrological domains.

e Identify the benefits and limitations of coupling Al-based emulators with physics-
based models, with a focus on their potential to accelerate operational applications
such as snow monitoring and forecasting.

To address these objectives, the research focuses on two core components that are fun-
damental for operational snow hydrology: data preprocessing and data assimilation. These
topics do not aim to be exhaustive; rather, they serve as key benchmarks illustrating how
physically based modelling can be reinforced by Al without sacrificing physical consistency.

The following chapters present three case studies that exemplify this integrated per-
spective:

e A machine-learning-based quality control (QA/QC) procedure for snow and meteo-
rological datasets.

e A neural-network-based DA emulator in a one-dimensional (1D) framework.

e An extension of the DA emulator to a fully two-dimensional (2D) domain, bridging
physics-based modelling with AT tools for operational snow hydrology.



CHAPTER 2. BACKGROUND 31

Collectively, these case studies highlight the potential for enhanced Al-based solutions
within snow hydrological modelling frameworks and contribute to advancing Al-physics
hybridization in the field.



Chapter 3

Machine learning-based algorithm

for QA/QC

When working with Al the performance of a model strongly depends on the quality of
the input data (Mohammed et al., 2025). A substantial portion of the time required to
develop such algorithms is therefore devoted to data processing and quality control. This
consideration applies not only to Al-based systems but also to hydrological and snow-
hydrological models in general (Pagano et al., 2014).

In the context of snow modelling, noise sources in high-resolution snow-depth data
severely limit their automatic use, both in DA and model evaluation, ultimately affect-
ing water management, hydrological forecasting, and emergency preparedness. In par-
ticular, snow-depth measurements obtained from ultrasonic sensors are often affected by
snow—grass ambiguity and random noise. At the same time, the growing volume of available
data makes non-replicable, time-consuming, and error-prone visual screening procedures
increasingly impractical.

Al itself, however, can serve as a powerful tool to accelerate and enhance data quality
improvement processes (Yasin & Khorsheed, 2025). In this chapter, I present the results of
a quality assessment and quality-checking procedure developed using a Random forest al-
gorithm. The outcomes of this work were published in The Cryosphere (2023) in the paper
titled “A Random forest approach to quality-checking automatic snow-depth sensor mea-
surements” (Blandini et al., 2023). Here, these results are reorganized and contextualized
to align with the main thesis presented in this manuscript.

3.1 General context

Environmental technologies have made it possible to easily gain new information, even in
real time, with an increasing quantity of data made available from remote sensing, and more
sophisticated ground sensors. However, high resolution data of snow come with a variety

32
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of noise sources that make Quality Assurance and Quality Control (QA/QC) indispensable
to use such data in snowpack modelling (Avanzi et al., 2014; Bavay & Egger, 2014b). A
recurring case in this context are snow-depth data, with two frequent noise categories:
(1) snow vs. grass ambiguity, due to snow depth ultrasonic sensors detecting not only
snow cover but also plant/grass growth in spring and summer (Vitasse et al., 2017), and
(2) random errors (e.g., spikes, anomalous data points that protrude above or below an
interpolated surface).

Traditionally, in the field of snow cover and snow depth monitoring, QA /QC procedures
have been carried out by visual inspection, heavily depending on subjective expert knowl-
edge (Robinson, 1989). While expert-knowledge QA/QC is arguably the most reliable
approach to data processing, these practices are not easily reproducible or transferable,
and highly time-consuming (Fiebrich et al., 2010). In this context, QA /QC with regard to
grass detection is often based on static climatological or minimum-snow-depth thresholds,
while random errors are generally detected based on maximum-snow-depth thresholds or
criteria based on signal variance (Avanzi et al., 2014). An exception in this regard is the
approach implemented by the Swiss MeteolO algorithm for grass detection, which how-
ever requires information on surface snow temperature, ground surface temperature and
radiation (Bavay & Egger, 2014b).

In view of this knowledge gap, Jones et al. (2018) highlight the burden of subjectivity
that may affect overall data quality and comparability, stressing how even expert scientists
are not immune to mistakes, especially if performing recurrent unguided quality checking
procedures. As explained by Schmidt et al. (2018), automatic environment data quality
control literature is still fragmented, with heterogeneous applications. It is clear then the
necessity for a quality checking procedure that ought to be defined through common and
iterable guidelines to guarantee repeatability and consistency (Jones et al., 2018).

Considering the ever growing volume of data and the limitations arising from traditional
QA/QC procedures, here I follow intuitions from Schmidt et al. (2018) and propose the
use of ML to automatically quality check high-resolution snow-depth sensor data from
ultrasonic sensors. The choice of MLL was driven by its efficiency in dealing with big
data sets and as a valid reinforcement of traditional analytic tools (Ferreira et al., 2019).
Moreover, ML techniques may also be able to handle different data formats more easily that
traditional statistical tools, while they better deal with combination of features that are
a-priori unknown to the developer (Zhong et al., 2021). The development of this QA/QC
algorithm was guided by three main research questions: (i) what is the accuracy of a
Random forest classifier algorithm in automatically performing QA/QC of near-surface
snow depth observations? (ii) is the approach transferable to untested regions and, if so,
what is the potential drop in performance? (iii) how do meteorological conditions influence
model performance and the Random-forest decision process?
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3.2 Data

To develop, test and validate the MIL-based QA /QC algorithm, two different datasets were
used: a dataset with 18 years of already classified snow-depth data at 43 locations from
Aosta Valley, which was used as intensive study domain to develop the algorithm, and 3
years of data from 27 snow-depth sensors across the rest of Italy, which were used to test
the generalization and transferability of the algorithm in time and space.

3.2.1 Training and test dataset

Aosta Valley is located in the northwest Italian Alps (Figure 3.1). The region includes
some of the highest peaks in the Alps (Mont Blanc - 4808 m asl, Monte Rosa - 4634 m asl,
Mount Cervino - 4478 m asl, and Gran Paradiso - 4061 m asl). While some of these peaks,
such as Mont Blanc, are inner-Alpine, others, such as Monte Rosa and Gran Paradiso,
overlook the Pianura Padana and thus are more exposed to maritime conditions (Sturm &
Liston, 2021b). This generates marked precipitation-regime discrepancies, hence climatic
differences and different snow regimes, across the region (Avanzi et al., 2021b). Despite
being a comparatively small mountainous region, the climate variability and the abundance
of already classified snow measurements were the reasons that led us to the choice of this
area as training domain.

The Aosta-valley data-set consists of hourly snow depth measurements from 43 ultra-
sonic sensors (precision in the order of a few cm, Figure 3.1, (Ryan et al., 2008)), provided
by the regional Functional Center of the National Civil Protection Department. The period
of record goes from August 2003 to September 2021, thus covering a variety of snow seasons
across 18 years of data (Avanzi et al., 2023). The elevation range of these sensors goes
from 545 m to 2842 m asl, with an average elevation of 2007 m asl that is representative
of average elevations across the Italian Alps where the bulk of sensors are located (Avanzi
et al., 2021b).

Each data record in this dataset was subject to visual screening by expert hydrologic
forecasters during periodical QA/QC manual data processing, with the goal of discrimi-
nating random and systematic errors from actual snow depth measurements. This manual
processing follows well established practice in the field, including crosschecking with con-
current weather (e.g., air temperature, precipitation, relative humidity) and nearby sensors
(Avanzi et al., 2014, 2020b). As a result, each datapoint came with a quality code (Table
3.1): data with code 0 or 1 are valid snow cover data; codes 2 or 4 are for missing data
reconstructed from trends or aggregated from different time resolutions; codes 8 and 16 are
grass or bare ground; code 32 denotes reconstructed grass data; codes 64 to 256 denote a
variety of flags for random and instrumental errors; codes 1024-1032 refer to data classified
as invalid after a preliminary procedure based on fixed thresholds (introduced in 2018).
While the dataset includes some reconstructed data, these are only 0.03% of the whole
dataset, which means they do not affect the analyses.
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Figure 3.1: Considered snow-depth sensor data across Aosta Valley (see the bottom-
left corner for the location of this study region in Italy). The two snow-depth sensors
of Valpelline-Chosoz and Cogne-Lillaz were used in section 4.3. The histogram in the
bottom-right corner of this figure reports the frequency distribution of the elevation of the
Aosta-Valley sensors.

In this work, the number of classes was reduced to 3 by aggregation: correct snow depth,
identified with code “0”, grass or bare ground, identified with code “1”, and random errors,
identified with code “2”.

3.2.2 Validation dataset

The validation dataset across the rest of Italy comprises hourly data from 27 ultrasonic
depth sensors, randomly chosen among the ~300 Italian automatic snow-depth sensors
available outside Aosta Valley. These 27 snow-depth sensors were chosen based on a
geographical-diversity criterion to guarantee heterogeneity, especially with regard to the
Aosta Valley data (Figure 3.2). This second dataset include data from 3 years: 2018, 2020
and 2022, which were chosen due to their significantly different accumulation patterns
(deep snowpacks in 2018, somewhat average snowpacks in 2020, and extraordinarily low
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Code Data type % of total Code Data type
Oor1 Valid snow data 46.43%
2 Qualitatively (aggregated) valid snow data < 0.01% 0 Snow data
4 Reconstructed missing snow data 0.03%
8 or 16 Grass/bare ground data 49.20 % 1 Grass/bare ground data
32 Reconstructed missing grass/bare ground data 0.01%
64-72 Random error, invalid data 3.95%
128 Calibration error 0.02% 2 Errors
256 Maintenance error 0.03%

1024-1032 Rejected data based on climatological thresholds 0.34%

Table 3.1: Snow depth data classification system developed by the Functional Center of
Aosta Valley.

snowpacks in 2022, see Avanzi et al. (2023)). No prior processing was available for these
data, thus I proceeded with a manual classification to assign codes as in Table 3.1. The
procedure included visual screening, checks on seasonality to detect snow vs. grass, and a
comparison with measurements from nearby sensors (Avanzi et al., 2014, 2020b).

Italy (approximately 301 x 103 km?) is a topographically and climatically complex
region. Its main mountain chains, the Alps and the Apennines, are among the highest
peaks in Europe. Partially snow-dominated regions like the Po river basin or the cen-
tral Apennines have high socio-economical relevance (Group, 2021). The Italian climate
presents a considerable variability from north to south. According to the Képpen-Geiger
climate classification (Beck et al., 2018), in the Alps the climate is humid and continen-
tal. Central Italy, alongside the Apennines chain, is characterized by a warm, temperate,
Mediterranean climate with dry, warm summers and cool, wet winters. In Southern Italy,
where the climate is still a warm temperate, Mediterranean climate, winters are mild, with
higher humidity and higher temperature during summer. Concerning snow-cover distribu-
tion, accumulation across the Alps is generally higher and more persistent than across the
Apennines, where it is spatially more limited and more variable from one season to the
others (Avanzi et al., 2023). Rivers draining from the snow-dominated Alps and a handful
of basins draining from central Apennines host the vast majority of snow water resources
across the Italian territory. In particular, the Alpine water basins host nearly 87% of Ital-
ian snow. The central Apennines, accumulate about 5% of the national mean winter SWE
, leaving the remaining 8% — 9% scattered across the remaining basins over the territory.
Intraseasonal melt, expected in a Mediterranean region, is a common feature in sites where
cold-alpine and maritime snow types coexist like the Apennines (Avanzi et al., 2023).

3.3 Methodology

Among all ML approaches, I chose Random forest due to its benchmarking nature as well
as its simplicity of use (Tyralis et al., 2019), as proven by an increasing number of studies



CHAPTER 3. MACHINE LEARNING-BASED ALGORITHM FOR QA/QC 37

A Snow Stations 8 10 12 14 16 18
[J Administrative contours

Elevation m ASL Sauris di Sopra
Band 1 (Palette) 7 2
=27 S0 £ i,
%

271-541 46
541-812
812-1082
1082-1353
771 1353-1623
[ 1623-1894
[0 1894-2164
I 2164-2435
I 2435-2705
B 2705- 2976
W 2976-3246
Il 3246-3517
I 3517-3787
B >3787
ESRI Terrain 40

2 |
1 ‘ ‘ 8 10 12 14 16 18
Al !

1000 1500 2000 2500
Elevation (m)

46

ago Pratignano

44 44

Monte Cucco

42 42

40

38

Figure 3.2: Considered snow-depth sensor data across the rest of Italy. Bottom left:
frequency distribution of the elevation of these sensors. Three black arrows indicate the
location of three snow-depth sensor used in section 3.4.5.

proving the effectiveness of Random forest as classifier or regressor algorithm. For instance,
Desai & Ouarda (2021) developed a flood frequency analysis based on Random forest,
which proved to be equally reliable but more efficient than more complex models; Park
et al. (2020) developed a Random forest classifier for sea ice, using Sentinel-1 data; Random
forest proved to be efficient in big data environments (Liu, 2014); recently, Ponziani et al.
(2023) proved the efficiency of Random forest over other ML algorithms, developing a
predictive model for debris flows that could be experimentally implemented in the existing
early warning system of the Aosta valley. In the context of snow data, Meloche et al.
(2022) proved the ability of a Random forest algorithm to predict snow depth distribution
from topographic parameters with a root mean square error of 8 cm (23%) in western
Nunavut, Canada. In particular, the algorithm object of the present study is a Random
forest classifier, an ensemble classifier based on bootstrap aggregation and random features
selection.

3.3.1 Random forest algorithm

A Random forest is an ensemble of decorrelated decision trees that are let growing and
voting for the most popular class (Breiman, 2001). The growth of each tree in the ensemble
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is governed by randomness, proved to be a performance enhancer. Randomness is given
by two randomization principles: bagging and random feature selection. According to the
bagging principle, a large number of relatively uncorrelated trees, each built using a split
sample of n dimensions retrieved from the entire training dataset of size m, operate as a
committee; this ensemble is proven to outperform any of the individual constituent trees.
Therefore, the class definition, made by averaging the scores of each tree, is mildly affected
by the weight of misclassification done by less performant trees. Furthermore, instead of
splitting a node searching the most important feature (i.e., predictor), a Random forest uses
the best one among a random subset of features, performing random feature selection, thus
increasing the performances. Randomness injection minimizes correlation across trees and
reduces variance and overfitting, increasing stability (Breiman, 2001). The algorithm was
implemented using Scikit-learn Version 0.20.1, a Python software programming platform,
using the class RandomforestClassifier.

3.3.2 Training strategies

To train the Random forest, the Aosta Valley classified dataset was used. Based on data
frequency (Figure 3.3), this is a typical imbalanced dataset where class distribution is
skewed or biased towards one or few classes in the training dataset (Kuhn et al., 2013).

In this framework, data belong either to majority or minority classes. The majority
classes are the classes with a larger number of observations, while the minority classes
are those with comparatively few observations. In this case, the number of data classified
as random errors (code 2) is significantly lower than the number of data from category 0
(snow height) or category 1 (grass/bare ground). Thus, classes 0 and 1 were defined as
majority class, while class 2 was defined as minority class.

Class imbalance can severely affect the classification performance (Ganganwar, 2012;
Ramyachitra & Manikandan, 2014), and therefore requires a pre-processing strategy. To
this end, acknowledging the work of Ponziani et al. (2023) in which no clear evidence of
outperformance of any such strategy was shown, an oversampling of the minority class was
performed by selecting examples to be duplicated and then added to the training dataset;
to this end it was used the class RandomOversampler from the package Imbalanced-learn
version 0.8.1. To decrease the computational effort that may have stem from this oversam-
pling procedure (Branco et al., 2016), a representative sample of 1.3x10% measurements
was taken from the entire dataset prior oversampling of the minority class for Random for-
est training. This sample was proven to be representative of the entire dataset distribution
(approximately 5.5x10° datapoints), by performing a two-sample Kolmogorov-Smirnov
test, with a significance level equal to 0.05.

After the oversampling procedure, a sample of 1.9x10° over-sampled measurements
(including both the majority and the oversampled minority classes) was used to train the
Random forest. From the remaining, not oversampled dataset, an independent test sample
of 4.8x10° measurements was randomly selected. As a result, a train-test split share of
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Figure 3.3: Aosta-Valley data subdivision into classes.

80% training 20 % test was used, in agreement with current standards in ML problems
(Harvey & Sotardi, 2018).

When dealing with an imbalance classification, standard evaluation criteria focusing on
the most frequent classes may lead to misleading conclusions, because they are insensitive
to skewed domains (Branco et al., 2016). For example, accuracy, which is defined as the
number of correct predictions over total number of predictions and is a frequently used
metrics for classification problems, underestimates the importance of the least represented
classes when compared with the majority classes, as it does not take into account data
distribution. Adequate metrics need to be used not only for model validation, but also
for model selection, given that accuracy scores may ignore the difference between types
of misclassification errors, as they seek to minimize the overall error. A good metric
for imbalance classification must consider overall data distribution, giving at least same
importance to misclassification in both majority and minority classes.

In this paper, it was thus used the F-measure (Van Rijsbergen, 1979), that is, the
harmonic mean of precision (measure of exactness), defined as the number of true positives
divided by the total number of positive predictions, and recall (measure of completeness),
defined as the percentage of data samples that a ML model correctly identifies as belonging
to a class of interest out of the total samples for that class.

