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Abstract

Climate change is modifying global precipitation patterns and bringing about unprecedented
changes in the different facets of the water cycle. In order to be better prepared for the
potentially adverse impacts of climate change on water resources, we need to improve our
understanding of the water cycle. Environmental tracers such as stable water isotopes
provide a useful medium to help untangle the complex web of Earth System processes. Stable
water isotopes are naturally present in rainfall and snowfall, making them an ideal
environmental tracer to track the journey of a water particle along its entire hydrologic life

cycle.

In this thesis, | use stable water isotopes to improve the representation of hydrological
processes occurring within mountainous landscapes in rainfall-runoff models. In the first
chapter, | undertake a comprehensive review of ways in which stable water isotopes have
been used in snow hydrology, with a special focus on mountainous environments. This review
explains the different transformations that a water particle undergoes once it enters the
landscape through rainfall or snowfall. In the second chapter, | build a novel Bayesian mixing
model that derives valuable information from stable water isotope data, while taking into
account the numerous limitations of field hydrology. In the third chapter, | propose a new
hydrologic modeling framework that uses information derived from stable water isotopes, as
illustrated in Chapter 2, to build more reliable rainfall-runoff models by constraining both the
celerity and velocity behavior of catchments. This modeling framework is comprehensively
evaluated in a Swiss Alpine catchment called Vallon de Nant. Finally, in the fourth chapter, |
use stable water isotopes, streamflow recession analysis, and a conceptual groundwater

model to show how climate change may increase groundwater recharge in the Swiss Alps.

This thesis therefore improves our understanding of the dominant hydrologic processes
occurring in mountainous environments, and provides a novel approach to parameterize
these processes within rainfall-runoff models. The key findings are summarized in the final
chapter, where | also highlight practical challenges in isotope hydrology, and propose future

research directions.
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Résumé

Le changement climatique modifie mondialement les schémas de précipitation et entraine
des changements sans précédent dans les différentes facettes du cycle de I'eau. Afin d'étre
préparés aux potentiels effets négatifs dus au changement climatique sur les ressources en
eau, nous devons améliorer notre compréhension du cycle de l'eau. Les traceurs
environnementaux tels que les isotopes stables de I'eau constituent un moyen pour déméler
le complexe réseau des processus du systéme terrestre. Ces isotopes stables de I'eau sont
naturellement présents aussi bien dans la pluie que dans les chutes de neige, ce qui en fait un

traceur idéal pour suivre le parcours d'une particule d'eau tout au long de son cycle de vie.

Dans cette thése, j'utilise les isotopes stables de I'eau pour améliorer la représentation des
processus hydrologiques se produisant dans les paysages montagneux dans les modeles de
pluie et de ruissellement. Dans le premier chapitre, j'entreprends un examen complet des
différentes facons dont les isotopes stables de I'eau ont été utilisés dans I'hydrologie et en
particulier de la neige, en mettant l'accent particulier sur les environnements montagneux.
Cette revue explique les différentes transformations qu'une particule d'eau subit une fois
dans le paysage, par la pluie ou par les chutes de neige. Dans le deuxieme chapitre, je
construis un nouveau modele mixte bayésien qui tire de précieuses informations des données
isotopiques de I'eau, tout en tenant compte des nombreuses limites des données de terrain.
Dans le troisieme chapitre, je propose un nouveau cadre de modélisation hydrologique qui
utilise les informations dérivées des isotopes stables de I'eau, comme illustré dans le chapitre
2, pour construire des modeles fiables de précipitations et de ruissellement, ceci en limitant
a la fois la célérité et la vitesse des bassins versants. Ce cadre de modélisation est évalué de
maniere exhaustive dans Vallon de Nant, un bassin versant des Alpes suisse. Enfin, dans le
guatrieme chapitre j'utilise les isotopes stables de I'eau, I'analyse par récession du débit des
cours d'eau et un modele conceptuel des eaux souterraines pour montrer comment le
changement climatique pourrait augmenter la recharge souterraine en eaux dans les Alpes

suisses.

