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Abstract.

Trustworthy estimates of snow water equivalent and snow depth are essential for water resource management in snow-
dominated regions. While ensemble-based data assimilation techniques, such as the Ensemble Kalman Filter (EnKF), are
commonly used in this context to combine model predictions with observations therefore to improve model performance, these
ensemble methods are computationally demanding and thus face significant challenges when integrated into time-sensitive
operational workflows. To address this challenge, we present a novel approach for data assimilation in snow hydrology by
utilizing Long Short-Term Memory (LSTM) networks. By leveraging data from 7 diverse study sites across the world to train
the algorithm on the output of an EnKF, the proposed framework aims to further unlock the use of data assimilation in snow
hydrology by balancing computational efficiency and complexity.

We found that a LSTM-based data assimilation framework achieves comparable performance to state estimation based on
an EnKF in improving open-loop estimates with only a small performance drop in terms of RMSE for snow water equivalent
(+ 6 mm on average) and snow depth (+ 6 cm), respectively. All but 2 out of 14 site-specific-LSTM configurations improved
on the Open Loop estimates. The inclusion of a memory component further enhanced LSTM stability and performance, par-
ticularly in situations of data sparsity. When trained on long datasets (25 years), this LSTM data assimilation approach also
showed promising spatial transferability, with less than a 20% reduction in accuracy for snow water equivalent and snow depth
estimation.

Once trained, the framework is computationally efficient, achieving a 70% reduction in computational time compared to
a parallelized EnKF. Training this new data assimilation approach on data from multiple sites showed that its performance
is robust across various climate regimes, during dry and average water-year types, with only a limited drop in performance
compared to the EnKF (+6 mm RMSE for SWE and +18 cm RMSE for snow depth). This work paves the way for the
use of deep learning for data assimilation in snow hydrology and provides novel insights into efficient, scalable, and less

computationally demanding modeling framework for operational applications.
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1 Introduction

When studying the hydrological cycle, one cannot underestimate the key role played by snow (Pagano and Sorooshian, 2002);
indeed, for snow-dominated catchments, today’s snow is tomorrow’s water. Information on the state and distribution of snow
cover provides helpful information to characterize seasonal water storage (Zakeri et al., 2024), seasonal to annual water avail-
ability (Metref et al., 2023), and several cascading socio-hydrologic implications (Avanzi et al., 2024).

Especially in cold regions, which are heavily affected by climate change (Hock et al., 2019), the snowpack often functions as
the primary source of streamflow, particularly during spring and summer (Bales et al., 2006). Moreover, considering the high
spatial variability in these regions, the scientific community agrees on the needs of reliable estimates of Snow Water Equivalent
(SWE) and snow depth in snow-dominated environments, which are essential for effective and timely management of water
resources (Hartman et al., 1995).

However, the models used in operational snow hydrology are hampered by uncertainties (Beven, 2012). Uncertainties arise
from the accuracy and reliability of the equations and their discretization used to numerically represent physical processes
on a computer (structural uncertainty), as well as from model inputs (e.g., meteorological uncertainty) and model parameters
(parametric uncertainty, see Girotto et al., 2020). To constrain this uncertainty, independent snow-related data sources such as
ground-based measurements or remotely sensed measurements can be used (Tsai et al., 2019), but all observations are also sub-
ject to inherent uncertainty in the form of unknown observation and representation errors (Gascoin et al., 2024; Van Leeuwen,
2015). Ground-based snow measurements, for example, are limited to environmental conditions at the point-scale, which are
often influenced by instrumental noise as well as local distortions by wind, topography, and vegetation, which pose challenges
at the scale of a model grid cell (Malek et al., 2017). It is also worth mentioning that their representativeness is expected to
degrade in the future due to evolving climate and land surface conditions, further limiting their utility for large-scale modelling
efforts (Cowherd et al., 2024b). In contrast, remote sensing provides spatially explicit information, but its measurements are
frequently constrained by a coarse spatial resolution and additional uncertainties in retrieval algorithms (Aalstad et al., 2020).

Given the uncertainties inherent in both models and measurements, data assimilation presents a promising framework to
optimally combine them (Evensen et al., 2022), so as to provide a statistically optimal estimate of the snowpack state. In the
recent decade, snow data assimilation has progressed from a limited number of case studies to more established and widely used
techniques (Largeron et al., 2020; Girotto et al., 2020; Alonso-Gonzdlez et al., 2022), largely driven by advancements in satellite
data products and computational resources (Houser et al., 2012; Aalstad et al., 2018; Deschamps-Berger et al., 2023; Lievens
et al., 2022; Mazzolini et al., 2024). Commonly assimilated variables include snow-covered area (SCA) (Margulis et al., 2016),
snow depth (Girotto et al., 2024) and SWE (Magnusson et al., 2014). Recent research has also begun to explore the potential
of thermal infrared sensors and radar data (Alonso-Gonzdlez et al., 2023; Cluzet et al., 2024). From a methodological point of
view, while traditional methods such as direct insertion or nudging (Boni et al., 2010) are still widely used, research interest in