The harmonic mean is the reciprocal of the arithmetic mean and tends to mitigate the
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impact of large outliers, while aggravating the impact of small ones since it tends strongly
toward the least represented elements.
Fjp (the so-called F-measure) is defined as:

(1 + B)? x recall x precision

Fs =
g B2 x recall + precision

(3.1)

It was set 8 = 1 to give equal importance to precision and recall.

As a reference, Fj scores in the range of 0.8-0.9 can be considered optimal. Scores
between 0.6 and 0.8 indicate good performance, whereas values below 0.5 are generally
considered poor (Van Rijsbergen, 1979).

The metrics of precision and recall were used to characterize the performance of the
Random forest for each class separately. Then macro-averages of both measures were
computed to characterize the multi-class performance. A macro average is the arithmetic
mean computed giving equal weight to all classes, and is used to evaluate the overall
performance of the classifier.

The performances of the trained Random forest algorithm were tested on the 20% test
dataset, using the model in prediction and comparing model’s classification with that by
the expert forecasters. Validation was also performed by applying the final algorithm on
the 3 years of data from the rest of Italy (Section 2.2).

A collection of meteorological, topographic, and temporal variables, known to influence
snow accumulation and melt, were chosen as candidate predictors (features) of the Random
forest, thus mimicking the decision process made by experts when assigning a classification
code. These features include snow-depth values themselves, elevation, aspect, concurrent
air temperature, incoming shortwave radiation, total precipitation, wind speed, relative hu-
midity, and the day of the year. Feature values were extracted for each datapoint in both
the Aosta Valley and the rest-of-Italy samples, using available geographic information and
weather maps operationally developed by CIMA Research Foundation (see Avanzi et al.
(2021b) for Aosta Valley and Avanzi et al. (2023) for other Italian data). The datasets con-
sist of spatially distributed meteorological fields derived from in situ observations, remote
sensing products, and statistical spatialization, provided at hourly resolution. Operational
checks are performed to detect and fill gaps caused by station malfunctions or transmission
failures. Precipitation fields are generated using GRISO, a modified conditional merging
method that combines gauge observations (approximately 1 station per 100 km?) with
radar data (Avanzi et al., 2023). GRISO estimates the spatial covariance for each gauge
and hour, dynamically adapting to radar information. The resulting precipitation fields,
with a spatial resolution of 1 km?, have a median root mean square error RMSE below
1 mm for 70 benchmark heavy precipitation events in Italy (2011-2014). Orographic cor-
rections are applied using lapse rates derived from rain gauges and over 11,000 snow course
measurements in the Aosta Valley. Air temperature, solar radiation, and relative humidity
are derived from station observations and spatialized at approximately 1 km (temperature)
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and 500 m (radiation and humidity). Temperature fields are generated via hourly linear
regressions with elevation within meteorologically homogeneous regions, applied to a 200
m DEM originally derived from 20 m Istituto Superiore per la Protezione e la Ricerca Am-
bientale (ISPRA) data. Static geographical data, such as glacier extent, are incorporated
from version 6.0 of the Randolph Glacier Inventory.

A feature importance analysis was also performed. Importance was calculated using
the attribute ”feature importance” of the class Randomforestclassifier in sklearn.ensemble
(Pedregosa et al., 2011). The ranking is driven by each feature contribution to a decrease
in impurity over trees.

A set of hyper-parameters were optimized through a combination of automatic, random
searching and further manual tuning to reduce overfitting, yet ensuring good F'1 score and
reliable training time on Aosta Valley dataset. The parameters that were tuned in this work
were the number of estimator (namely, the number of trees in the forest), the maximum
depth (namely, the maximum number of levels in each decision tree), the minimum sample
leaf (namely, minimum number of data points placed in a node before the node is split),
and the minimum sample split (namely, minimum number of data point needed to split an
internal node). Others default hyper-parameters were not modified.

In addition to the general training strategy above, a Random forest algorithm was also
trained using the Valle D’Aosta dataset separately for each year, with 80% of the data
used in training and then an out-of-bag validation with the remaining 20% of the same
year data. The aim of this further test was to investigate the possible correlation between
the performance of the classification by the Random forest algorithm and annual weather
characteristics. For each year, the F1 score on the test sample was analyzed against annual
mean values of features used for the classification, computing correlation factors.

Finally,the classification results was mapped as a function of feature values to shed light
on the decision process taken by the Random forest in classifying snow vs. grass/ground
vs. random errors and how they relate with the original classification by operational
forecasters.

3.4 Results

3.4.1 Training and test performances: Aosta Valley

The macro-averaged F1 score of classification for the Aosta Valley dataset during testing
phase was 0.96, with a precision value of 0.97 and a recall of 0.95 (Figure 3.4 panel a). In
details, the Random forest scored 0.99 in both precision and recall for the classification
of snow data. In the classification of grass/bare ground, recall was maximum (1), with
precision of 0.99. Lower values were obtained in the classification of random errors, with
recall of 0.86 and precision of 0.93, resulting in a F1 score of 0.89. Most of snow depth
data and grass/bare ground data were correctly classified (45.94% /46.45 % and 49% /
49.19%), while a comparatively large sample of error data that was miss-classified as snow
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(0.50% / 4.43% (Figure 3.4 panel b). Overall, the model resulted in being equally precise
and robust in snow and grass/bare ground classification, while the precision and recall of
the random-errors class were lower compared to the other two classes (F1 score for snow
and grass/bare-ground classes of 0.99 and F1 score for random error classes of 0.89). As
a whole, the model tested in Aosta Valley proved to be slightly more precise than robust
(precision 0.97 , recall 0.95).
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Figure 3.4: Left: model performances in prediction mode for the test dataset in Aosta
Valley. Fach set of columns reports the values of precision, recall, and F1 score for the
three classes, while the last group on the right shows the macro-averaged values referred to
the Random forest performances as a whole. The black dashed line is a reference for the
macro averaged F1 score of the Random forest. Right: confusion matriz.

In order to identify recurring patterns in snow cover and grass cover classification during
the hydrological year, results of the Random forest classifier for all data and hydrological
years were visually screened. Figure 3.5 reports examples for two snow-depth sensor lo-
cations (October 2016 to September 2017), which were randomly selected from the entire
pool of 43 snow-depth sensors along 18 years of Aosta Valley domain. Note that the sam-
ples used for the Random forest training were removed. The Random forest showed an
expected tendency of to missclassify snow as grass/bare ground during transitional periods
at the beginning and at the end of the snow season (Figure 3.5 pan A2), especially when
snow-cover and grass height are comparable (Figure 3.5 pan B2 and B3). Moreover, The
Random forest sometimes misinterprets settling during snow period.

3.4.2 Model configuration

The best set of parameters for the development of the Random forest resulted in a number
of estimator equals to 500, a maximum depth of 40, a minimum sample leaf equals to 1, a
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Figure 3.5: Application of Random forest on 2 Aosta Valley snow-depth sensors locations
from October 2016 to September 2017. The first row displays the samples of snow height,
grass/bare ground and error correctly classified by the model. In blue correctly classified
snow sample, in green correctly classified grass sample, in orange correctly classified error.
The second row shows miss-classified snow height in red and the third row reports miss-
classified grass/bare ground samples in purple. Data are referred to an hydrological year.

minimum sample split equals to 2. The choice of the best set of features was initially driven
by the F1 macro averaged obtained on the test set (Table 3.2, features combination sets
from T1 to T7); then, training time was also considered as a discriminant (410 minutes
for T6 compared to T7). Hence, the set of feature selected as the best consisted in: the
snow depth record measured by the snow-depth sensor, elevation, aspect, concurrent air
temperature, incoming shortwave radiation, cumulative precipitation, relative humidity,
and the day of the year to capture seasonality (Table 3.2, set T7). Regarding elevation
and aspect, previous studies have shown that geographic location and elevation indeed
contribute to improving machine-learning model performance (Bair et al., 2018a).
Feature importance (Figure 3.6) suggested that measured snow-depth itself (regardless
of whether is represents actual snow depth, grass, bare ground, or random errors) was
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Table 3.2: F1 scores for a variety of tests used to identify the best feature combination
for the Random forest Algorithm. T7 was then selected as best option in terms of features.

the most important feature in the Random forest, followed by the day of the year, air
temperature, and aspect. Radiation, relative humidity, and elevation scored similarly, while
total precipitation was the least important feature. Feature importance results followed a
somewhat intuitive ranking, similar to human perception. For example, the model gave
high importance to snow depth, likely to replicate the concept of a ”plausible range” of
snow depth as opposed to grass, bare ground, or random errors. Seasonality (expressed
as day of the year and air temperature) was the second most influencing factor, likely to
mimic the concept of a ”plausible” period for snow on the ground. Aspect and elevation
were less influential, which is likely because of the comparatively small size of the Aosta
Valley study region.

It is important to acknowledge that correlation among features and multi-collinearity
are problematic for feature importance and interpretation in a Random forest. Features
importance may spuriously decrease for features that are correlated with those selected as
the most important (Strobl et al., 2007). On the other hand, Hastie et al. (2009) point
out that the predictive skill of the algorithm is relatively robust to correlations thanks
to de-correlation factors involved in bootstrapping. Indeed, even low-importance features
may drive the decision process of the algorithm (Avanzi et al., 2019). In this case, it was
chosen to use all the features after verifying the lack of correlations across features below
-0.5 or above 40.5.

3.4.3 F1 correlation with annual climate

To assess potential relationships between the algorithm performance and the characteristics
of the input data, we analysed the correlation between the annual F1 score and the mean
annual values of each investigated feature.
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Figure 3.6: Feature importance for the Random forest classification procedure in Aosta
Valley. The dimensionless values, along the z-axis, sum up to 1; the higher the value the
more important the feature is in the definition of the class. In particular: Cum, Precip. =
cumulative precipitation, Elev = elevation, Rh = relative humidity, Rad = radiation, air
T = air temperature

Results showed low or negligible correlation coefficients between the annual mean fea-
ture values and the annual F1 score (Figure 3.7), after removing the training data points.

All correlation coefficients were statistically tested, and no significant correlations were
found (p-values ranging between 0.21 and 0.40 for all features).

3.4.4 Mapping the decision process

Analysis of the Random forest decision process highlighted consistency with the classifi-
cation procedure by expert forecasters, as well as agreement with the expected decision
process behind the human made classification, despite a general underestimation of the
number of random error samples (Figure 3.8).

The frequency of data classified as snow decreased with increasing temperature, as ex-
pected and in agreement with the original expert classification (Figure 3.8 pan. al). Simul-
taneously, the frequency of data classified as grass/bare ground increased with temperature
(Figure 3.8 pan. a2), again as expected due to progressive melt and snow disappearance
as temperature increases. Regarding random errors, the Random forest underestimated
their frequency up to 10°C, while automatic and human-made classifications were more
comparable in frequency above that temperature threshold (Figure 3.8 pan. A3).

Considering the day of the year, most snow classifications occurred at the beginning
and at the end of the calendar year (thus, in winter); this proved to be consistent between
the Random forest and the human classification (Figure 3.8 pan. B1), with then a shift
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plot indicates the correlation coefficient between single features and F1 score.

towards the grass/bare ground class in summer (Figure 3.8 pan. B2). Overall, the random
error samples were underestimated throughout the year, especially in the first 150 days of

the year (Figure 3.8 pan. B3).
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The number of data classified as snow progressively increased with elevation (Figure
3.8 pan. cl), while the number of classification as grass/bare ground samples decreased
with elevation (Figure 3.8 pan. ¢2), consistently between the Random forest and the orig-
inal dataset. The frequency of random-error classifications generally matched the human
classification, except for an underestimation around 2500 m (1% of miss-classified samples)
(Figure 3.8 pan. c3).

When looking at aspect, both the automatic and human-made snow vs. ground-soil
classification related to local climate. For example, they both classified more snow than
grass across south slopes (between 50° and 251°), where precipitation is generally more
abundant due to seasonal circulation from the Gulf of Genoa (Figure 3.8 pan.dl vs. d2,
see Rudari et al., 2005; Brunetti et al., 2009). On the other hand, grass classifications
increased on north-facing slopes (from 250° to 351°), likely because these areas are exposed
to naturally more humid conditions. Overall, the model underestimated the frequency of
random-error classification along all aspects.

As for the other, less important features, they generally showed a negligible influence
on the decision process. The only clear exception was relative humidity, since it was noted
a progressive decrease of snow-classifications as relative humidity increases (Figure 3.8 pan.
el), coupled with an increase of grass/bare ground classification (Figure 3.8 pan. e2).

Finally, considering measured snow depth (by far the most important feature)), the
model correctly classified all values above 400 cm as random errors, correctly matching the
human classification (Figure 3.8 pan. h3). This is due to an instrumental limit given by
the height of the sensor from the ground in this study region. Given that snow depth is
the most important feature in driving the classification problem, a perfect match between
model and human classifications was traceable (Figure 3.8 pan. hl and h2).

3.4.5 Validation on the rest-of-Italy sample

The application of the Random forest on the 27 ultrasonic snow-depth sensors from the rest
of Ttaly showed a surprising robustness in the classification of snow depth and grass/bare
ground, with F1 score values between 0.93 and 0.96 across the three years. The perfor-
mances of the Random forest on the classification of both snow samples and grass/bare-
ground sample proved to be comparable to the ones already noted in Aosta Valley; a severe
reduction of performance was registered in the detection of random errors, for which the F1
score was below 0.05 in every year. This is potentially due to the fact that the classification
of this dataset by different expert from the one of the Aosta Valley may have introduced
an inevitably different subjectivity; this is particularly impactful for random errors due to
their smaller frequency in the sample (error sample frequency : 0.36 % in 2018, 0.92% in
2020, 0.52% in 2022).

Results of model application for two years at the exemplary station of Pratignano
(Figure 3.10 panels a2 and b2) suggested a better performance for the model in case of
higher snow depth. In other words, the model better distinguished snow from grass or bare



CHAPTER 3. MACHINE LEARNING-BASED ALGORITHM FOR QA/QC 48

{al)

=

]

£ 100, Snow height 104 Grass/bare ground - Error
] .""'-‘._“
i =~ g ; - H
£ . — -
s "I o W 20 R T R i 0 R T R T R i @
temperature ("C) — temperaturs | "C) — temperatura {"C)
= {bl) | [to2) | =
Ehm o -"‘\ * o -~ 1 '—H\ P
3 ~ Ve 50 x 5 g R g A
E a= L] Pap—__Ii L — L L] “"—I 0= 1 1] g J
% Yp 100 juu 300 0 100 dm 300 0 100 dzm 300
ay ay ay
g [en = =]
£ 100 104
H et \ e 5 . ’
[ PRI S h.._..-u-‘-“--"*'\,... ‘W
— L] 1] 1] 1 ] L] 1] 1] [1] ¥ L L %
g ¢ 1000 LS{I"IJ‘H ztun? 2500 v 1000 ].IS{II:I | z'm:ﬂ.: 2500 1000 llsm.uii z'wi:' 2500
[ on{m elevation{m ; . elevationim
= [ [td2) 143)
£ 100 : 100+ 10—
% ._--i—"—"""-'-I——l-__v_. h—-—-—._,..—.-.---—-—.-"'-*‘! G e ‘#-“
g "o e 1% @on #wo a0 YR 190 150 zop ze 00 YUTSn 190 1%0 200 zep 300
aspect . azpect ’ aspeck
= [te] [ ez (]
£ 100 100 — 10-
e,
3 e s = s e s 4 il e P e . 5 e i v—" i S m—
: n an &0 H0 o n an &l o ] a0 Bl
relative humidity (%) relative humidity (%) ; . relative humidity (%]
3 [im] (1] i
£ 100 10— - . ..\ f R _M\
i g 5 ]l. "
L L . m—_ 1! L L il 1] 4 B x E = Sl S— -
. i 15 s % N I N 5 10 15w 2%
cumulative precipitation [mm]) cumulative precipitation (mm]} . cumulative precipitation (mm}
- a1 | 1a2) 1931
£ 100 100 \ > n
i - HH-.‘\ / ) f 10 !
L -—r---d"' \
a 1 I | 5 Y | L.—_—_‘. o P ——
0 w000 2000 000 4000 i w000 2000 000 4000 il 1000 2000 W00 4000
radiation{V/m=2) —_ radiation [W/m=~2] . radiation [W/m*~2)
= {h1) [ih2) in3)
T 100 100 100 T T
-~ .\
a \‘ I —— o \h_-__—.l'q—._-_-._-___- i 2 = ! .
200 400 E00  @oh 1000 200 400 8O0 400 1000 200 400 B0 @00 1040

snew height [em)

snew height [em)

—— manual classification
—— Random Forest classification

snew height [em)

Figure 3.8: Classification results as a function of features values: left are for snow classifi-
cation, center are for grass/ground classification, right are for random-error classifications.
Orange s the human made classification, blue is the classification performed by the Ran-

dom forest.