13



Cette thése améliore donc notre compréhension des processus hydrologiques dominants qui
se produisent dans les environnements montagneux, et fournit une nouvelle approche pour
paramétrer ces processus dans les modeéles de pluie et de ruissellement. Les principales
conclusions sont résumées dans le dernier chapitre, ou je souligne également les défis

pratiques de I'hydrologie isotopique et propose des orientations de recherche pour I'avenir.
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General Introduction

Background and rationale for the study

Climate change modifies atmospheric circulation dynamics resulting in significant changes in
precipitation patterns, with ensuing impacts on the hydrosphere and biosphere (Malhi et al.,
2020). We are already experiencing the climate repercussions with large scale species
extinction (Ceballos et al., 2017), increased instances of floods and droughts (Stott, 2016),
and major issues in food security (Schmidhuber and Tubiello, 2007). In order to protect the
biosphere from the potentially adverse impacts of climate change, we need to have a very
good understanding of the different facets of the water cycle. This will allow building reliable

hydrological models that make robust predictions about future water resources.

Mountain environments are at the forefront of this change, with their average temperatures
projected to rise by 0.25 - 0.4 °C/decade (Nogués-Bravo et al., 2007) resulting in higher
amount of rainfall at the cost of snow and an earlier onset of snowmelt (Clow, 2010; Dudley
et al., 2017). The propagation of these changes across mountainous regions is expected to
reduce streamflow (Berghuijs et al., 2014), increase the frequency of stream droughts
(Jenicek et al., 2018), and adversely impact tree growth (Campbell, 2019). This is particularly
relevant for the global economy as snowmelt from mountainous regions sustain critical water
supplies for the various needs (such as irrigation, hydroelectric power generation, etc.) of
over one-sixth of the global population (Barnett et al., 2005; Kapnick et al., 2018; Viviroli et
al., 2007).

Mountain landscapes are extremely complex in terms of their geological features and their
hydrologic behavior. For instance, water in the Alpine catchments is stored in the form of
glacier, snow, soil, and groundwater, creating multiple flow paths among different storage
compartments. The interactions between these compartments add substantial complexity to
the hydrology in these regions. Resolving this level of complexity requires large amount of
hydrometeorological measurements. However, such measurements are difficult to obtain
because of the remote location and the harsh winter conditions, with frequent avalanches

making the job of systematic data collection incredibly difficult. Also, such catchments

15



respond very quickly to rainfall or snowmelt events, in the time scale of a few minutes, often
triggering flash floods downstream. It becomes imperative to better understand mountain

hydrology and develop reliable hydrological models for these regions.

Traditionally, most hydrological models that are used in mountainous landscapes are
calibrated against streamflow, as streamflow data are widely available (Hrachowitz et al.,
2016). However, streamflow data alone cannot constrain all the hydrologic fluxes, limiting the
predictive power of such models. This leads to scenarios where the model reproduces
streamflow hydrographs, but at the cost of errors in other flux estimates. For example,
hydrological models often overestimate evaporation flux by underestimating soil moisture
content, while simulating streamflow reasonably well (Sutanudjaja et al., 2014). This becomes
especially relevant in a scenario when a large rainfall event follows, and the model is unable
to reproduce the high streamflow because the antecedent soil moisture conditions within the
model domain was much lower than reality. Other examples include incorrect partitioning
between tree water uptake and groundwater recharge. These sorts of model conflicts arise
when the model fails to correctly simulate the internal system dynamics such as flux
partitioning (Hrachowitz and Clark, 2017). This has been also referred to as equifinality in the
hydrologic literature, where multiple model parameter states lead to similar model
performance (Beven and Freer, 2001; Khatami et al., 2019), making it difficult to identify the
most reliable parameter set. Equifinality can lead to a breach in confidence in the results of a

hydrological model, limiting its usage for future climate evaluations.