this field is increasingly shifting towards Bayesian data assimilation techniques such as the Ensemble Kalman Filter (EnKF)
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and the Particle Filter (PF) (Evensen et al., 2022). These Bayesian methods, which account for uncertainties both in the model
and the observations, have demonstrated signi cant improvements in predictions of snow and stream ow variables (Huang
et al., 2017; Alonso-Gonzalez et al., 2022; Metref et al., 2023). On the other hand, they typically incur high computational
costs (Girotto et al., 2020), which are often incompatible with operational procedures (Pagano et al., 2014).

The high computational cost of ensemble-based (Monte Carlo) data-assimilation techniques such as the EnKF and the PF
arises from the need to perform a large ensemble (collection) of model predictions, which can strain computational capacity
and extend processing times (Evensen et al., 2022). Consequently, the deployment of these ensemble-based techniques
real-time applications can be challenging, necessitating ef cient algorithms and robust computing infrastructure to ensure
timely and accurate results. Decreasing such computational requirements would allow one to obtain estimates with a shorter
turnaround and/or to increase model complexity with the same computational burden. In this context, it is worth mentioning
the work of Oberrauch et al. (2024), one of the few studies that addresses the challenge of implementing a particle-based
data assimilation scheme for large-scale, fully distributed, near real-time snow modelling applications, effectively balancing
computational feasibility with operational ef ciency.

Recently, Deep Learning (DL) has gained attention for its ability to model complex system dynamics without requiring
detailed knowledge of physical processes or relying on strict structural assumptions (Sit et al., 2020). Based on interconnectec
neural networks, these model architectures excel at learning system dynamics from large datasets, and may overcome th
structural limitations that challenge traditional physically-based models (LeCun et al., 2015; Murphy, 2023). Among the most
commonly used Deep Learning architectures, Long Short-Term Memory (LSTM) networks (Hochreiter and Schmidhuber,
1997), a type of recurrent neural networks, can memorize internal system states and capture long-term dependencies betwee
inputs and outputs. LSTM networks have demonstrated signi cant success in predicting time-series data, particularly in hydro-
logical applications, where they have shown comparable performance to traditional physically-based models (Fan et al., 2020;
Chen etal., 2023; Kratzert et al., 2018, 2019). Due to the strong temporal autocorrelation and memory of the snowpack (Fiddes
et al., 2019), these networks appear to be especially well suited for snow analysis.

In the broader eld of operational hydrology, Boucher et al. (2020) pioneered a novel ensemble-based data assimilation
approach leveraging neural networks. However, the use of Deep Learning for data assimilation remains largely underexplored
in the eld of snow hydrology. One exception is the recent study by Guidicelli et al. (2024), who combined ensemble-based
data assimilation with Deep Learning 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 Deep Learning 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 Deep Learning for data assimilation 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. Othel

than these initial attempts, and the body of work on stand-alone Deep Learning for snow modelling (Cui et al., 2023; Daudt
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et al., 2023), the potential of combining advanced Deep Learning and data assimilation algorithms for predicting snowpack
dynamics 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 data assimilation methods in snov
hydrology by proposing an alternative approach for assimilating snow-related quantities, speci cally SWE and snow depth,
through the use of LSTM networks. These networks will be trained on the output from an EnKF, with the goal of improving
snowpack estimations while minimizing computational efforts. Here we utilize S3M, a hybrid temperature-radiation-driven
cryospheric model (Avanzi et al., 2022), as our dynamical model combined with the state analysis (updates) of an EnKF to
train an LSTM to assimilate SWE and snow depth data in S3M for 7 disparate study sites across the northern hemisphere. The
study will focus on investigating four main research questions: (i) What is the performance of a LSTM network in ltering,
especially in comparison with an EnKF? (ii) How does the performance of the network respond to data sparsity? (iii) Is it
feasible to transfer an LSTM algorithm trained on one site to other sites without a signi cant loss in performance? (iv) How
does the performance of the model vary between different types of water years?

2 Materials and Method
2.1 Data

When working with Deep Learning algorithms, the quality of the dataset is crucial, as the performance of the trained net-
work will highly depend on it (He et al., 2019). Hence, in this study we employed high-quality, pre-processed datasets from
long-term, internationally acknowledged snow research stations across the northern hemisphere (Figure 1). The datasets use
where those of precipitationomm=h), solar radiation\(\/:mz), relative humidity $0), air temperature C), and daily average
temperature (C) along with SWE fhm=h) and snow depth (cm) ground measurements.