The x-axis reports feature values, while the y-axis reports the percentage of

classification on the total. The plots refer to the test sample in Aosta valley, being it rep-
resentative of the entire residual dataset. Data are normalized over the total sample size.
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ground when their heights were less commensurable, hence the slightly better performance
in a year with higher snow depth (F1 score in 2018 : 0.95 for snow and 0.96 for grass/bare-
ground; F1 score in 2022 : 0.93 for snow and 0.94 for grass/ bare-ground). This example
also showed a recurring tendency to confounding snow and grass at the beginning and at
the end of the season, as already noted in Aosta Valley. Considering grass classification
(Figure 3.10 pan. a3 and b3), it was also found a tendency to missclassify snow and grass
during periods of intraseasonal melt. Two other examples of application of the Random
forest on exemplary sites can be found in the Appendix . A snow-depth sensor located in
the Apennines (Figure E.1) and one located in Northeast Italy (Figure E.2) are displayed
here to better portrait snow regimes and Random forest performances across Italy.

F1 score of validation datasets
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Figure 3.9: Classification performance on the 27 stations across the rest of Italy. The
columns grouped along z-axis are the F1 score for snow, grass/bare ground and random-
error classes, respectively, subdivided by year. The y-axis reports the dimensionless values
of each scoring metrics. The straight lines are the F1 score macro averaged for each year.

3.5 Discussion of results

Due to the central role that snow plays in the global water cycle (Flanner et al., 2011; Benis-
ton et al., 2018), snow measurements have proven to be essential in the development of
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Figure 3.10: Ezample of application of the Random forest on an Italian station (Lago
Pratignano, Emilia Romagna). Left: October 2017 to September 2018; Right: October 2021
to September 2022. First row reports correct classification of snow, grass/bare ground, and
random errors (blue for snow depth, green for grass/ground, orange for random errors);
second row reports miss-classified snow depth in red; the third row reports miss-classified
grass/bare ground (in purple), All plots also report measured snow depth in black (whether
it represents actual snow depth, grass/ground, or random errors).

trustworthy numerical-prediction models and snowpack models (Horton & Haegeli, 2022).
In this framework, high-resolution measurements not only include meaningful information,
for example related to snowfall intensity and amount (Lehning et al., 2002b,a) or snowmelt
patterns (Malek et al., 2017b; Zhang et al., 2017), but also embed a variety of noise sources
that hampers their use in operations unless intensive QA /QC is performed (Avanzi et al.,
2014). The overarching hypothesis of this paper was that a Random forest classifier could
replace expert manual checking and automatically process snow-depth high-resolution mea-
surements from ultrasonic snow-depth sensors and thus add new value to these data for
hydrologic practice and research. The main findings of this paper in this regard are three.

First, the proposed Random forest classifier was able to correctly replicate expert-made
snow vs. grass/ground classifications, with F1 scores over 90% for the training/test case
study of Aosta Valley. These results show that the human assessment based on expert
knowledge is largely replicable (see Figure 3.8), at least for what concerns the classification
of snow and grass/ground samples. While intuitively simple in nature, this differentiation
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is instead complex to automatize due to non-linearities across climate, snow regimes, vege-
tation patterns, and topography. Meanwhile, differentiating grass/ground from snow bears
significant implications with regard to snow-depth assimilation in snowpack models (Lehn-
ing et al., 2002a), satellite-data validation using ground-based data (Parajka & Bloschl,
2006; Da Ronco et al., 2020), and a variety of ecological analyses related to snow (Sanders-
DeMott et al., 2018). In this regard, the proposed Random forest is a pathway towards
minimizing this noise and such accelerating the use of snow depth data in science and
technology by opening the way for a fast, objective, and replicable QA /QC of snow-depth
data that could complement existing practice (Avanzi et al., 2014; Bavay & Egger, 2014b).
Regarding speed, Table 3.3 shows that applying the Random forest of one season worth of
data takes about 8 seconds, as opposed to an estimate of hours for visual screening.

Phase Execution time Sample size
Training 00:16:29 1.9x10°
Testing phase 00:02:35 4.8x10°
Single year validation 0:00:08 2.3%x10°
Visual screening hours/days 2.3x10°

Table 3.3: Execution time per sample size, expressed as hh:mm:sec.

Second, the algorithm proved to be equally robust and reliable in an independent
application across the rest of Italy, at least for what concerns the snow vs. grass/base
ground classification (F1 scores above 90% for this larger domain). This outcome could
be due to the Random forest including all features of the Sturm & Liston (2021b) snow
classification, such as air temperature and precipitation, or proxies thereof (elevation for
wind speed). At the same time, the vast majority of Italian sites falls between the maritime
and the montane-forest snow-climatology classes, with only a small portion of tundra snow
at very high, inner-Alpine elevations (Sturm & Liston, 2021b). In other words, the testing
sample might be quite homogeneous with regard to snow climatology, and testing over
other regions would still be helpful.

Third, the Random forest algorithm showed a little to none sensitivity to snow-season
climatology (Figure 3.7), including temperature or mean snow depth. This result may
point to the Random forest being robust to different climatic regimes, including recent dry
and warm snow droughts (Hatchett & McEvoy, 2018; Toreti et al., 2022b; Koehler et al.,
2022) and future climate change (Beniston et al., 2018). However, long-term climatic shifts
will also bring about modifications to vegetation patterns (Cannone et al., 2008), and so
changes in the expected seasonality of grass vs. snow, as well as changes to the ”expected”
snow depth during winter (Marty et al., 2017). Both aspects will need further testing in
areas with different climates.

It is worth mentioning that, although the choice of these validation datasets allowed
us to test the spatial extrapolation abilities of the Random forest, a full evaluation of the
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spatio-temporal extrapolation skills was not achieved. The algorithm was trained on all
the available years, with a standard out-of-bag validation. This was performed in an effort
to maximize the number of training points and climate variability in the training sample.
Thus no year was withdraw, to reduce the impact of impoverishment of the sample on the
least represented class of random errors.

One critical aspect of these results is the frequently reported underestimation of random
errors, like spikes, particularly across the rest-of-Italy data. This may be seen as the natural
consequence of the samples being inherently imbalanced towards snow or grass/ground
measurements (see Figure 3.3). Moreover, random errors are by definition hard to predict,
with the only documented pattern of snowflake interference within the field of view of
ultrasonic snow-depth sensors (Avanzi et al., 2020b). A potential solution in this regard is
for future applications to specifically target the classification of random errors, by either
including more samples of this class or simply extending the analysis to more data. The
use of more data is likely the most straightforward option to detect rare random errors.
However, other options may prove to be effective. In light of this, the proposed algorithm
may be coupled with classical QA/QC procedures imposing a-priori thresholds, like those
already proposed by Bavay & Egger (2014b). Such procedures could, e.g., help with the
detection of spikes in data using climatological snow-depth thresholds for maximum values.

In recent years, DL has proven successful in dealing with many complex tasks (Camps-
Valls et al., 2021). Future research questions may investigate the ability of other algorithms
in this classification problem, such as neural networks, which are able to deal with time
series and incorporate memory features. One concrete example in this regard is a recurrent
neural networks or LSTM. In particular, it would be important to explore the performances
of such algorithms in dealing with the recognition of the error class. In any case, the
small proportion of random errors over the much more influential systematic issue of grass
interference makes the Random forest a promising component of future QA /QC procedures.



Chapter 4

Deep learning-based data
assimilation in 1D

One of the principal advantages of Al lies in its exceptional capacity to efficiently pro-
cess, analyse, and interpret vast and complex datasets, far exceeding the capabilities of
conventional computational algorithms, often reducing the time efforts.

DA techniques such as the Ensemble Kalman Filter (EnKF) are extremely time and re-
source consuming and thus often not the first choice when implementing DA in operational
modelling chains. This is particularly true in low budget contexts or in areas where the data
to be assimilated are sparse; for example, Pagano et al. (2014) highlighted that operational
hydrological forecasting must deal with limited and uncertain data, imperfect models, and
the need to balance forecast accuracy with the constraints of real-time service delivery, all
of which complicate the adoption of computationally demanding DA techniques.

Al can work as an emulator to learn from the sounded techniques but to allow to deploy
a faster and easy to transfer algorithm.

Here, I present part of the study published, together with co-authors, in the Copernicus
journal The Cryosphere, entitled “Learning to filter: snow data assimilation using a Long
Short-Term Memory network” (Blandini et al., 2025).

4.1 General context

Over the past decade, snow DA has transitioned from a limited number of exploratory case
studies to more mature and widely adopted methodologies (Largeron et al., 2020; Girotto
et al., 2020; Alonso-Gonzélez et al., 2022). As mentioned in the previous chapter (see chap-
ter 2), advances in satellite-derived snow products and increasing computational resources
(Houser et al., 2012; Aalstad et al., 2018; Deschamps-Berger et al., 2023a; Lievens et al.,
2022; Mazzolini et al., 2024) have improved snow modelling yet the efficient assimilation
of snow observations at large spatial scales remains a key challenge.

53
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Indeed, practical applicability of ensemble-based methods is often constrained by high
computational demands (Girotto et al., 2020), limiting their use in real-time and oper-
ational forecasting systems (Pagano et al., 2014). The computational burden primarily
arises from the need to propagate large ensembles of model realizations (Evensen et al.,
2022), motivating the development of alternative strategies that preserve the benefits of
probabilistic DA while reducing computational costs.

In this context, DL techniques could be powerful tools for learning complex, nonlinear
system dynamics directly from data, without requiring explicit physical parameterizations
(Sit et al., 2020a). Despite the growing body of literature on stand-alone DL approaches
for snow modelling (Cui et al., 2023; Daudt et al., 2023), the potential of DL to emulate or
accelerate computationally intensive DA algorithms remains largely unexplored. Building
on the concept of ”Deep Data Assimilation” introduced by Casas et al. (2020) and Arcucci
et al. (2021) as well as a growing literature of related methods (Cheng et al., 2023), this
research aims to enhance DA methods in snow hydrology by proposing an alternative ap-
proach for assimilating snow-related quantities, specifically SWE and snow depth, through
the use of LSTM neural networks (Hochreiter & Schmidhuber, 1997). Developing a super-
vised learning strategy, the LSTM networks acts as EnKF emulator, with with the goal
of improving snowpack estimations while minimizing computational efforts. The research
questions guiding this study are: (i) What is the performance of an LSTM network in
filtering, particularly in comparison with an EnKF? (ii) How does the network’s perfor-
mance respond to data sparsity? (iii) Is it feasible to transfer an LSTM model trained at
one site to other sites without a significant loss in performance? (iv) How does the model’s
performance vary across different types of water years?

4.2 Data

When working with DL algorithms, the quality of the dataset is crucial, as the performance
of the trained network will highly depend on it (He et al., 2019). Hence, this study em-
ployees high-quality, pre-processed datasets from long-term, internationally acknowledged
snow research stations across the northern hemisphere (Figure 4.1). The datasets used
where those of precipitation (mm), solar radiation (W/m?), relative humidity (%), air
temperature (°C), and daily average temperature (°C) along with SWE (mm) and snow
depth (cm) ground measurements.

Here is a list of the station locations, along with their associated reference papers and
abbreviations:

e Torgnon, Aosta Valley, Italy, TRG (Filippa et al., 2015).
e Col De Porte, Isere, France, CDP (Lejeune et al., 2019).

e Weissfluhjoch, Davos, Switzerland, WFJ (Wever, 2017).
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e Kiihtai, Tirol, Austria, KHT (Krajci et al., 2017).

e FMI-ARC Sodankyld Geophysical Observatory, Finnish Lapland, FMI-ARC (Essery
et al., 2016).

e Nagaoka, Japan, NGK (Avanzi et al., 2019).

e Reynolds Mountain East, Idaho, USA, RME (Reba et al., 2011).

STUDY SITES

Figure 4.1: Geographical distribution of study sites used for smow modeling and data
assimilation: (left) Reynolds Mountain East (RME) in the United States, (center) Eu-
ropean sites including Col De Porte, Isére, France , Weissfluhjoch, Davos, Switzerland
(WFJ), Torgnon, Aosta Valley, Italy (TRG), Kiihtai, Tirol, Austria (KHT) FMI-ARC
Sodankyld Geophysical Observatory, Finnish Lapland (FMI-ARC) in Finland, and (right)
Nagaoka (NGK) Japan. Map created using the Free and Open Source QGIS.

The sites were selected to ensure geographic and climatic diversity, spanning various
regions that are exposed to a variety of snow climates (Sturm & Liston, 2021a), (see
Table 4.1 and Table 4.2). The characteristics of the site vary widely, with elevations
ranging from lowland areas such as Sodankyld (179 m) to high alpine environments such
as Weissfluhjoch (2540 m). Annual and winter precipitation varies significantly across
different locations, ranging from relatively dry areas like Torgnon, with an annual average
of 794 mm, to much wetter regions such as Nagaoka, which receives 2773 mm per year. For
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this comparative analysis, winter is defined as the meteorological winter in the northern
Hemisphere, spanning the months of December through February. Air temperature ranges
reflect this environmental diversity, encompassing cold alpine regions, temperate meadows,
and wetlands.

Site Description Altitude (m a.s.l) | MAP (mm) | MWP (mm) | MAAT [min,max] (°C)

TRG Subalpine grassland 2160 794 161 3 [-15,20

CDP Grassy meadow 1325 1896 550 6 [—13,17

WEFJ Almost flat area 2540 1631 391 —1[-21,17]

KHT Steep alpine valley 1920 1131 186 3 [—18,22
FMI-ARC Large wetland area 179 551 125 0 [—35,27

NGK Flat meadow 97 2773 1104 12 [-5, 36

RME Unsheltered mountain area 2137 817 350 5 [-20, 30

Table 4.1: Geographic and climatic characteristics (annual precipitation and air tempera-
ture statistics) of the selected study sites. MAP = mean annual precipitation (mm), MWP
= mean winter precipitation (mm), and MAAT = mean annual air temperature (°C). Mean
values were computed over the entire available time period for each site. The corresponding
time frames are reported in Appendiz F.2.

Site Peak SWE (mm) | Peak snow depth (cm) Snow cover duration Snow Type
TRG 312 11 From October to May Tundra
CDP 414 14 From November to May Maritime
WEJ 802 23 From October/November to August Tundra
KHT 347 15 From October/November to mid June Tundra
FMI-ARC 197 8 From October to May Boreal forest
NGK 381 14 From Novemeber to April Maritime
RME 529 17 From October to May Montane forest

Table 4.2: Summary of snow characteristics at the selected study sites. Snow classification
by Sturm & Liston (2021a).

The record period for each dataset varied depending on the time frames available at
each site. More info on the first and last year of records available for each site can be
found in the appendix at section F.2. All datasets were originally recorded at temporal
resolutions ranging from sub-hourly to hourly. Therefore, to ensure uniform application of
the algorithm, a 1-hour temporal resolution was selected as the reference, and sub-hourly
datasets were resampled to this resolution using linear interpolation. This hourly resolution
resolves day-night cycles of melting and refreezing, revealing air temperature fluctuations
and their relationship with snowpack outflow. In addition, it enables the evaluation of the
precipitation dynamics, the primary mass input to the seasonal snowpack (Avanzi et al.,
2014).

Measurement errors used in the DA process (see Section 4.3.2) were assigned accord-
ing to the specific instrumentation utilized at each site, drawing from a combination of
expert knowledge and relevant literature (see Tab. F.1 in the Appendix). These errors
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were not directly provided to the DL algorithm; rather, the algorithm learned them in-
directly through supervised training on the EnKF analysis results, rather than from the
observations themselves.

Based on data sparsity, defined as the presence of 80% or more of the record period con-
taining missing data, or a low temporal data granularity (i.e., temporal frequency coarser
than 1 hour), the datasets were categorized into two groups:

e Low data sparsity: NGK, KTH, FMI-ARC, and RME datasets.

e High data sparsity: CDP, TRG, and WFJ datasets.

4.3 Methodology

4.3.1 Snow model

For this pilot application of a new deep DA scheme, a point-scale version of S3M has been
employed (see section 2.1.2 and Avanzi et al. (2022a)). This version retains all the features
of the original S3M model, such as precipitation-phase partitioning, snow mass balance,
snow metamorphism, and hydraulics, but it models snow dynamics at one point rather
than in grid cells distributed across the landscape. The model state variables are:

e SWEy = wet component of SWE (mm).
e SWEp = dry component of SWE (mm).
e pp = dry-snow density (kg m~3).

e ag = the snow albedo ().

e hg = glacier thickness (m).

In the point-scale version, the glacier thickness was not introduced as prognostic variable.
The model estimation of SWE and snow depth are to be considered as derived output from
a combination of the model state variables.

4.3.2 Ensemble Kalman filter assimilation scheme

Aiming at mimicking an established ensemble-based DA algorithm with a DL-based ap-
proach, a supervised learning approach was chosen (Murphy, 2022). Hence, the training
data had to be derived from the state analysis output by such DA scheme. The assimi-
lation algorithm used as training was designed to focus on retrieving an accurate analysis
of the state vector (x € R™ with n the number of states), including both the wet and dry
components of SWE , the density of dry snow (kg/m?), and the snow albedo (-). Given
the nonlinear nature of S3M, it was decided to use an ensemble method that approximates
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the posterior probability density function of the analysis using the mean and covariance
matrix (Carrassi et al., 2018; Evensen et al., 2022). Given the high robustness even with
a relatively small ensemble (Aalstad et al., 2018), an EnKF scheme was developed in S3M
(For a mathematical background see section 2.2.1 and appendix A).