Including auxiliary datasets such as remote sensing based estimates of evapotranspiration
(Odusanya et al., 2019; Rajib et al., 2018), snow cover (Nijzink et al., 2018; Parajka and Bl6schl,
2008; Salvatore et al., 2018), groundwater (Bai et al., 2018; Dembélé et al., 2020), and soil
moisture (Kunnath-Poovakka et al., 2016; Sutanudjaja et al., 2014) have been proposed to
improve the parameter identifiability problem. More recently, calibration based on
hydrologic signatures such as flow duration curves has gained traction to get around the
problem of overfitting, while aptly constraining the hydrological model (Addor et al., 2018;
Branger and McMiillan, 2020; Jayathilake and Smith, 2019; Kelleher et al., 2017; Shafii and
Tolson, 2015). A detailed review linking hydrologic signatures to hydrologic processes is given

in McMillan, (2020).
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Another reason for poorly constrained hydrological models is that a lot of these models do
not adequately differentiate celerity from velocity (Mcdonnell and Beven, 2014). Celerity
represents the speed of propagation of a large rainfall or snowmelt event through a
catchment, whereas velocity represents the speed at which a water particle traverses through
the catchment. A hydrological model calibrated against streamflow captures the celerity (i.e.
the fast response behavior) of a catchment, which is mainly controlled by storage deficit.
However, such a model fails to resolve the velocity aspect, which is largely controlled by the
geomorphological characteristics of subsurface storage (Mcdonnell and Beven, 2014), and
the catchment moisture state (Harman, 2015). Accounting for both celerity and velocity is
especially relevant in mountainous catchments, where large convective summer rains trigger
flash floods (Brunner et al., 2018; Stoffel et al., 2016; Weingartner et al., 2003). However,
during such flash floods, most of the stream water still comes from pre-event water (Kirchner,
2003; Klaus and McDonnell, 2013; Obradovic and Sklash, 1986; Pearce et al., 1986), i.e. the
rainfall event only helps mobilize older water that was already stored within the catchment.

This distinction is often not made in hydrological models.

Naturally occurring environmental tracers such as stable water isotopes, conservative solutes,
etc. capture the velocity response of a catchment, which if used with streamflow data, can
help in constraining both celerity and velocity responses of the catchment. This distinction
can help resolve conflicts in the internal partitioning within hydrological models, hence
improving hydrologic realism. A detailed overview of the basics of stable water isotopes is

provided in Section 1.3.

Stable water isotopes have usually been used to learn about the dominant hydrologic
processes occurring within a catchment (Birkel and Soulsby, 2015; Son and Sivapalan, 2007;
Vaché and McDonnell, 2006), thereby helping inform the model structure. Additionally, they
have been used in water quality modeling. In such applications, a solute transport equation
is solved in addition to the water balance equation and the isotopic ratio aids in calibrating
parameters of the solute transport model (Birkel and Soulsby, 2015; Hrachowitz et al., 2013;
Tetzlaff et al., 2015). However, the number of parameters in such a transport model is much

higher than in regular hydrological models. Hence, due to the enhanced model complexity, it
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is unclear if information gained by using additional data compensates for the subsequent
increase in model complexity (Kelleher et al., 2019). In the absence of sufficient data to
constrain the model, issues related to equifinality might occur, where the observed dataset
is insufficient to constrain the most likely model parameter state (Beven and Freer, 2001;

Shafii et al., 2019), reducing confidence in the predictive power of such a model.

Transit time modeling is another way to incorporate isotope data to help inform the internal
flux partitioning within the hydrological model. Transit time of water is the time taken by a
water particle to exit a catchment after being first introduced (Benettin et al., 2015). In this
modeling approach, a Master equation which estimates the average residence time of water
within a catchment is solved (Botter et al., 2011), yielding the expected (or mean) transit time,
which is a catchment specific property. Such an approach uses the flux estimates from a
hydrological model, and estimates the degree of mixing occurring within the different
catchment storages (Harman, 2015). Transit time modeling provides a stochastic alternative
to modeling solute transport and hence can be used in water quality modeling (Hrachowitz

et al.,, 2016).