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

« Torgnon, Aosta Valley, Italy — TRG (Filippa et al., 2015).

e Col De Porte, Isére, France — CDP (Lejeune et al., 2019).

» Weiss uhjoch, Davos, Switzerland — WFJ (Wever, 2017).

« Kuhtai, Tirol, Austria — KHT (Kragi et al., 2017).

» FMI-ARC Sodankyla Geophysical Observatory, Finnish Lapland — FMI-ARC (Essery et al., 2016).
» Nagaoka, Japanel — NGK (Avanzi et al., 2019).

* Reynolds Mountain East, Idaho, USA — RME (Reba et al., 2011).
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The sites were selected to ensure geographic and climatic diversity, spanning various regions that are exposed to a variety o
show climates (Sturm and Liston, 2021), (see Table 1 and Table 2). The characteristics of the site vary widely, with elevations
ranging from lowland areas such as Sodankyla (179 m) to high alpine environments such as Weiss uhjoch (2540 m). Annual
and winter precipitation varies signi cantly 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 this comparative
analysis, winter is de ned as the meteorological winter in the northern Hemisphere, spanning the months of December through
February. Air temperature ranges re ect this environmental diversity, encompassing cold alpine regions, temperate meadows,
and wetlands.

Site Description Altitude (m a.s.l) | MAP (mm) | MWP (mm) | MAAT [minmax]( C)
TRG Subalpine grassland 2160 794 161 3[ 15;20]
CDP Grassy meadow 1325 1896 550 6[ 13,17]
WFJ Almost at area 2540 1631 391 1[ 21;17]
KHT Steep alpine valley 1920 1131 186 3[ 1822]

FMI-ARC Large wetland area 179 551 125 0[ 3527]
NGK Flat meadow 97 2773 1104 12[ 5;36]
RME Unsheltered mountain area@ 2137 817 350 5[ 20;30]

Table 1. Geographic and climatic characteristics (annual precipitation and air temperature statistics) at the selected study sites. MAP=mean

annual precipitation (mm), MWP= mean winter precipitation (mm), MAAT = mean annual average temperature ( C)

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
WFJ 802 23 From October/November to Augus Tundra
KHT 347 15 From October/November to mid Junje  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 2. Summary of snow characteristics at the selected study sites. Snow classi cation by Sturm and Liston (2021).

The record period for each dataset varied depending on the timeframes available at each site. To ensure uniform applicatior
of the algorithm, all datasets were resampled to a 1-hour frequency using linear interpolation. This hourly resolution resolves
day-night cycles of melting and refreezing, revealing air temperature uctuations and their relationship with snowpack out ow.

In addition, it enables the evaluation of the precipitation dynamics, the primary mass input to the seasonal snowpack (Avanzi
etal., 2014).
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Measurement errors used in the data assimilation process (see Section 2.3) were assigned according to the speci ¢ instru
mentation utilized at each site, drawing from a combination of expert knowledge and relevant literature ( see Tab. Al in the
Appendix).

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

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

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

2.2 The Model: S3M 1D

"Snow Multidata Mapping and Modelling (S3M)" is a spatially distributed cryospheric model developed to compute the snow
mass balance and estimate snowmelt using a combined temperature index and radiation-driven melt approach (Avanzi et al.
2022). S3M also includes processes such as snow settling, liquid water out ow, changes in snow albedo, and the partitioning
of precipitation phases. S3M is the cornerstone of several operational chains managed by CIMA Research Foundation, which
provide real-time, spatially explicit estimates of snow cover patterns (Avanzi et al., 2023).

For this pilot application of a new deep data assimilation scheme, a point-scale version of S3M has been employed. 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.

2.3 Ensemble Kalman Filter Assimilation Scheme

Aiming at mimicking an established ensemble-based data assimilation algorithm with a Deep-Learning-based approach, we
chose a supervised learning approach to our problem (Murphy, 2022). Hence, the training data had to be derived from the
state analysis output by such data assimilation scheme. The assimilation algorithm used as training was designed to focus
on retrieving an accurate analysis of the state vectd® R" with n the number of states), including both the wet and dry
components of SWE, the density of dry snow (kg)mand the snow albedo (-). Given the nonlinear nature of S3M , it was
decided to use an ensemble method that approximates the posterior probability density function of the analysis using the mear
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.

Kalman Filters, which are sequential data assimilation techniques, optimally combine linear model simulations and obser-
vations based on their respective Gaussian error covariances (Sarkka and Svensson, 2023). The analysis state is obtained |
applying a correction to the model forecast (or prior) state, weighted by the Kalman Gain, which incorporates information from
both model and observation error covariance.

Mathematically, the Kalman Iter cycles between a prediction step, knowth@$orecasbr the prior in DA, propagating
the state from the pervious tintg ; to the current timey using a dynamical model and a subsequent update step, known