In the present study, a joint DA scheme was developed to update the system state by
jointly assimilating ground-based measurements of snow depth and SWE. Despite albedo
being another potential data stream to assimilate (Navari et al., 2018), due to the lack of
measurements across the 7 sites, assimilation of albedo measurements was not considered
herein. Nonetheless, albedo was updated indirectly, based on the assimilation of SWE
and snow depth. Moreover, as the model is a point-based simulation, the fractional snow-
covered area assimilation was not pursued. Additionally, since the EnKF can not handle
binary observations binary snow cover was not an option either. Finally, since S3M does not
solve the full energy balance or simulate snow-temperature profiles, no surface temperature
proxy was assimilated.

Ensemble generation was performed by perturbing meteorological model forcing, which
included total precipitation (mm), solar radiation (W/m?), relative humidity (%), air tem-
perature (°C), and daily average temperature (°C).

To each meteorological forcing data point, an ensemble of multivariate errors was added.
These errors were generated as realizations of a multivariate stochastic process designed to
have a specified covariance matrix derived from the Gaussianized historical meteorological
series.

The objective was to generate a multivariate time series of meteorological values in
Gaussian space such that the imposed perturbations respect both temporal coherence and
cross-variable coherence. By ensuring that the resulting covariance matrix matches C, the
temporal covariance of the historical observations, the generated ensemble perturbations
remain physically consistent and statistically representative of the historical variability.
Each forcing variable was perturbed such that its distribution remains unbiased and con-
strained within physically consistent limits.

The procedure for constructing the stochastic process is base on similar approaches
implemented by Reichle et al. (2007), De Lannoy et al. (2010) and Durand & Margulis
(2006b) and is described below:

1. Generation of a random covariance matrix:
A random covariance matrix, C,, was generated.

2. Construction of a Gaussian stochastic process:
(a) A Cholesky decomposition was performed on C,, yielding:
L, = Cholesky(C,).
(b) The multivariate stochastic process was defined as:

Upt1 = U + Loe,
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where:

€ ~ N(0,0.1) represents independent standard normal variables.

uy, represent the vector of the process that has to be transformed into the
Gaussian space at time k. In this case it represent the forcing meteo vector.

3. Calculation of the covariance matrix: A realization of the stochastic process
was generated, and its covariance matrix, C, was computed.

4. Imposition of the target covariance matrix:

(a) The Cholesky decomposition of the target covariance matrix, C, was computed:
L = Cholesky(C).

e stochastic process was constructed to impose the covariance matrix C as
b) The stochastic p tructed to impose th i trix C
follows:
Upy1 = up + Lo - €

Initially, this process was characterized by the covariance matrix C. To transform it
into a process with the covariance matrix C, the following steps were taken:

(a) The transformation:

L-uq

where L = Cholesky(é)7 was applied, normalizing the covariance matrix C to
the identity matrix I.

(b) A second transformation was applied:
ugt1 =L- <ﬂ : ﬁk+1)
which transformed the identity matrix I into the target covariance matrix C.

5. Perturbation Calculation: Finally, to compute the perturbations to be added to
the meteorological values, the following expression was used:

A = g1 — mean(Ug4q)
where mean (1) represents the ensemble mean.

The use of a stochastic process to generate the ensemble of errors was pivotal to ensure
temporal coherence in meteorological perturbations. This procedure was location-specific,
tailored to the 7 study sites. The ensemble size was defined as 100 members. It was
determined to be suitable for an EnKF, based on literature (Aalstad et al., 2018) and
testing.
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To improve filter performance and stability, the forecast model state vector zL'£ at each

time step t; was also perturbed. To obtain the perturbation, a series of multivariate
Gaussian random error with imposed process noise covariance matrix Q was added to each
forecast model state vector point. The matrix was retrieved rescaling the state covariance
matrix obtained from S3M open loop forecast over the entire historical period for each
site. The observation vector yj stores, at each time step k, the available measurements
of SWE and snow depth. As described in Section 4.3.1, these variables are not prognostic
model states but are derived from them. Different versions of the observation operator
Hj, were constructed to allow assimilation with only one observed variable when necessary.
The structure of Hy, is reported in Appendix G. Post-processing was applied to the filter
outputs to ensure physical consistency, adjusting corrections to the filter output while
maintaining the physical relationships between the elements of the state vector. This
included constraining the values within a physical range and modulating them accordingly.

4.3.3 Long-short term memory neural network

The development of DA using neural networks was framed as a time series forecasting
task, leading to the use of Recurrent Neural Networks Recurrent Neural Network (RNN)s
RNNs leverage internal memory to process sequences of data, making them useful for
time-dependent analysis. However, they often struggle with long-term dependencies due
to vanishing or exploding gradients (Tsantekidis et al., 2022). To address this, LSTM
networks introduce gate mechanisms (input, forget, output) to control information flow,
effectively managing long-term dependencies (Hochreiter & Schmidhuber, 1997).

Data pre-processing

Effective data pre-processing is critical for the successful application of LSTM networks,
as it improves prediction accuracy, reduces computational costs, and enhances model ro-
bustness and repeatability (Isik et al., 2012). Proper pre-processing not only accelerates
network convergence, but also helps the model capture essential patterns in the data.
For LSTM networks, which are sensitive to the distribution and scale of the inputs, pre-
processing plays a key role in mitigating issues like exploding or vanishing gradients and
managing differences in feature magnitudes.
Data pre-processing in this study involved two key steps:

e Distribution adjustment: Snow related variables frequently hit the lower physical
boundary of 0 mm of SWE or 0 cm of snow depth, posing challenges for the LSTM,
which struggled to handle this behavior. To overcome this, the data range was
extended by redefining the lower limit to a value below zero.

e Scaling with historical data: After adjusting the distribution, the input values
were also standardized using the mean and standard deviation calculated from his-
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torical records at each site. This standardization ensured that all input features were
on a consistent scale.

Custom loss function

To ensure compliancy of the LSTM predictions to specific problem domain constraints, a
custom loss function was developed.
This loss function comprises two main components:

e Root Mean Square Error RMSE: This measures the difference between the
LSTM predictions x7* and the analysis state vectors generated by the EnKF, zj. By
minimizing RMSE, the model was trained to closely follow the reference trajectory
provided by the EnKF.

e Physics-based Regularization Term: An additional U-shaped penalty function
was introduced to enforce adherence to physical constraints and guide the model
towards specific physical behaviors. This term penalizes the network for making
predictions that violate predefined physical boundaries. The function is expressed
as: .

Loss(z) = (4.1)
| e R

where x{* is the analysis state predicted by the LSTM, n is the number of state vector
components x{* and a; and b; are the minimum and maximum physical bounds, respec-
tively, of the i-th element of the state vector, defined as the minimum historical and
maximum historical records.

Furthermore, any LSTM prediction that fell below zero was forced back to zero, effec-
tively managing the intermittent nature of snow data.

This combined loss function is inspired by Physics-Informed DL (Cheng & Zhang, 2021),
where domain-specific physical constraints guide the learning process.

Algorithm development and test configurations

The LSTM algorithm was trained using the analysis state vectors generated by the EnKF
-z~ to predict the corrected analysis state vector, x3*. As a supervised learning task,
the training process utilized both input features and target outputs. The input features
included meteorological forcing variables, the model’s forecast state vector a:£ , and the
observation vector, while the target outputs consisted of the analysis state vectors xj;
from the EnKF. To evaluate its effectiveness, the LSTM predictions were compared to the
analysis state vectors generated by the EnKF. To develop the LSTM algorithm, it was
used Python 3.9.21 programming language and the open source libraries Keras v.2.10.0
(Chollet et al., 2015) and Scikit-learn v.1.1.1 (Pedregosa et al., 2011).
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Figure 4.2: Operational Setup for deep data assimilation. This diagram illustrates the
operational workflow for integrating observational data with the S3M (CIMA’s Cryospheric
Model) framework, through DA via a Long-Short-Term-Memory neural network.

To assess the LSTM robustness and transferability, four experimental setups were
tested:

1 Site-Specific LSTMs for State Correction

Seven LSTMs were independently trained and tested on each site to optimize hy-
perparameters. For the site with > 95% missing SWE data (WFJ), the LSTM was
trained using an observation vector containing only snow depth, which instead were
not missing. Site-specific limits, derived from historical data, were applied to con-
strain the training process. Since the training process relies on a cost function that
combines the RMSE with a penalty term enforcing physical bounds, the site-specific
limits for each state component, namely, the dry and wet components of SWE | snow
density, and albedo, were derived from historical data records. These records were
pre-processed following the distribution adjustment and scaling procedures described
in Section 2.4.1. Since direct historical observations of wet SWE were not available,
this variable was assumed to be proportional to the ratio between LWC and total
SWE | with dry SWE estimated as the complementary term.

The available data were split by continuous time spans, using the hydrological year
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(from the 1st of October to the 30th of September) as the reference unit. Specifically,
first 80% of the data, in terms of hydrological years, was allocated for training and
testing using a 4:1 ratio, while the remaining 20% was reserved for operational testing.
In the operational setup, the framework combined S3M model prediction and state
updating with the LSTM (see figure 4.2). At each time step ty, the prior state
vector acg = S3M (wg*_l) from the S3M model’s forward simulation was provided as
input to the LSTM, along with meteorological forcing and the observation vector
yi. The LSTM outputs the updated analysis state vector x$*, which served as the
initial condition for the subsequent S3M prediction step x£ 41 = S3M (x§*) and so on,
cycling between S3M prediction and LSTM updating. The framework was validated
using root mean square error RMSE metrics for snow depth and SWE between ground
observations and model predictions. It is important to stress that, while the training
phase was performed in the conventional way of training neural networks -meaning
multiple timestep as input to obtain a sequence of outputs - the operational testing
phase was performed giving to the LSTM trained models only one timestep at a
time, to be coupled with the forward step of the cryospheric model. The metrics
were computed for both the test and the operational set; while the first was used to
set hyperparameters, the second was used to analyse the performance of the model.

2 Incorporating Memory to the Site-Specific LSTMs
The second test configuration introduced an additional feature component to call back
on the use of the "long” memory component of the LSTM during the operational test
phase. The memory component includes the forecast from the previous timestep w£_1
as well as the meteorological forcing from the previous time step k — 1 (relative to

the current step k). The input vector I at time step k, is constructed as follows:

Ik = [mk , M ,X£_1 (4.2)

where:

e m;, € R?% the vector of meteorological forcing variables at time step k where
d = 6 is the number of forcing variables.

e my_; € R% the meteorological forcing at the previous time step k — 1 (see fig
(2) memory component element)

. x£_1 € R™: the model forecast at the previous time step k — 1 (see fig (2)

memory component element)

3 Testing Transferability of Site-Specific LSTMs
While in the Configuration 1, separate LSTM models were trained and tested in-
dividually on each site using only site-specific data, in Configuration 3, the spatial
transferability of these site-specific models was assed by applying each LSTM trained
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on the low data sparsity sites (NGK, KHT, RME, FMI-ARC) to new data from (i)
the remaining 20% holdout portion of the low-sparsity sites not used during training,
and (ii) high data sparsity sites (CDP and TRG). The WFJ site was excluded from
this evaluation due to extensive gaps in its SWE time series. In this test it was chosen
to use the LSTM setup with the best performances among prior tests, hence the one
with memory components (see point 2)

4 Multisite LSTM with Global Limits

A multisite LSTM was trained using data from the four low data sparsity sites (NGK,
KHT, RME, FMI-ARC), with global scaling derived from the combined datasets.
The training dataset comprised 80% of the data from these four sites, while the
remaining 20% alongside all data from the high data sparsity datasets (CDP, WFJ],
TRG) were used to test the model generalization capacity over water year type, using
the operational setup. Data split was made by randomly sampling whole hydrological
years. The water year types were classified based on the total snow depth and include
wet years, dry years, and average conditions. Additionally, the results where also
analysed comparing the performances per each site with the performances of the
best site-specific LSTM-DA algorithm.

Site-specific EnKF results were always used as input for training the LSTM, even in
the case of multisite LSTM testing the EnKFs used to generate the training data were
always site-specific.

Long-short term memory structure and hyperparameters

In this study, the hyperparameters of the model were manually tuned, selecting the optimal
configuration for each LSTM network. Below are the hyperparameters fine-tuned:

e Batch size:

The batch size determines the number of training samples processed in a single for-
ward and backward pass. A critical consideration when choosing the batch size is
balancing computational efficiency with the quality of model outputs. To match the
size of the observation datasets for each site, we used a standard batch size of 128 for
the sites of KHT and NG, and we reduced it each time selecting the most suitable
value for optimal training performance on all the other datasets (Bishop & Bishop,
2023).

e Epochs:
The number of epochs refers to the total number of complete passes through the train-
ing dataset. While a higher number of epochs allows the model to better capture
complex patterns in the data, it also increases the risk of overfitting and computa-
tional cost. After experimenting with various configurations, we set the number of
epochs to 500, allowing for sufficient learning while balancing efficiency.
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e Early Stopping:
Early stopping is a technique used to prevent overfitting by halting training when
the validation performance fails to improve for a specified number of epochs. In
this case,the patience was set to 100, meaning that training would terminate if no
improvement was observed in the validation performance for 100 consecutive epochs
(Prechelt, 2002).

e Initial learning Rate:
The learning rate controls the step size during the optimization process. A higher
learning rate accelerates convergence but may lead to instability, while a lower learn-
ing rate can slow down the learning process. Given the relatively small size of the
datasets, an initial learning rate of 0.01 was chosen to ensure rapid convergence during
the early stages of training (Smith, 2015).

e learning Rate Decay:
To enhance convergence stability and prevent overshooting, it was applied a learning
rate decay factor of 1.5 periodically throughout training. This decay reduces the
learning rate over time, allowing the model to fine-tune its parameters more effectively
in the later stages of training.

e Dense Layers:
Each LSTM network used a single dense layer as the output layer. This dense layer
was used to map the LSTM outputs to a fixed-size state vector. The number of
neurons in this layer was set to 4, corresponding to the required output dimensions
for each network (Murphy, 2023).

e Hidden LSTM Layers:

Two distinct LSTM architectures were employed based on the data sparsity at dif-
ferent sites. For data-dense sites, it was used a single LSTM layer followed by a
dense output layer, resulting in a simple 2-layer architecture. This configuration
was chosen under the assumption that the data contained enough patterns for the
model to learn effectively without requiring excessive model depth. In contrast, for
sparse sites, a deeper 3-layer LSTM architecture was implemented, which included
two LSTM layers and a dense output layer. This approach aimed to capture more
complex dependencies within the data, thereby improving the model’s ability to learn
from sparser temporal patterns (LeCun et al., 2015a).

e Hidden units per LSTM Layer:
The number of hidden units in each LSTM layer determines the memory capacity of
the model. For dense sites, the number was set to 500, allowing the model to learn
from more intricate temporal dependencies. For sparse sites, the number was reduced
to 100 to prevent overfitting, given the smaller and sparser datasets (Murphy, 2023).
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A note to the reader: In the following section, the term LSTM refers to the com-
putation of the analysis mean model state vector, denoted as z{* € R", using the LSTM
approach. On the other hand, the term EnKF refers to the computation of the analysis
mean model state vector, denoted denoted as xf € R", using ensemble-based DA via the
EnKF scheme.

4.4 Results

This section presents the results from the four configuration tests, based on the operational
testing setup (see Fig. 4.2). The objective was to replicate the actual algorithm coupling
mechanism required in a real-time setup, where the LSTM is used at each time step k to
perform filtering.

4.4.1 Performance with varying data sparsity

Figures 4.3 and 4.4 show the performance of the LSTM-based analysis compared with the
open loop, the EnKF analysis, and the observations. Panels (a—d) display simulations for
one hydrological year of both SWE and snow depth at two stations. Panels (e—j) present the
values of different performance metrics (RMSE, bias, and KGE) computed across all sites.
The metrics are calculated over three years of data; each box represents the distribution
of the testing samples over this period, while the individual points correspond to results
computed over two years of data, representing the size of the testing sample.

At sites where data is plentiful (that is, available data cover more than 80% of the period
of record: NGK, KTH, FMI-ARC, RME), the LSTM demonstrated robust performances,
meaning that they were generally comparable to the original EnKF (Figure 4.3). This,
however, came with a considerable nearly 70% decrease in computing time. For instance,
one year of simulation using the parallelized EnKF took on average 20 minutes, while using
the trained LSTM took only 6 minutes.

Only in the case of NGK site, the LSTM-DA was able to outperform both the open
loop simulation and the EnKF-DA; At all the other dense sites ( KTH, RME, FMI-ARC),
the mean RMSE increase relative to the EnKF for SWE estimation made by site specific
LSTMs was within 10 mm (Figure 4.3, panel e). Similarly, the mean RMSE increase-
averaged across sites- compared to the EnKF for snow depth estimation made by site
specific LSTMs was equal to 6 cm (Figure 4.3, panel f). The only exception is the site of
FMI-ARC were the LSTM-DA still underperformed compared to the EnKF, although the
absolute values of RMSE are 1 order of magnitude lower than the ones on the other sites.
The bias analysis (Figure 4.3, panel g and h) showed that snow depth exhibited a near
zero bias, while the LSTM tended to overestimate SWE compared to the EnKF. However,
both patterns were consistent in the EnKF and in the S3M open loop.