In this work, | use stable water isotopes to learn about the dominant hydrological processes
within a Swiss Alpine catchment, Vallon de Nant, and use this information to build more
reliable hydrological models. | also demonstrate that stable water isotopes provide valuable
information about complex hydrological processes such as groundwater recharge, and can be
used to estimate the impact of climate change on groundwater recharge in the Alps. The

specific objectives of this project are summarized in the following section.

Research Objectives

The research goals can be summarized as:

o Toidentify ways in which stable water isotopes have been used in order to learn about
the dominant hydrological processes, with a special focus on snow-influenced Alpine

catchments.
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o To develop a mixing model that works with small sample sizes (a common limitation
in isotope hydrology), and provides flexibility to incorporate transformations made by
different hydrological processes.

o To develop a novel approach of integrating stable water isotopes within a continuous
hydrological model and test it in a Swiss Alpine catchment, Vallon de Nant.

o To use the insights gained by the last two objectives to better understand the impact

of climate change on groundwater recharge in snow-dominated regions in the Alps.

Structure of the thesis

The first chapter summarizes the current state of knowledge of how different hydro-
meteorological processes affect the isotopic composition of snow in its different forms
(snowfall, snowpack, snowmelt), and through selected examples, discusses how stable water
isotopes can provide a better understanding of snow hydrological processes, both through a
gualitative and a quantitative lens. The synthesis summarizes the journey of a snow particle
along its entire hydrologic life cycle, and highlights the major practical challenges remaining

in snow hydrology and proposes future research directions.
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Figure I1. Life cycle of snow seen through the eyes of a hydrologist highlighting fluxes that
lead to an enrichment or depletion in stable water isotopes of the snowpack (on the ground
or intercepted by canopy); fluxes for which there is no systematic effect or no significant

effect are also identified. (Graphic based on original work from www.freepik.com)

In the second chapter, a novel Bayesian mixing model is developed that solves the classical
linear mixing problem in a Bayesian inference framework, while addressing problems of small
sizes. Conventional mixing models require large amount of data which is generally not
available in isotope hydrology. This new mixing approach works even with limited data
availability. Additionally, the model accounts for an often overlooked bias that arises due to
unweighted mixing. The efficacy of the model is established using a series of statistical
benchmarking tests, a virtual hydrological experiment and a real case study where the
proportion of groundwater recharge coming from summer vs winter precipitation is

estimated within a Swiss Alpine catchment, Vallon de Nant.

In the third chapter, a semi-distributed hydrological model is developed to simulate
streamflow in Vallon de Nant at very high temporal resolution (10-minutes). The stable water
isotope data are then incorporated within the hydrological model using a novel Bayesian

calibration scheme and the mixing model developed in Chapter 2. The coupling strategy
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ensures that both celerity and velocity components of the catchment are appropriately

represented within the model domain, without significant increasing model complexity.

In the final chapter, the Bayesian mixing model which was developed in Chapter 2 is used with
a recession analysis to show that the extent of groundwater recharge in the high elevation
regions of the Swiss Alps will increase in a warming climate. Higher winter streamflow might
lead to reduced summer flows, with ensuing negative consequences for freshwater
ecosystems and more broader concerns about water security and aquatic ecosystem

resilience.

| then conclude the thesis with a summary of the key takeaways from this project followed

by an open discussion about future possible work.
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Abstract

Snowfall may have different stable isotopic compositions compared to rainfall, allowing its
contribution to potentially be tracked through the hydrological cycle. This review summarizes
the state of knowledge of how different hydro-meteorological processes affect the isotopic
composition of snow in its different forms (snowfall, snowpack, snowmelt), and, through
selected examples, discusses how stable water isotopes can provide a better understanding
of snow hydrological processes. A detailed account is given of how the variability in isotopic
composition of snow changes from precipitation to final melting. The effect of different snow
ablation processes (sublimation, melting, and redistribution by wind or avalanches) on the
isotope ratios of the underlying snowpack are also examined. Insights into the role of canopy
in snow interception processes, and how the isotopic composition in canopy underlying
snowpacks can elucidate the exchanges therein are discussed, as well as case studies
demonstrating the usefulness of stable water isotopes to estimate seasonality in the
groundwater recharge. Rain-on-snow floods illustrate how isotopes can be useful to estimate
the role of preferential flow during heavy spring rains. All these examples point to the
complexity of snow hydrologic processes and demonstrate that an isotopic approach is useful
to quantify snow contributions throughout the water cycle, especially in high elevation and
high latitude catchments, where such processes are most pronounced. This synthesis
concludes by tracing a snow particle along its entire hydrologic life cycle, highlights the major

practical challenges remaining in snow hydrology and discusses future research directions.