In the case of datasets with high data sparsity (CDP, WFJ, TRG), the performance of
the LSTM was markedly worse than the EnKF estimation of both SWE and snow depth
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(+50 mm RMSE for SWE and +19 cm RMSE for snow depth, Figure 4.4 panel e and f).
On the other hand, the timing of SWE and snow depth peaks, as well as the magnitude
of snow depth peaks, are generally captured correctly, even in these challenging data sparse
scenarios (see Figure4.4 panels a,b,c,d). However, minor discrepancies were noted, even in
the case of low data sparsity, including an underestimation of peak snow depth (Figures
4.3, panels ¢ and d) and a slight temporal shift in the SWE peak (Figure 4.3, panel a).

Both the EnKF and LSTM networks improved SWE and snow depth predictions over
the Open Loop model, at least in the case of low data sparsity; indeed the LSTM resulted
in a reduction of 25 mm in RMSE for SWE , while the EnKF achieved a better reduction
of 31 mm. On the other hand, in case of high data sparsity, the LSTM increased the RMSE
by 15 mm, while the EnKF reduced the RMSE by 38 mm. For snow depth, the LSTM
reduced RMSE by 4 cm in low sparsity, while the EnKF showed a greater reduction of 9
cm. Under high sparsity, the LSTM reduced RMSE by 8 cm, with the EnKF providing a
larger reduction of 27 cm.

When it comes to evaluating the Kling-Gupta Efficiency (KGE) (Gupta et al., 2009),
for sites with denser measurements (on average 0.72 for both SWE and snow depth), the
values are comparable to those obtained with the EnKF-DA (on average 0.75 for SWE
and 0.85 for snow depth), supporting the observed improvement trend over the open loop
simulation (on average 0.75 for SWE and 0.68 for snow depth). Conversely, in the case
of sparse datasets, the lower KGE values (on average -0.4 for SWE and 0.25 for snow
depth) highlight the limitations of the LSTM in achieving performances comparable to the
EnKF-DA (on average -0.5 for SWE and 0.35 for snow depth). Nevertheless, the LSTM
still outperformed the open loop, which recorded even lower KGE scores of -0.50 for SWE
and -0.06 for snow depth.

Overall, the LSTM demonstrates a reduction in bias compared to the Open Loop under
low data sparsity conditions, with a bias reduction of 7 mm in SWE and 3 cm in snow
depth (Figure 4.3, panel h). This improvement becomes even more pronounced in high
data sparsity scenarios, where the bias decreases by 15.96 mm in SWE and 5 cm in snow
depth (Figure 4.4, panel h). However, despite these improvements, the LSTM still exhibits
a higher bias compared to the EnKF.

4.4.2 The role of the memory component

Figures 4.5 and 4.6 show the performance of the LSTM-based analysis compared with the
open loop, the EnKF analysis, and the observations. Panels (a—d) display simulations for
one hydrological year of both SWE and snow depth at two stations. Panels (e—j) present the
values of different performance metrics (RMSE, bias, and KGE) computed across all sites.
The metrics are calculated over three years of data; each box represents the distribution
of the testing samples over this period, while the individual points correspond to results
computed over two years of data, representing the size of the testing sample.

For datasets characterized by low data sparsity (NGK, KTH, FMI-ARC, RME), incor-
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porating a memory component into the LSTM improved its ability to capture the seasonal
dynamics of SWE and snow depth, particularly in accurately representing the timing and
magnitude of peak SWE (see Figure 4.5, panels a and b). However, in some instances (see
Figure 4.5, panels ¢ and d), the memory component did not lead to a significant perfor-
mance gain. Instead, it primarily acted as a smoother, dampening short-term fluctuations
without substantially enhancing predictive accuracy. Additionally, no significant changes
were observed in the snow depth estimation, with a mean RMSE increase of 6 cm compared
to the EnKF (Figure 4.5, panel f).

When considering sites with high data sparsity (CDP, WFJ, TRG), a LSTM with the
addition of a memory component improved both quantitative and timing estimations of
peak SWE and peak snow depth, compared to the LSTM estimates without memory. In
fact, it was observed a mean reduction in RMSE equal to 10 mm for SWE estimates and
equal to 0.5 cm for snow depth estimates. However, for datasets with extremely high levels
of missing data (e.g., 95%, WFJ and TRG — where the assimilated observations consist
of manually measured SWE data, as detailed in the corresponding site references), im-
provements were still insufficient to obtain scores comparable to the EnKF (see Figure 4.6,
panels e and f). Nevertheless, the introduction of the memory component reduced model
instability and improved snowmelt timing, particularly at sites with sparse observations.

Overall, considering both scenarios, biases (Figure 4.6, panel g) were not affected by
the introduction of a memory component.

The inclusion of a memory component narrowed the performance gap between the
EnKF and LSTM compared to the Open Loop. For low sparsity, the LSTM reduced
RMSE for SWE by 29 mm, while in high sparsity, it limited the increase in SWE RMSE to
just 3 mm. In terms of snow depth, the LSTM reduced RMSE by 13 cm in low sparsity and
by 7 cm in high sparsity. However, the EnKF still outperformed this LSTM configuration
in both cases, highlighting its superior performance despite the added memory and runtime
cost.

The KGE values, for both dense and sparse datasets, confirm that the memory com-
ponent primarily acts as a smoother and enhances performance in most scenarios.

4.4.3 Spatial transferability

The LSTM trained on KHT emerged as the only one transferable across sites (Figure 4.7).
For SWE estimation this LSTM showed small drops in performances across other sites
below 20% and, in some cases, even a performances boost (see LSTM on FMI-ARC, RMSE
AND TRG on Tab. 4.3). On the other hand, performance drops for snow depth estimation
varied considerably, from 60% to -1 % (Tab. 4.3). Other LSTMs, such as those trained
in NGK and FMI-ARC, performed less consistently, showing notable increases in RMSE
when transferred to several sites. While recent studies (Kratzert et al., 2024) have strongly
advocated for multi-basin training to achieve robust and generalizable LSTM streamflow
models, here are intentionally present the single-point case here for snow hydrology to
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establish a performance lower bound for snow spatial transferability, highlighting whether
even such a constrained model can outperform the open loop and compare with traditional
DA approaches.

SWE RMSE [mm] snow depth RMSE [cm]

Site | RMSErocar | Ay KTH | Ay, NGK | Ay, FMI-ARC | Ay, RME | RMSErocar [om] | Ay, KTH | Ay, NGK | Ay, FMI-ARC | A, RME

NGK 14.09 +8 - +125 +199 8 +34 - +90 +126

KHT 14.10 - +271 +329 +155 22 - -13 +34 +2
FMI-ARC 9.06 -45 +119 - +32 11 +47 +25 - +78

RME 39.92 -51 +35 +59 - 17 -54 +14 +7 -

CDP 67.61 +18 +68 +74 +66 12 -+60 +62 +253 +128

TRG 73.70 -76 -58 -37 -68 22 -1 +2 +19 +11
Average - -29 +87 +110 +77 - +17 +18 +81 +69

Table 4.3: Percentage change in SWE and snow depth RMSE when using a transferred
LSTM assimilation scheme compared to a locally trained LSTM. Positive and negative
values indicate improvements or degradation in performance, respectively. A wvalues are
obtained as the difference between the RMSE of a locally trained LSTM and that of a
transferred LSTM, respectively for SWE and snow depth.

Tests on correlations between LSTMs performances and biases with various climato-
logical variables showed no statistically significant correlation (see Figure F.1 and F.2 in
the appendix).

4.4.4 Multi-site long-short term memory

To guarantee a meaningful and practical evaluation of the multi-site LSTM performances,
the analysis was performed by comparing RMSE distributions for SWE and snow depth
across water year types. Figure 4.8 presents the RMSE distribution for SWE and snow
depth under varying water year types, comparing the performance of the S3M open-loop
run, the estimates retrieved from the analysis of EnKF, and the LSTM estimates.

A multi-site LSTM generally demonstrated improvements in performance compared to
the S3M open-loop run, particularly for SWE . For dry and average years (Figure 4.8,
panels b and ¢), the SWE estimates from the LSTM showed competitive performance over
EnKF, with a performance drop of less than 6 mm on average. On the other hand, the
LSTM SWE estimation RMSE values were higher during wet years ( +15 mm ). Reduced
performances of the Multi-site LSTM simulation on SWE over wet years may be because
in wet years, an increased number of snowfall events may introduce additional complexity
and uncertainty, both due to the cascading effects of uncertainties in initial conditions and
precipitation phase partitioning (Harder & Pomeroy, 2014). Moreover, the formation of
several snow layers may not be fully captured by S3M.

For snow depth, the improvements were less clear across all water year types. The
RMSE reduction remained modest, with an average loss of 1.8 cm.

Comparing the multi-site LSTM DA with the site-specific LSTM DA trained over
KHT, results show comparable performance for SWE | with neither approach consistently
outperforming the other (see Figure 4.9). In some cases, the site-specific model achieves
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lower errors, while in others the multi-site model performs equally well or slightly better.
For snow depth, however, the multi-site LSTM DA tends to outperform the site-specific
LSTM DA across most sites, although the improvements are generally modest (e.g. see
Figure 4.9 pannel d).

4.5 Discussion of results

In snow-dominated regions, accurate snow estimations are crucial for water resources man-
aging, floods forecasting (Andreadis & Lettenmaier, 2006), and for assessing the impact
of climate change on the hydrological cycle (Siirila-Woodburn et al., 2021). Nonetheless,
significant uncertainties in model predictions and observational data make accurate snow
estimates challenging (Bloschl, 1999). Data assimilation, which integrates both sources,
is arguably one of the most effective methods for improving snowpack-model reliability.
However, state-of-the-art ensemble-based techniques like the EnKF are computationally
intensive, potentially limiting their use in operational contexts. Furthermore, one can ar-
gue that it is not just the computational expense but also the time and effort required for
parameter tuning, setup, and execution that pose significant challenges to their widespread
adoption in such applications.

Here is presented an alternative assimilation framework for snow, which relies on having
a LSTM neural network (Adnan et al., 2024; Song et al., 2024) to learn how to perform
the filtering updates performed by an EnKF.

The key hypothesis underlying this research was that, leveraging DL, it is possible to
preserve the skill of an EnKF, while significantly reducing computational efforts.Testing
this hypothesis required the development of an EnKF emulator capable of reproducing
the behaviour of the DA algorithm. While the use of DL to approximate or replace DA
procedures is becoming increasingly common in the literature (Duan et al., 2024; Demil
et al., 2025; Patel et al., 2025), the primary motivation for developing such an emulator
in this work was not merely to reproduce improvements in observable outputs, such as
SWE and snow depth, but rather to maintain physical consistency across the full set of
state variables. In the physical model used for the forecast step, internal state variables are
dynamically linked to the assimilated observations through the governing model equations.
Consequently, the EnKF analysis step propagates observational information through the
multivariate structure of the state vector. By training an LSTM network to reproduce
the EnKF analysis, the model is expected to learn these implicit relationships directly
from the data. In principle, this enables the emulator to approximate the multivariate
update performed by the EnKF, preserving the internal coherence among state variables
while avoiding the need to explicitly formulate the underlying relationships within the DL
architecture.

First, site-specific LSTMs achieved comparable performances to an EnKF, both in
predicting SWE and snow depth, as well as their seasonal patterns, with also a significant
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reduction in computational time. Besides this temporal efficiency, the LSTM enabled lever-
aging a complex tool like the EnKF only for initial training, then replicating its capabilities
in operational settings using a faster, simpler DA framework.

To evaluate the computational efficiency of the proposed framework, it was bench-
marked against a parellized EnKF. Even though the EnKF already benefits from paral-
lelization during the ensemble prediction step using 15 CPU cores, once trained the LSTM-
based approach provided a further 70% reduction in computational time. This result un-
derscores the potential of the framework to significantly lower computational overhead,
particularly in scenarios with limited resources or parallelization capabilities.

In line with the work of Guidicelli et al. (2024), this finding reinforces the potential
of DL for DA in snow hydrology. Yet, the LSTM performance was found to be highly
sensitive to the temporal resolution of the input data, which is consistent with findings
from other ML studies (Xu & Liang, 2021; Gong et al., 2023b). These results emphasize
the importance of acquiring high-frequency snow data to ensure optimal performance and
accuracy of modern data-assimilation approaches (Dedieu et al., 2016), highlighting the
need for investments in this direction (Cui et al., 2023).

Considering potential developments, the LSTM framework could be extended to pro-
vide not only deterministic predictions but also probabilistic outputs, enabling explicit
estimation of predictive uncertainty. In this context, Klotz et al. (2022) show that LSTM
models can be designed to directly predict full probability distributions, providing reliable
uncertainty estimates in hydrological applications. Their results indicate that approaches
such as mixture density networks are particularly effective, as they capture the complex,
non-Gaussian, and heteroscedastic nature of hydrological uncertainty more accurately than
alternatives such as Monte Carlo dropout,which, however, is easier to implement.

These findings suggest that integrating probabilistic DL within the proposed framework
could further enhance its robustness, especially under data limitations, by providing sta-
tistically consistent uncertainty estimates alongside state predictions, and thus improving
its applicability for operational data assimilation.

Second, the introduction of memory into the algorithm improved both stability and
performance, particularly when working with the inherently noisy outputs of the EnKF and
in locations where data sparsity was a major issue. Future efforts could explore additional
pre-processing of input data to reduce noise (e.g., smoothing or moving averages), though
care must be taken to preserve snow intermittency, which is critical in certain hydrological
contexts.

Third, the LSTM trained on a long dataset (KHT) demonstrated some potential for
spatial transferability with minimal performance loss, opening avenues for distributed ap-
plications of deep DA provided that such long datasets are used in training. Although
using limited datasets in both temporal and spatial coverage compared to recent stud-
ies (Song et al., 2024), the approach discussed so far proved to be effective in speeding
up traditional DA techniques while maintaining comparable performance. Additionally,
this framework, designed to test the operational viability of a quasi-real-time pilot point
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method, still proved the feasibility of an alternative use of LSTM algorithm without loss in
performances. The encouraging results provide a foundation for extending this framework
to broader, more diverse networks in future research. The lack of statistically significant
correlations between performance and specific climatological variables further supports
transferability. According to Karniadakis et al. (2021), DL, which usually requires a large
amount of data to optimally generalize over samples, has a stronger generalization capabil-
ity, even in small data regimes, if such algorithms are developed with a physics-informed
learning approach. In light of this, a soft physical constraints was introduced into the cost
function as a way to incorporate an inductive bias. Although this particular approach did
not prove effective in significantly enhancing generalization, considerable potential remains
in enforcing snow physical constraints in LSTMs (Charbonneau et al., 2024). Further re-
search is needed in this direction to better understand how such constraints can support
model generalization and physical consistency. This finding could contribute to the ongoing
debate around the unresolved question of DL models transferability (Pakdehi et al., 2024).

With few exceptions, the comparison of RMSE reductions from the Open Loop to the
analysis of the LSTM demonstrated substantial improvements. All but 2 out of the 14
site-specific LSTM frameworks significantly outperformed the Open Loop, although none
outperformed the EnKF. Nevertheless, the LSTM ability to deliver marked improvements
over the Open Loop underscores its promise as a computationally efficient and effective
alternative, even under challenging conditions.

Regularization in particular, and uncertainty-quantification more generally, could be
improved by using Bayesian DL (Murphy, 2023). For example, a recent cryospheric study
used an ensemble Kalman method (rather than stochastic gradient descent) to train Bayesian
neural network with an architecture that was tailored to the problem at hand (Pirk et al.,
2024). The contrast between this study, where a neural network learns to mimic the EnKF
update, and Pirk et al. (2024) where an EnKF method trains an uncertainty-aware neural
network, are just some recent examples of the synergies that exist between Bayesian DA
and DL. The aforementioned study of Guidicelli et al. (2024) also explored how DA and
DL could be combined for better uncertainty quantification, not only by having a neural
network learn the posterior spread from an EnKF method but also by adopting a simple
dropout technique for approximate uncertainty quantification in the neural network out-
puts. The links between DL and Bayesian DA are well established in the literature (Arcucci
et al., 2021; Cheng et al., 2023; Murphy, 2023), but this study emphasizes them once more
in this discussion because they are perhaps less known to the snow science community.

The fourth and last key aspect that this study highlighted was no dependency of the
performance of this algorithm on dry and average water years, despite a diminished ro-
bustness in wet years. Nonetheless, this limitation is shared with both the EnKF and
S3M in open-loop, as shown by the distributions in these scenarios. Given the predicted
decline in snow cover over the coming decades and the emergence of more frequent snow
droughts (Larsson Ivanov et al., 2022), the reduced performance of the algorithm in wet
years may have a relatively minor overall impact. Under such a fast-paced changing cli-
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mate, a climatically robust LSTM could account for physical processes changing faster
than scientists change their models (Cowherd et al., 2024a). Additionally, considering a
comparison between two approach, neither the site-specific nor the multi-site LSTM-DA
consistently outperforms the other. While multi-site training is theoretically expected to
improve generalization by exposing the model to a broader range of conditions, this benefit
is not clearly observed for SWE . A likely reason could be an uneven representation of sites,
combined with variability in snowpack properties, meteorological drivers, and measurement
methods, which may bias the model and introduce noise, leading to underfitting. Snow
density also plays a crucial role; SWE is defined as W = dp, where W is SWE [kg/m?], d
is snow depth [m], and p is bulk snow density [kg/m?3]. A site-specific model such as KHT
may implicitly capture a representative density evolution that transfers well across sites,
whereas a multi-site model must attempt to generalize density dynamics across all envi-
ronments, often with less accuracy. Overall, the multi-site LSTM-DA and the EnKF-DA
perform similarly, with the latter only marginally better. This is encouraging, as it high-
lights the potential of the multi-site LSTM-DA to achieve comparable performance while
substantially reducing the computational cost associated with ensemble-based methods.

The lower performance of the LSTM algorithm compared to the EnKF can be attributed
to several factors. When trained as an emulator of the DA procedure, the network inher-
ently depends on the quality of the reference filter used to generate the training data.
Consequently, its predictive capability is constrained by the performance of the EnKF,
and it cannot realistically exceed the accuracy of the filter it emulates. Improvements in
the LSTM architecture could potentially enhance the adequacy of the predictions. For ex-
ample, modifications to the network structure or the inclusion of additional regularization
terms in the loss function, such as an entropy-based component, could help better capture
the variability and uncertainty of the assimilated states.

Another relevant aspect concerns the intrinsic limitations of LSTM models in repre-
senting extreme values. As highlighted by Kratzert et al. (2024), models trained on data
from a single basin may struggle to accurately reproduce maximum levels, as the train-
ing dataset may not sufficiently represent rare or extreme conditions. These aspects may
explain part of the observed performance differences; however, they likely represent only
a subset of the possible causes, and additional factors should be investigated in future
analyses to better understand the limitations and potential improvements of the proposed
framework.sufficiently represent rare or extreme conditions.

It is important to note that the algorithm showed a significant drop in performance
when handling missing or sparse data, contrary to an Ensemble Kalman Filter. Future
work in this regard should focus on improving performance under circumstances of high
data sparsity, exploring advanced smoothing techniques, and extending transferability even
to ungauged catchments. Finally, while the results here showed are based on high-quality
forcing and observational datasets, it is worth acknowledging that operational applications
may involve lower-quality inputs. In such cases, pre-processing strategies (e.g., bias cor-
rection, gap-filling) and hybrid DA—-AI frameworks could help mitigate performance loss,



CHAPTER 4. DEEP LEARNING-BASED DATA ASSIMILATION IN 1D 74

with the potential to selectively down-weight unreliable inputs rather than propagating
their errors through the model. Recent work by Gauch et al. (2025) demonstrates the ef-
fectiveness of imputation and correction methods for handling missing or degraded data in
operational environments, while generative models such as those explored by Dhoni (2023)
offer promising avenues for enriching and augmenting incomplete datasets.
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Figure 4.3: Results for sites with low data sparsity, site spefic LSTM. Panels a,b,c,d:
comparison between ground observation (red) of SWE (top) and snow depth (bottom) and
model estimates by S3M in the open loop (black), using an Ensemble Kalman filter (grey),
and using a LSTM neural network (blue) in Kuhtai (row 1) and Nagaoka (row 2). Panels
e,f,9,h,1,j: box plots of RMSE, bias and KGE for SWE (pan.e for RMSE, panel f for bias
and panel i for KGE) and snow depth (pan.g for RMSE, panel h for Bias and panel j
for KGE); fully coloured points represent sites with less than 3 years of validation data,
whereas empty circle represents outliers.
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Figure 4.4: Results for sites with high data sparsity, site spefic LSTM. Panel a,b,c,d:
comparison between ground observation (red) of SWE (top) and snow depth (bottom) and
model estimates by S3M in open loop (black), using an Ensemble Kalman filter (grey),
and using a LSTM neural network (blue) in Col de Porte (row 1) and Weissfluhjoch (row
2).Panels e,f,g,h,i,j: box plots of RMSE, bias and KGE for SWE (panel e for RMSE, panel
f for bias and panel i for KGE) and snow depth (panel g for RMSE, panel h for Bias and
panel j for KGE); fully coloured points represent sites with less than 3 years of validation
data, whereas empty circle represents outliers.
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Figure 4.5: Results for sites with low data sparsity. Panel a,b,c,d: comparison between
ground observation (red) of SWE (top) and snow depth (bottom) and model estimates by
S3M in open loop (black), using an Ensemble Kalman filter (grey), using a LSTM neural
network (blue) and using a LSTM neural network with memory (light blue) in Kuhtai(row
1) and Nagaoka (row 2). Panels e,f,g,h,i,j: box plots of RMSE, bias and KGE for SWE
(panel e for RMSE, panel f for bias and panel i for KGE) and snow depth (panel g for
RMSE, panel h for Bias and panel j for KGE); fully coloured points represent sites with
less than 3 years of validation data, whereas empty circle represents outliers.
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Figure 4.6: Results for sites with high data sparsity. Panel a,b,c,d: comparison between
ground observation (red) of SWE (top) and snow depth (bottom) and model estimates by
S3M in open loop (black), using an Ensemble Kalman filter (grey), using a LSTM neural
network (blue) and using a LSTM neural network with memory (light blue) in Col de Porte
(row 1) and Weissfluhjoch (row 2). Panels e,f,g,h,i,j: box plots of RMSE, bias and KGE
for SWE (pan.e for RMSE, panel f for bias and panel i for KGE) and snow depth (pan.g
for RMSE, panel h for Bias and panel j for KGE); fully coloured points represent sites with
less than 3 years of validation data, whereas empty circle represents outliers.
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Figure 4.7: Spatial transferability of site-specific LSTMs for SWE and snow depth esti-
mation. Panel (a) shows a comparison between the RMSE for SWE obtained by using each
LSTM at the training site (x-axis) and the RMSE obtained when transferring the same
LSTM to other sites (y-axis). Panel (b) shows the same information, but for snow depth.
The bisectors in the two panels represent the one-to-one lines comparing the RMSE values
for SWE and between the site-specific LSTM and the LSTM trained on a different site. The
dotted lines in both panels serve as benchmarks, indicating the RMSE values achieved by
the site-specific LSTM models. Colors represent training sites, while shapes correspond to
the to sites where each LSTM was applied. The lowest granularity site, WFJ, is excluded.
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Figure 4.9: Comparison of RMSE for SWE (SWE , left column) and snow depth (right
column) across multiple sites and methods. Results are shown for LSTM-DA multisite
(blue), S3M open loop (black), EnKF-DA (grey), and LSTM-DA site-specific (orange).



Chapter 5

Deep learning-based data
assimilation in 2D

Results from the 1D LSTM-based EnKF emulator, trained across multiple locations, demon-
strate the feasibility of developing a spatially distributed emulator from point-scale infor-
mation within the same catchment. Recent literature further supports this strategy. For
instance, Kratzert et al. (2024) emphasize the importance of exploiting information from
multiple locations when modelling complex hydrological processes, while Lievens et al.
(2019) highlight the need to explicitly account for both temporal and spatial variability
in snow dynamics. Together, these findings motivate the extension of the hybrid AI-DA
framework toward a two-dimensional, operational setting, and call for the definition of a
clear and robust methodology for doing so with limited resource and computational costs.

Indeed,being conceived as an emulator, the LSTM training process relies on large train-
ing datasets, generated through extensive ensemble-based DA experiments. At the 2D
scale, the computational cost associated with constructing and evolving such ensembles
would rapidly become prohibitive in context of limited resources and low budget, thereby
limiting the applicability of fully ensemble-based approaches within an operational mod-
elling chain.

To overcome this limitation while still exploiting both temporal and spatial correlations
in snow properties, a hybrid strategy is required.

This chapter is intended as a preliminary exploration, setting out the reasoning and
defining the key steps needed to implement the DL-based DA framework in a two-dimensional
context.

5.1 Point data assimilation for 2D snow variable estimation

The proposed approach is based on performing point-wise DA at a limited number of
strategically selected reference locations, followed by the spatial propagation of the re-
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sulting corrections over the entire basin. The framework will couple an LSTM-based DA
scheme at point scale with a Gaussian Process (GP, Williams & Rasmussen 2006) interpo-
lation algorithm, enabling the transfer of local information to a continuous two-dimensional
domain. Gaussian Process models belong to the broader class of kernel machines.

To introduce the basic principles underlying Gaussian Process (GP) algorithms, let us
consider a supervised learning problem. Let the training dataset be defined as:

D={(xx,yx) | k=1,...,n}, (5.1)

where:

e 1 is the number of observations.
e x; represents the k — th input variable.
e y; is the corresponding output variable.

The objective is to make predictions for new input values that are not included in the
training set. This problem can be formulated as the task of inferring a function f that
maps input values to outputs, based on the finite dataset D, while remaining valid for
all possible inputs. To achieve this, assumptions about the properties of the underlying
function must be introduced. Without such assumptions, any function that interpolates
the training data would be equally plausible, leading to a risk of overfitting.

Two common modelling strategies can be adopted. The first consists of restricting
the hypothesis space by limiting the class of admissible functions, for example to linear
functions of the input variables. While conceptually simple, this approach requires the
specification of the functional class a priori. If the true target function lies outside this
class, the resulting predictions will be inaccurate. Increasing the flexibility of the function
class may improve the fit to the training data, but it also increases the risk of overfitting,
whereby the model captures noise rather than the underlying signal and performs poorly
on unseen data. This approach is the strategy underling the Al-based algorithm developed
so far.

The second strategy consists of assigning a prior probability distribution over the space
of all possible functions, such that functions deemed more plausible are assigned higher
prior probability. This prior is then updated, using Bayesian inference, as observations
(zk,yr) become available. Gaussian Process algorithms follow this second approach. A
GP can be interpreted as a generalization of the Gaussian probability distribution: while a
Gaussian distribution characterizes random variables that are scalars or vectors, a stochas-
tic process defines a probability distribution over functions (Zaparoli Cunha et al., 2023).

Given a finite set of input locations, a GP defines a joint probability distribution over
the corresponding function values f(x). Compared to traditional neural networks, GPs
make weaker structural assumptions by directly defining a prior over functions rather than
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over model parameters. A GP is fully characterized by its mean function p(x) and its
covariance function, or kernel, k(z,z), such that

f(@) ~ GP (=), k(x, ') . (5-2)

Conditioned on the observed data, a GP yields a predictive distribution for unseen
inputs, providing both a predictive mean and variance. This feature enables an explicit
quantification of predictive uncertainty, which is particularly valuable in geophysical and
hydrological applications. The learning process is therefore governed by the choice of
the covariance function and by the estimation of its hyperparameters, which are typically
inferred by maximizing the marginal likelihood of the posterior distribution (Williams &
Rasmussen, 2006).

Despite these advantages, GP methods suffer from significant computational limitations
when applied to large datasets (e.g., n > 10%). In particular, GP inference requires the
inversion of an n x n covariance matrix, resulting in a memory complexity of O(n?) and a
computational complexity of O(n?). Consequently, when extending GP-based interpolation
to large spatial domains or large catchments, it becomes necessary to consider approximate
formulations of the covariance function or sparse GP methods, which will be explored in
future implementations.

The conceptual workflow, at the basis of the future step of my research, is illustrated
in Figure 5.1.
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Figure 5.1: Operational Setup Point data assimilation for 2D Snow Variable Estimation.
This diagram illustrates the operational workflow for integrating observational data with the
S3M (CIMA’s Cryospheric Model) framework, through DA via a Long-Short-Term-Memory
neural network over a selected subset of points; then the interpolation of the correction is
made by using a Gaussian Process regressor.
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The LSTM-based EnKF emulator will initially be trained on a subset of representative
points within the catchment. These points will be selected using a KMeans clustering
algorithm, which groups locations based on topographic and microtopographic features
(Maurer et al., 2021b). Once trained, it will be coupled with forecasts from the physi-
cal model to generate pointwise analysis values. The series of correction terms, cj Vk,
computed as the difference between the analysis :BZ* Vk and the background :BZ’* Vk, will
be then used to train a Gaussian Process regressor. This regressor will interpolate the
corrections across the entire domain, enabling the derivation of 2D snow depth and SWE
estimates from the 1D assimilation outputs.

5.2 Validation of the framework

This framework is currently being validated leveraging meteorological forcing data from
the Aosta Valley, and assimilating the region’s dense network of ground-based snow obser-
vations already presented in chapter 3.

5.3 Future outlook

By developing and validating this Al-based 2D DA framework, the overarching goal is
to enable a more accurate and accessible representation of snow dynamics. Leveraging
satellite observations, this approach could provide reliable 2D estimates of snow depth and
SWE even in ungauged basins, reducing the dependence on extensive in-situ measurements.
This methodology aims to democratize advanced snow modelling, making high-resolution
snow simulations more widely available and potentially improving performance beyond
the limitations (Tyson et al., 2023) of reanalyses alone (Jiang et al., 2021; Lavers et al.,
2022; Kouki et al., 2023). Moreover, applying this framework to underexplored regions
would enhance the understanding of snow processes across climatically diverse areas, with
important implications for global water resource management.

When selecting basins for future analysis, the main objective has been to consider
regions where snow significantly influences water availability, while also prioritizing under-
studied areas. The Mediterranean and Near East regions, in particular, present compelling
candidates for further investigation. These regions share a complex geological history
shaped by plate tectonics, orogenic processes, and climatic influences, resulting in com-
parable snowpack characteristics across their mountain ranges (Cavazza & Wezel, 2003).
Situated along the Alpine-Himalayan orogenic belt, they are affected by the convergence
of the African, Eurasian, and Arabian plates (Kahle & Mueller, 1998).

Notable mountain ranges shaped by this tectonic activity include:

e The Alps (Europe), Taurus Mountains (Turkey), and Zagros Mountains (Iran/Iraq),
characterized by fold-and-thrust structures and extensive carbonate platforms.
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e The Pyrenees and Atlas Mountains (North Africa), which share tectonic similarities
with the Lebanese Mountains and Anti-Taurus in Turkey due to Neogene compres-
sion.

e The Apennines (Italy), Pontic Mountains, and Caucasus, all influenced by Neogene
compressional tectonics, with the Caucasus showing structural deformation related
to the Arabia-Eurasia collision.

These regions also exhibit similarities in snowpack dynamics, as categorized by the Sea-
sonal Snow Classification (Sturm & Liston, 2021b), ranging from Maritime to Ephemeral
Snow. Shared climatological influences, such as the Atlantic Ocean, further align these
regions with other relevant areas like the Tibetan Plateau (TP). Often referred to as the
”Third Pole,” the TP is a critical component of regional and global climate systems, in-
fluencing atmospheric circulation patterns, particularly the Asian Summer Monsoon, and
serving as the source of major rivers sustaining freshwater resources for billions of people
(Miao et al., 2024). Its glaciers and snowpacks are highly sensitive to climate change, with
rising temperatures driving glacier retreat and altered snow cover, complicating regional
hydrology (Zhao et al., 2024a). Interestingly, the TP’s seasonal snow cover, shallow, patchy,
and short-lived, shares characteristics with Mediterranean and Near East snowpacks, sug-
gesting that Al-based modelling approaches developed in one region may be transferable
to others.

Achieving this goal requires a clear strategy, leveraging datasets with high quality and
coverage to train Al algorithms capable of generalizing without significant performance loss.
The proposed plan is to start with a framework trained on the Mediterranean Mountains
and then extend it to other regions. The assimilation of C-SNOW data (Lievens et al.,
2022), treated as ground truth, would serve as a representative subset for calibration.
Virtual 1D snow gauges would be sampled from C-SNOW data to ensure coverage across
different slopes, aspects, and geographical locations. Following assimilation, corrections
would be spatially interpolated using a Gaussian Process algorithm. For meteorological
forcing, ERAb5 or other widely available reanalysis datasets will be employed, enabling
open-loop simulations across multiple basins.



Chapter 6

General discussion and conclusion

The snow hydrology community broadly agrees on the importance of monitoring snowpack
evolution to better capture its implications for water resources and ecosystem function-
ing (Hatchett et al., 2022), as well as society as a whole (including, for example, winter
tourism). This has led to a growing emphasis on advancing both measurement strategies
and modelling approaches. Al has demonstrated strong potential in this context (Revuelto
et al., 2025), as it enables the integration of heterogeneous data sources, enhances the ex-
traction of meaningful information, and efficiently handles the rapidly increasing volume
of available data (Karpatne et al., 2018). Indeed, recent advances in computational capac-
ity and Al have made Al-based methods increasingly attractive within the Earth science
paradigm, including cryospheric research (Zhao et al., 2024b).

While working on this dissertation, I viewed Al as a complementary tool capable of
enhancing our understanding of complex systems (Shen et al., 2018). From this perspective,
AT can reduce technical and computational burdens while opening new opportunities for
theoretical advancement rather than replacing it. At the same time, my experience has been
that these approaches are better appreciated by the scientific and operational communities
when guided by expert knowledge, which is essential for constraining model behaviour,
interpreting outputs, and ensuring that Al-based results are physically meaningful and
suitable for societal applications (Nearing et al., 2021).