Keywords: throughfall, stemflow, wind redistribution, ablation, isotopic lapse rate
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1.1. Introduction

Seasonal snow covers 47 Mkm? or 30 % of the Earth’s land surface, with 98 % of this cover
located in the Northern Hemisphere, specifically in North America and Eurasia (Brodzik and
Armstrong, 2017; Robinson et al., 1993). In fact, more than 50 % of North America and Eurasia
are seasonally snow-covered. Snow is thus a key element of both the Earth’s hydrological
cycle and its surface energy balance (Frei et al., 2012). Depending on the different
meteorological conditions, the temporary accumulation of water in the form of snow shifts
daily, seasonally, and annually, from the period when precipitation falls as snow to the period
when water is released via sublimation and melting. In the year 2000, around one sixth of the
World’s population was living in places with snow-dominated water resources and with low
artificial water storage capacity, i.e. using water resources heavily reliant on the natural water

storage capacity of snow (Barnett et al., 2005).

The dynamics of snow accumulation, storage, and melting play a major role in hydrological,
ecological and geomorphological processes (Chen et al., 2015) and for domestic, industrial
and agricultural water use (Barnett et al., 2005), as well as for hydropower production
(Schaefli, 2015). Additionally, snowmelt can be a key driver of hydrological hazards (Chen et
al., 2015), such as spring floods (Bloschl et al., 2017), summer droughts and rain-on-snow
events (Freudiger et al., 2014). Snowmelt is also a primary temperature control for snow-
influenced streams, with ensuing regulations on aquatic ecosystems (Fossheim et al., 2015)

and on heat inputs to lakes and oceans (Lammers et al., 2007; Yang et al., 2014).

The natural storage of water as snow is undergoing severe changes in a warming climate
(Beniston et al., 2017; Brown and Mote, 2009). In a warmer world, the percent of
precipitation falling as snow and the seasonal duration of that snow cover will likely decrease
(Choi et al., 2010; Steger et al., 2013). Snow may start melting earlier, thus shifting the
corresponding timing and magnitude of river runoff peaks (Barnett et al., 2005). Somewhat

counter intuitively, rates of snowmelt are also expected to decrease (Musselman et al., 2017).

Any change in this seasonal duration — or “snow cover phenology” (Chen et al., 2015) - has

potentially important effects for water storage dynamics in mountain environments with
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permanent snow cover (Huss et al., 2017), in polar regions (Bokhorst et al., 2016), in low-
elevation mid-latitude snow covers (Nolin and Daly, 2006), and in general for any water
resources system heavily relying on the temporal storage of water in the form of snow

(Barnett et al., 2005).

Snow is certainly among the most dynamic hydrological water stores (Sturm, 2015). According
to Frei et al., (2012) the “accumulation and rapid melt (of snow) are two of the most dramatic
seasonal environmental changes of any kind on the Earth’s surface.” Compared to subsurface
water storage, the presence and depth of a snowpack is far easier to estimate using remote-
sensing (Frei et al., 2012) or ground-based techniques (Lundberg et al., 2010). Estimating the
actual water content of a snow cover in terms of its snow water equivalent (SWE) (Jonas et
al., 2009) remains, however, challenging (Dozier et al., 2016; Jonas et al., 2009). Detailed
insights into snow accumulation and melt processes are difficult to obtain, given the generally
harsh meteorological conditions prevailing in snow-dominated environments that make data

collection very challenging.

Accordingly, we are still far from having a complete picture of how the temporary
accumulation of water in the form of snow influences the catchment-scale water balance
(Berghuijs et al., 2014) or how its melting is partitioned into water flow paths according to

their associated time scales (Musselman et al., 2017).