Since the beginning of my PhD in 2022, the sparse literature of Al application in
cryosphere science has been increasingly enriched, with studies investigating Al applicabil-
ity across most cryospheric components. Random forest (RF) methods have been widely
used in cryospheric research, including seasonal snow modelling (Ferrarin et al., 2025),
snow phenology (Pan et al., 2025a), the estimation of fractional snow cover (Kuter, 2021;
Liu et al., 2020b; Rittger et al., 2021b) and snow density (Sun et al., 2024). RF has also
been applied to avalanche prediction (Mayer et al., 2022), basin-scale snow depth estimation
through the fusion of LiDAR, in situ, and satellite data (Herbert et al., 2025), and compar-
ative assessments of machine-learning models for high-resolution snow variables retrieval
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from multisensor observations (Dunmire et al., 2024). On the other hand, DL applications
in snow research have so far been more limited and have primarily relied on simple neural
network architectures to estimate fractional snow cover (Moosavi et al., 2014; Liu et al.,
2020b), snow albedo (Chevrollier et al., 2025), and SWE (Bair et al., 2018b). More ad-
vanced architectures, such as recurrent and convolutional neural networks, are emerging,
including approaches to improve in situ snow observations (Svoboda et al., 2025), hybrid
DL-ensemble DA frameworks (Guidicelli et al., 2024) or glacier modelling (Bolibar et al.,
2020; Ren et al., 2024).

In light of this growing body of literature, the use of Al to enhance cryospheric science
provided the conceptual foundation of this PhD research, offering a powerful means to
advance cryospheric science. The integration of Al into hydrological and cryospheric mod-
elling represents a transformative opportunity to improve the understanding and prediction
of complex environmental processes (Taylor et al., 2021). Rather than positioning phys-
ically based and data-driven approaches as competing paradigms, this work is grounded
in the hypothesis that their synergy is essential for the next generation of environmental
models. When informed by domain expertise and physical knowledge, Al augments rather
than replaces traditional modelling frameworks (Shen et al., 2018). Such hybrid approaches
enhance computational efficiency and scalability, and preserve physical consistency and in-
terpretability. A key outcome of this research is the demonstration that expert-informed
data-driven methods can effectively capture the nuanced dynamics of snowpack evolu-
tion while substantially reducing computational cost and technical complexity (Tahmasebi
et al., 2020).

Building on the considerations discussed above, my PhD research main contribution are:
(i) A Random forest automated quality check algorithm for in situ snow depth observations,
and (ii) a 1D EnKF emulator based on a LSTM algorithm. Both algorithms aim at reducing
the computational and time cost of such expensive procedures, especially in operational
chain.

Indeed, the quality and reliability of snow observations play a critical role in both the
accuracy of model outputs and the efficiency of operational snow-modelling chains. Noise
and inconsistencies in high-resolution snow-depth data substantially limit their effective
use in snow models as this poor-quality observations can propagate errors throughout the
modelling workflow, increasing computational effort, wasting resources, and raising opera-
tional costs. In the most critical cases, these issues may compromise the timely delivery of
early-warning information. For instance, snow-depth measurements from ultrasonic sensors
are prone to snow vs. grass ambiguity and random noise. Data pre-processing procedures
(e.g.quality accuracy and quality control) often considered as one of the most time con-
suming step of any modelling chain, have been traditionally carried out by visual being not
easily reproducible or transferable more so considering the increasing volume of available
data. In this context, the Random forest—based quality-control algorithm developed in this
research represents an effective example of how expert domain knowledge can be formalized
and replicated through a data-driven yet physically informed approach.
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The method provides a fully automatic, computationally efficient, and scalable alter-
native to manual screening, significantly reducing the time and resources required for data
quality assurance. The proposed Random forest demonstrates robust performance and
strong generalization capabilities across large spatial domains, achieving F1 scores exceed-
ing 90% for the detection of snow versus grass or bare ground, even in regions outside the
original training dataset. Furthermore, the algorithm exhibits limited sensitivity to differ-
ences in snow-season climatology, indicating its applicability across heterogeneous environ-
mental conditions. Nonetheless, some underestimation of rare and highly irregular random
errors persists, highlighting an area for further methodological refinement in future work.
Overall, the Random forest approach can be readily integrated into both supervised and
unsupervised snow-data processing workflows, providing a reliable and efficient component
for operational snow-depth quality control.

Beyond data preprocessing, the operational application of advanced DA techniques re-
mains constrained by their computational and time requirements, particularly for ensemble-
based methods. The DL-based DA framework developed in this research addresses these
key limitations by leveraging an EnKF emulator.The emulator was designed not only to re-
produce observable outputs, such as SWE and snow depth, but also to preserve the physical
consistency across all state variables. By training an LSTM to replicate the EnKF anal-
ysis, the model learns the implicit multivariate relationships in the data, maintaining the
internal coherence of the state vector without explicitly encoding these dependencies in
the DL architecture. As a result, the LSTM-based emulator achieves snow depth and
SWE estimation performance comparable to the full EnKF, while substantially reducing
computational cost. Indeed, when benchmarked against a parallelized EnKF, it achieved
an additional 70% reduction in computational time. This highlights its potential for op-
erational deployment, particularly in resource-limited environments or where extensive
parallelization is not feasible. Contrary to a traditional EnKF, the proposed configuration
deploys ensemble simulations only during the training phase, while inference is performed
without ensembles, significantly enhancing operational efficiency. Beyond temporal perfor-
mance gains, the framework demonstrated notable spatial transferability. When applied
to regions outside the training domain, SWE estimation performance decreased by only
approximately 20%, indicating robust generalization across spatial contexts and hydrocli-
matic conditions, including dry and average water years. Preliminary multi-site training
experiments further showed that a single LSTM model trained on multiple locations can
generalize effectively to unseen sites, supporting the feasibility of scalable, region-wide
implementations. Nonetheless, the framework exhibits limitations under sparse or discon-
tinuous observational scenarios. Addressing these challenges represents a key direction
for future work, through the development of a distributed framework incorporating ad-
vanced input smoothing techniques and the integration of complementary data sources,
such as remotely sensed observations. Overall, the proposed approach enables the use of
computationally intensive ensemble methods primarily during training, while replicating
their assimilation capabilities in operational settings through a faster and more streamlined
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data-driven framework.

The results obtained from the pointwise Al-based EnKF emulator open the door to
developing a spatially distributed deep DA framework. Building on this idea, the final part
of my research extended the application of LSTMs from single-point setups to multiple
representative points within a catchment. This approach leverages the LSTM-based DA
emulator and incorporates a Gaussian Process interpolation algorithm to propagate correc-
tions across the entire domain. By doing so, it offers a practical compromise between the
need for spatially distributed corrections and the computational constraints of full-domain
deep DA. The implementation of such an approach is ambitious, as it requires the devel-
opment of stable algorithms capable of operating on a subset of catchment locations while
generalizing effectively across the remaining areas without loss of performance. Thus, in
this dissertation I focused on envisioning the theoretical approach and testing all pieces of
the algorithm, leaving for future work the full-scale implementation at catchment scale.

It is worth mentioning that, despite its proven achievements, Al has raised scepticism
within both the hydrological and cryospheric scientific communities, largely due to its
“black-box” nature, which limits transparency regarding the processes leading to a given
output. This lack of interpretability is often perceived as undermining the scientific rigour
and physical coherence of Al-based approaches (Nunez et al., 2023). In parallel, broader
concerns have emerged that the increasing capabilities of Al could supersede human exper-
tise, potentially diminishing the role of domain knowledge and scientific insight (Nearing
et al., 2021). Additionally, performance of Al models remains strongly conditioned by
the representativeness of the training data, which constrains their extrapolation capability
under non-stationary climatic or hydrological regimes (Groger, 2021). This is particularly
critical in the cryospheric domain, where shifts in temperature and precipitation regimes
can alter snowpack behaviour beyond the historical range captured in available datasets
(Trenberth, 2011).

While the computational efficiency of Al-based surrogates represents a clear advantage
for cryosphere and more broadly hydrosphere modelling framework, it should not come at
the expense of process transparency and interpretability. Ensuring explainability remains a
crucial requirement, particularly in operational and decision-support contexts, where trust,
accountability, and physical consistency are essential. Scientists have the role of bridging
the gap between time-efficient outputs and interpretable results, improving the readability
of Al inputs (Nearing et al., 2021; Shen et al., 2018), while still taking full advantage of
the opportunities that Al can offer across the Earth sciences.

Lastly, but equally important, I strongly believe that the cryosphere and hydrology
community’s efforts toward integrating Al solutions into traditional modelling frameworks
have matured beyond the exclusive use of Random forest algorithms. Despite their ease of
implementation and relatively transparent, traceable decision-making structure, future re-
search would benefit from adopting more complex, perhaps even more “black-box”, models
capable of extracting deeper and more nuanced information from the data.

In conclusion, this PhD research advocates for a balanced paradigm in which Al strate-
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gically complements, rather than replaces, physically based models. This synergy enables
deeper scientific insight and more agile environmental prediction systems. By leveraging
the strengths of both approaches, future research can advance robust, interpretable, and
scalable models capable of addressing the multifaceted challenges of a changing climate.



Appendix A

Kalman filters

Kalman filters (Welch, 1995) are sequential DA techniques that optimally combine model
forecasts and observations based on their respective Gaussian error covariances (Sarkka &
Svensson, 2023). Using standard error propagation theory (Gupta & Govindaraju, 2019),
the analysis state is obtained by correcting the forecast (or prior) state with the Kalman
Gain, which weights the difference between forecast and observation according to model
and observation error covariances. This produces a statistically optimal estimate of the
system state, corresponding to the mean of the posterior probability density function.

Rooted in least-squares analysis, the Kalman Filter relies on assumptions of linearity
and Gaussianity. It alternates between a forecast step and an analysis step, sequentially
updating both the state estimate and its error covariance. Still based on the Gaussian
hypothesis, but relaxing the linear one, the ensemble-based models are based on a Monte
Carlo approach. Among these methods, the Ensemble Kalman Filter (Evensen, 2003)
EnKF approximates the posterior PDF through an ensemble of model realizations. Instead
of computing the error covariance matrices, thus having to solve a sometimes computa-
tionally expensive inverse problem, the EnKF estimates the mean and covariance error
matrices from the ensemble.

Mathematically, the Kalman filter (Evensen et al., 2022; Siarkka & Svensson, 2023)
cycles between two steps:

1. Prediction step (also known as the forecast or prior), where the state is propagated
from the previous time ¢;_; to the current time ¢; using a dynamical model.

2. Update step (also known as the analysis or posterior), where the state is corrected
by assimilating available observations.

The analysis step can be expressed as:

Tpa = Trp + Ki (yr — Hpxpp) (A1)

where:
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e x1;, € R" is the background (forecast or prior) model state at time k,
o ;. , € R" is the analysis (posterior) model state at time £,

e Yy € R™ is the observation vector at time k,

Hj : R — R™ is the observation operator mapping model space to observation space
at time k,

K € R™™ ig the Kalman gain at time k, defined as:

—1
K = P H] (H;P, H + Ry) ™, (A.2)

where Py, is the background error covariance matrix and R is the observation error
covariance matrix.

The Kalman gain K;, acts as a weighting factor, balancing the contribution of the model
forecast against the observations in the innovation term (y, — Hxy ). This weighting re-
flects the relative uncertainties in the model (through Py) and in the observations (through
R).

Although the classical Kalman filter is still widely used in signal processing and related
fields (Sarkkéa & Svensson, 2023), it requires linear models with Gaussian error statistics.
To overcome this limitation, several non-linear extensions have been developed. Among
these, the Ensemble Kalman Filter (EnKF) is particularly well suited for high-dimensional,
non-linear geoscientific models (Carrassi et al., 2018; Evensen et al., 2022). Together with
particle filtering methods, the EnKF belongs to the class of ensemble-based methods, which
currently represent the state of the art for snow DA (Aalstad et al., 2018; Alonso-Gonzéalez
et al., 2022).

The EnKF avoids explicit linearization by representing error statistics with an ensemble
of model realizations. Through this Monte Carlo approach (Evensen, 2003), the forecast
error covariance matrix is approximated empirically from the ensemble:

P, = Cov(Ens; — Ens a0 ), (A.3)

where:
e Ens; is the i-th ensemble member,
e Ens,,c.n is the ensemble mean.

In principle, an infinitely large ensemble would recover the true error covariance. In
practice, finite ensembles introduce sampling errors, with approximation errors decreasing
at the rate of 1/v/N, where N is the number of ensemble members.

The ensemble members are propagated forward in time using the dynamical model
and are updated whenever new observations become available. The update step, as in
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the standard Kalman filter, optimally combines the information from model forecasts and
observations, with the Kalman gain determining the relative weighting.

According to Girotto et al. (2020), there is common agreement in the snow hydrology
community on the advantages of assimilation of SWE or microwave radiance observations
through Ensemble Kalman filters; an extensive literature proves overall improvements in
estimates of seasonal snow and related variables (e.g., streamflow and snow cover) (Huang
et al., 2017b; Alonso-Gonzdlez et al., 2022; Metref et al., 2023a). For examples Huang
et al. (2017b) improved streamflow prediction trough SWE assimilation via an Ensemble
Kalman Filter.

In the snow hydrology community, there is broad agreement on the advantages of
assimilating snow-related variables, such as snow water equivalent (SWE), snow depth,
and remotely sensed snow cover (Snow Cover (SC)) or microwave radiance observations,
through EnKF. The EnKF has been extensively applied in snow DA studies (Dunmire
et al., 2026b).

Early work primarily focused on coarse-scale assimilation of in situ SWE and snow
depth measurements, demonstrating improvements in snow state estimates over large river
basins (Slater & Clark, 2006; Durand & Margulis, 2006a; Andreadis et al., 2009; De Lannoy
et al., 2012; Huang et al., 2017a; Pflug et al., 2024).In recent years, research has moved
toward high-resolution snow assimilation over complex terrain. Girotto et al. (2020) and
Alonso-Gonzélez et al. (2022) demonstrated that assimilating SWE and snow depth at
finer spatial scales significantly improves representation of snow state variability. The
most recent studies (Brangers et al., 2024; De Lannoy et al., 2024; Dunmire et al., 2026a)
further advance the field by integrating high-resolution observations and adaptive observa-
tion error modelling, better capturing local-scale snow dynamics and uncertainty. Across
this literature, EnKF consistently improves seasonal snow estimates and related hydrolog-
ical variables, including modelled snow depth, SWE, and streamflow, relative to in situ
measurements, highlighting its value for both research and operational forecasting (Mirza
et al., 2025).



Appendix B

Particle filters

Another Monte Carlo approach to the DA problem is provided by The Particle filter (PF)
(Moradkhani et al., 2005); the PF allows to draw N samples from the Bayesian posterior
(Eq. 2.3) under the assumption that, in the asymptotic limit N — oo, the conditional
density p(x|y) can be properly approximated by the ensemble. In its empirical form, the
posterior at time t;41 can be written as:

N
p(r | yr) = Zw;(f) 5(€I3k - w;(;)) ; (B.1)
=1

where xg) denotes the i-th particle at time ¢z, and 'wl(j) are the associated normalized,

positive weights representing the probability of each particle (Carrassi et al., 2018). The
PF therefore approximates the forecast and analysis probability density functions using a
discrete set of Dirac delta functions(Schiano Di Cola et al., 2021), one per particle.

A key challenge in particle filtering is weight degeneracy; as the assimilation proceeds,
the importance sampling step (the sampling of particles with higher weights) often results
in most particles receiving negligible weights, concentrating the probability mass in only a
few of them. To mitigate this issue, the sequential Importance Resampling (SIR) (Plaza
et al., 2012) algorithm is commonly adopted. SIR periodically replaces low-weight particles
with replicas of high-weight ones, thereby stabilizing the ensemble representation of the
state distribution (Piazzi et al., 2018a).

However, in snowpack modelling, where state variables such as SWE | density, and
albedo may exhibit strong non-linearities and non-Gaussian behaviour, this resampling
step poses non-trivial difficulties. In particular:

e Multivariate likelihoods amplify weight collapse, especially when combining uncer-
tainties from several observed snow variables.

o Infrequent observations of mass-related variables (e.g., SWE or bulk density) accel-
erate sample impoverishment, because particles cannot be sufficiently differentiated
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between assimilation events.

e Perturbing atmospheric forcings alone is typically insufficient to maintain adequate
ensemble spread.

e Parameter perturbation can partly mitigate this issue by injecting structural vari-
ability, but increases sensitivity to the timing and frequency of observations.

At sites with sparse SWE or density data, integrating proxy information through em-
pirical snow density models significantly improves filter performance by providing physi-
cally meaningful constraints. Notably, increasing the ensemble size does not substantially
enhance the assimilation results: computationally expensive large ensembles fail to com-
pensate for insufficient physical diversity or inadequate observational support (Carrassi
et al., 2018).

Overall, the effectiveness of the Particle Filter in snow DA depends less on brute-
force sampling, and more on maintaining ensemble diversity through physically justified
perturbations, while ensuring a sufficient observational backbone to anchor the evolving
state distribution.

Particle Filter (Particle Filter (PF)) approaches have increasingly been applied to snow
DA over the last decade, demonstrating improvements in the estimation of snowpack prop-
erties. Piazzi et al. (2018a) explored the application of PFs for multivariate snow data
assimilation, emphasizing challenges such as sample impoverishment and the critical choice
of temporal frequency for perturbing meteorological forcing. Smyth et al. (2020) first im-
plemented a PF to assimilate snow depth observations, achieving reductions in both snow
density and snow water equivalent (SWE) biases across climate zones in both wet and dry
years.

Later, Deschamps-Berger et al. (2022) extended PF assimilation to spatial snow depth
maps in mountainous regions, showing improvements in both the spatial variability of
simulated snow depth and precipitation bias correction. Complementary studies further
investigated PF approaches for large-scale or spatially distributed snow data. Cantet et al.
(2019) and Odry et al. (2022) implemented spatialized PF to recover the spatial structure
of the snowpack, demonstrating the potential for improving distributed SWE estimation.
More recent work, such asShrestha & Barros (2025) and Oberrauch et al. (2025), has fo-
cused on multi-physics and fully distributed frameworks, showing that the performance of
PF assimilation depends strongly on model complexity, input data quality, and the repre-
sentation of snowpack processes. Additionally, Magnusson et al. (2025) evaluated methods
for estimating SWE from daily snow depth records, illustrating the ongoing interest in
operationalizing PF assimilation with limited observational data.

Despite these advances, most studies still rely on offline or retrospective assimilation,
often using smoothers or post-processed observations. Sequential DA in near-real-time,
where only observations available at the time are used to update model states, remains
underexplored for operational snow modelling. This gap motivates the use of PFs and
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related sequential frameworks in quasi-operational scenarios, where timely updates are
critical for forecasting and hydrological applications.



Appendix C

Machine learning

Machine learning (ML) (LeCun et al., 2015a) is a subfield of AI that enables computer pro-
grams to automatically improve their performance through experience (Learning, 1997).
Considering a supervised learning approach, ML uses data to identify patterns, make pre-
dictions, classify information, or uncover trends across large datasets. In this context,
human expertise is still necessary to select relevant features and structure inputs, as the
overarching goal is to build models that can learn from data and reproduce spatial and
temporal patterns without being explicitly programmed (Samuel, 1959).

The development of ML in hydrology has been shaped by successive generations of
algorithms, each addressing limitations of its predecessors while opening new avenues of
application.

Among the different ML algorithms, Random forest (Breiman, 2001) has become the
state of art technology, due to its simplicity of use (Tyralis et al., 2019), as well as its
proven effectiveness as a classifier or regressor algorithm. Figure C.1 graphically explains
the functioning of a random forest.

Considering the application of such algorithms, several studies have demonstrated the
effectiveness of Random Forest methods across different cryospheric and hydrological con-
texts. Park et al. (2020) developed a Random Forest classifier for sea ice detection using
Sentinel-1 data. Similarly, Desai & Ouarda (2021) applied Random Forest to flood fre-
quency analysis, showing that the method can be as reliable as more complex models
while being computationally more efficient. In the cryospheric domain, Meloche et al.
(2022) demonstrated the capability of a Random Forest algorithm to predict snow depth
distribution from topographic parameters in western Nunavut, Canada, achieving a root
mean square error of 8 cm (23%). In the field of hazard prediction, Ponziani et al. (2023)
showed the effectiveness of Random Forest compared to other ML algorithms by develop-
ing a predictive model for debris flows that could be experimentally integrated into the
early warning system of the Aosta Valley. More recently, Herbert et al. (2025) developed a
Random Forest model that combines intermittent airborne lidar snow depth measurements
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Figure C.1: Schematic of a Random Forest classifier. Multiple decision trees are inde-
pendently trained on bootstrapped samples of the training data. Fach tree outputs a class
prediction, and the final prediction is determined through majority voting across all trees,
enhancing robustness and reducing overfitting.

with continuous SNOTEL observations and physiographic variables to produce daily high-
resolution (50 m) snow depth estimates across mountain basins in Colorado, effectively
bridging the spatial coverage of lidar with the temporal continuity of ground observations.
Likewise, Pan et al. (2025b) generated a 35-year (1988-2023) snow phenology dataset
using a Random Forest model applied to passive microwave satellite data, enabling the
detection of basin-wide trends toward earlier snowmelt onset and snow-off associated with
increasing temperatures in the Yukon River Basin. Finally, Soltani et al. (2026) analysed
the spatiotemporal variability of SWE in the Mackenzie River Basin (2000-2020) using in
situ observations, remote sensing, reanalysis, and machine-learning datasets. Their results
showed that gridded products generally reproduce seasonal and spatial SWE patterns well,
with a Random forest—based dataset exhibiting the lowest errors, while also highlighting
large regional variability and only a slight, statistically insignificant decreasing trend over
time.



Appendix D

Deep learning

Deep learning DL (Goodfellow et al., 2016), based on Artificial Neural Networks (Artificial
Neural Network (ANN)), is a subset of ML that automates much of the manual human
intervention required. Introduced by Hinton & Salakhutdinov (2006), DL algorithms trans-
form raw data representations from one level to a slightly more abstract level, employing
non-linear modules to learn complex functions. At the basis of DL, ANN replicate the
human brain’s function and structure, composed of nodes or artificial neurons. Figure D.1
shows the architecture of an ANN. A brief mathematical introduction is then reported
(Nielsen, 2015).

Each artificial neuron is called a perceptron. A perceptron can have one or more
inputs, which are combined in a summation function. To weight the importance of each
input, every input is multiplied by a corresponding weight, and a bias term is added:

i=1
where:

e z is the output of the neuron’s summation function.

e x; is the ¢-th input to the neuron.

w; is the i-th weight term.

b is the bias term.

n is the number of inputs.

1 is the input index, ranging from 1 to n.

An activation function f then transforms this weighted sum into the neuron output:
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Figure D.1: A schematic of a feedforward neural network training process is illustrated.
Input features (x1,x2) are propagated through hidden layers during forward propagation to
generate predictions y. The loss function compares these predictions with the true values y
to compute a loss score, which is then used by the optimizer to update network weights via
backward propagation. This iterative process continues until the loss function is minimized,

enabling the network to learn the underlying mapping from inputs to outputs. Source:
Pramoditha (n.d.).

a=f(2) (D.2)
where:

e a is the neuron output after the activation function.

e f is a differentiable (usually nonlinear) activation function.

The outputs of one layer are then used as inputs to the next layer, repeating this process
until the prediction layer of the network. The final network output can be written as:

N
y’ = Z w;?“taj + bout (D3)
j=1

where:

e 3’ is the network’s final prediction vector.
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e a; is the output of the j-th neuron in the last hidden layer.

. w;?“t is the weight connecting the j-th neuron to the output.

e b°" is the output layer bias.

e N is the number of neurons in the last hidden layer.

The loss or cost function quantifies the difference between the network predictions and
the target values:

m

1
L=— ! yi Wi D.4
S i) (D.4)

i=1

where:
e L is the general loss function.

e / is a differentiable per-sample loss function, which can be Mean Squared Error
(MSE), Mean Absolute Error (MAE), Huber, cross-entropy, or a custom loss.

e w; is an optional weight for the i-th target.
e y/ is the network prediction vector.
e y; is the target vector.

The training of glsANNs is then performed with the back-propagation algorithm (Rumel-
hart et al., 1985), adjusting weights and biases iteratively to minimize a loss function’s
gradient and achieve a global minimum.

8L—|—8

VL = 8w1 8bl

L (D.5)
where :

e L is the loss function.

. 8%% is the partial derivative referring to the weight term.

. (% is the partial derivative referring to the bias term

Weights and biases are randomly initialized and then updated through back propagation
principle. As the loss function is a function of the weights and biases, the aim of the back
propagation algorithm is to find weights and biases terms that minimize it. To compute the

minimum of the loss function, a gradient descent procedure is used. For each iteration, an
update of the weights and biases is computed; then the Neural Network is re-trained using
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the new parameters value (forward propagation). Forward propagation and backward
propagation will continued for the chosen sample size, until the error reaches minimum
value.

Neural networks were pioneered in the 1940s but gained prominence in the 1980s
through the work of Rumelhart et al. (1985). Advancements in computational power,
graphics processing units (GPUs), and Al have given rise to DL. DL involves multi-layer
neural networks that overcome the limitations of single-layer networks in handling extensive
data and complexity (LeCun et al., 2015b).

Presently, Deep Neural Networks find applications across a wide range of fields, in-
cluding system control, gaming, medical science, finance, and geoscience and hydrology
(LeCun et al., 2015a; Camps-Valls et al., 2021; Sit et al., 2020b). Within hydrology, Ar-
tificial Neural Networks (ANNs) have been successfully applied to streamflow prediction
(Zealand et al., 1999; Besaw et al., 2010), where their main advantage lies in capturing the
strong non-linearities inherent in rainfall-runoff processes. This capability to model com-
plex, non-linear relationships has made ANNs and other architectures increasingly valuable
for hydrological forecasting and environmental modelling.

DL has attracted steadily increasing interest among scientists in diverse fields due to
its ability to represent complex system dynamics without requiring detailed knowledge of
underlying physical processes or relying on rigid structural assumptions (Yu et al., 2024).
This trend is particularly evident in Earth and environmental sciences, where DL is in-
creasingly employed to model highly non-linear processes, including hydrological dynamics,
climate variability, and other environmental phenomena (Zhao et al., 2024b). By learn-
ing patterns directly from data, DL offers a flexible and efficient alternative when physical
models are difficult to formulate, computationally demanding, or constrained by incomplete
observational coverage.

Based on interconnected neural networks, DL architectures excel at extracting system
dynamics from large datasets and can overcome structural limitations that challenge tra-
ditional physically-based models (LeCun et al., 2015a; Murphy, 2023). A major advantage
of DL is its ability to automate feature extraction, reducing the need for extensive man-
ual feature engineering. Nevertheless, the effectiveness of this automation depends on the
specific application and dataset, and careful feature design remains important in many con-
texts. Through successive layers, DL can identify complex non-linear relationships between
inputs and outputs, enabling richer representations of the underlying system dynamics.

Among the most commonly used DL architectures, Long Short-Term Memory (LSTM)
networks (Hochreiter & Schmidhuber, 1997), a type of recurrent neural networks, can
memorize internal system states and capture long-term dependencies between inputs and
outputs. LSTM networks have demonstrated significant success in predicting time-series
data, particularly in hydrological applications, where they have shown comparable perfor-
mance to traditional physically-based models (Fan et al., 2020; Chen et al., 2023; Kratzert
et al., 2018, 2019). Due to the strong temporal autocorrelation and memory of the snow-
pack (Fiddes et al., 2019), these networks appear to be especially well suited for snow.
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In the broader field of operational hydrology, Boucher et al. (2020) pioneered a novel
ensemble-based DA approach leveraging neural networks.

The DL methods are instrumental in addressing challenging problems in the field of
hydrology and water resources (Sit et al., 2020b), such as time-series forecasting (Nearing
et al., 2021), land use and land cover (LULC) classification (Chen et al., 2017; Vali et al.,
2020), hydrodynamic modelling, downscaling (Wang et al., 2020), change and anomaly
detection, hurricane tracking (Rodés-Guirao, 2019), water quality assessment (Chen et al.,
2024), and extreme weather prediction (Camps-Valls et al., 2025).

However, the use of DL for DA remains largely underexplored in the field of snow
hydrology. One exception is the recent study by Guidicelli et al. (2024), who combined
ensemble-based DA with DL to improve spatio-temporal estimates of SWE using sparse
ground track data in the eastern Swiss Alps. This approach utilized an Iterative Ensemble
Smoother, an iterative batch-smoother variant of the EnKF, in conjunction with a degree-
day model to reconstruct SWE temporal evolution, while a feedforward neural network
(FNN) facilitated spatial propagation based on topographic features. As a more recent
exception of combining DL and snow data assimilation, Song et al. (2024) developed an
LSTM-based framework to assimilate lagged observations of SWE or satellite-derived snow
cover fraction (SCF) over the western U.S., aiming to improve seasonal snow predictions.
While their approach further consolidates the potential of DL for DA in snow hydrology, it
relied on a relatively simple assimilation setup, dealing with long lagged time step rather
than a consequential and quasi real time approach. Other than these initial attempts, and
the body of work on stand-alone DL for snow modelling (Cui et al., 2023; Daudt et al.,
2023), the potential of combining advanced DL and DA algorithms for predicting snowpack
dynamics remains largely underexplored (Nema & Nagashree, 2024).
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Random forest test on Italian

stations
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Figure E.1: Monte Cucco (Umbria). Application of Random forest on an Italian station
from October 2017 to September 2018 on the left, and from October 2021 to September
2022 on the right. First row reports correct classification of snow, grass/bare ground, and
random errors (blue for snow depth, green for grass/ground, orange for random errors);
second row reports miss-classified snow depth in red; the third row reports miss-classified
grass/bare ground (in purple). All plots also report measured snow depth in black (whether
it represents actual snow depth, grass/ground, or random errors)
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Sauris di Sopra (Friuli Venezia Giulia)
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Figure E.2: Sauris di sopra (Friuli Venezia Giulia). Application of Random forest on an
Ttalian station from October 2017 to September 2018 on the left, and from October 2021
to September 2022 on the right. First row reports correct classification of snow, grass/bare
ground, and random errors (blue for snow depth, green for grass/ground, orange for random
errors); second row reports miss-classified snow depth in red; the third row reports miss-
classified grass/bare ground (in purple). All plots also report measured snow depth in black
(whether it represents actual snow depth, grass/ground, or random errors)
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Training site specifics

F.1 Coordinates information of the 7 study sites for LSTM
e TRG (Torgnon, Aosta Valley, Italy): 45°50’'N, 7°34'E
e CDP (Col De Porte, Isere, France): 45°3' N, 5°77' E
e WFJ (Weissfluhjoch, Davos, Switzerland): 46°82' N, 9°8' E
e KHT (Kiihtai, Tirol, Austria): 47°20'71” N, 11°00'6” E
e FMI-ARC (FMI-ARC Sodankyld Geophysical Observatory, Finnish Lapland): 67°36'8" N, 26°63'3" E
e NGK (Nagaoka, Japan): 37°25' N, 138°53' K

e RME (Reynolds Mountain East, Idaho, USA): 43°11’9.36” N, 116°46'58.9" W
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F.2 Measurement characteristics across the 7 study sites for

the LSTM
Site SWE Obs. (mm) HS Obs. (cm) | Frequency | Error (SWE /HS) [mm/cm] Time Range
TRG 6h, missing (2012-2013, 2014-2015) v 307 +15/410 Oct 2012-Mar 2023
CDP From 2002 v 1h +5/+1 Oct 1993-Sep 2022
WFJ Manual, sporadic v 60’ +10/+20 Oct 1999-Sep 2018
KHT v v 15 +1/£10 Oct 1990-Sep 2015
FMI-ARC Manual, sporadic v 60’ +15/+10 Oct 2007-Jul 2014
NGK v v 60’ +10/+10 Oct 2006-Aug 2023
RME v From 1999 60’ +10/£10 Oct 1984-Sep 2008

Table F.1: Measurement Characteristics Across Sites.
CDP = Col de Porte, Isére, France.

Ttaly.

USA.

TRG = Torgnon,

Aosta Valley,

WEJ = Weissfluhjoch, Davos, Switzerland.
KHT = Kiihtai, Tirol, Austria. FMI-ARC = FMI-ARC Sodankyld Geophysical Observa-
tory, Finnish Lapland. NGK = Nagaoka, Japanel RME = Reynolds Mountain Fast, Idaho,
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Figure F.1: Analysis of RMSE dependency on site characteristics for SWE and snow
depth across different parameters. Subplots (a-b) show RMSE vs. peak SWE , (c-d) vs.
altitude, (e-f) vs. annual precipitation, (g-h) vs. latitude, and (i-1) vs. longitude. Blue and
cyan markers represent estimations from LSTM with and without memory, respectively.
Correlation coefficients, confidence intervals, and p-values indicate weak or negligible de-
pendence of RMSE on these site characteristics, suggesting general independence of model

performance from these factors.
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Figure F.2: Bias analysis of SWE and snow depth with respect to site characteristics.

Subplots (a-b) illustrate bias vs. peak SWE , (c-d) vs.

altitude, (e-f) vs. annual pre-

cipitation, (g-h) vs. latitude, and (i-l) vs. longitude. Blue and cyan markers represent

estimations from LSTM without and with memory, respectively.

Correlation coefficients

and p-values suggest minimal or no significant bias dependency on these site character-
istics, except for a moderate correlation in specific cases, such as SWE bias with annual

precipitation in (e).



Appendix G
Ensemble Kalman filter for S3M

At each time step k, the observation operator is defined as:

1 1 0 0
Hk—[l 1 oh 0}-
¢ pp Opp

If no measurements of SWE are available:

0 0 0 0
HkZ[l 1 oh 0}
¢ pp Opp

If no measurements of snow depth are available:

110 0
H’“_[oooo]'
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