Stable isotope compositions of oxygen and hydrogen in water (subsequently referred to as
stable isotopes of water) have a long standing tradition as tracers in hydrology (Bowen and
Good, 2015), which among many applications have been widely used to separate different
sources of streamflow (Klaus and McDonnell, 2013), to understand hillslope-scale hydrologic
processes (Tetzlaff et al., 2014) and to estimate the residence time of water at various
catchment scales (Benettin et al., 2017a; Birkel and Soulsby, 2015; Tetzlaff et al., 2015). For
snow hydrology, such measurements are particularly promising because winter precipitation
falling as snow generally has distinct isotopic compositions compared to summer
precipitation, meaning it may be used to trace the evolution and contribution of snow to

hydrological pathways within catchments.
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In this review, the aim is to provide a comprehensive overview of the state of knowledge
concerning how stable isotope compositions of water can be applied to further understand
snow hydrology. This is done by:

1) Providing an overview of the snow regions of the world, to place the snow hydrological
studies into a geographic context across the globe,

2) Outlining the fundamentals of stable isotope variations, and the spatio-temporal variations
in isotope compositions of precipitation, where snow represents the solid phase,

3) Providing an in-depth analysis of how snow operates in the hydrological cycle, and how
stable isotope measurements have contributed to these interpretations,

4) Examining the current state of knowledge concerning changes in the isotopic composition
of snow during its hydrological life cycle,

5) Highlighting the significance of these findings for interpreting snow contributions to overall
hydrological partitioning and fluxes,

6) Suggesting avenues for future research using stable isotope compositions in snow

hydrology.

1.2.Snow regions of the world

In this paper, the focus is on understanding snow hydrological processes related to
(sub)seasonal accumulation and release of snow in mountainous and high latitude
environments. This excludes the polar regions that have permanent snow and ice cover
(glaciers) and also cryospheric processes related to formation of firn and ice. Globally,
seasonally snow-influenced regions are located in mountainous areas, mostly at latitudes
greater than 45° North and South (Figure 1.1), except in regions influenced by maritime
climates in Europe, the Pacific Northwest and British Columbia, where moisture converges

from warmer ocean currents (Barnett et al., 2005).

The relative amount of precipitation falling as snow in snow-influenced regions depends on
the intra-annual precipitation variability and the relationship between precipitation
seasonality and the annual air temperature cycle (Willmott et al., 1985; Woods, 2009). Ratios

of relative snowfall vary strongly worldwide (Figure 1.1b). Similarly, the storage dynamics (i.e.
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the building-up, transformation and ablation or mass reduction) of snow cover vary strongly
from place to place, resulting in shallow cold snowpacks in the tundra or in relatively deep
and warm snowpacks in maritime locations. Sturm et al., (1995) proposed a seasonal snow
cover classification system with seven phenomenological classes, tundra, taiga, alpine,
maritime, prairie, ephemeral and a special “mountain” class, and related these classes to cold
season climate variables (e.g. temperature, precipitation, wind speed). Such a classification
certainly has potential to transfer snow hydrological process understanding from one
landscape to another, but as yet has found limited application in the hydrological literature

(for examples, see Liston, (2004) and Fayad et al., (2017)).
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Figure 1.1. Amount of annual snowfall and ratio of snowfall to annual precipitation in world’s
mountain ranges; monthly snowfall computed with the equation proposed by Legates and
Willmott, (1990) from monthly precipitation and monthly temperature of the WorldClim data
base (Hijmans et al., 2005); mountain ranges extracted with the mountain shape files
provided by Kérner et al., (2017), shown are the latitude of mid points and peak elevation;

peak elevation obtained from the elevation data set (called “alt” file) from the WorldClim data
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set. Dark grey dots correspond to mountain ranges without snowfall, light grey shading
indicates all pixels in the WorldClim data set. Colored dots on the left and colored asterisks
on the right figure represent mountains with snow, with the marker size proportional to
annual snowfall in the left figure and proportional to ratio of annual snowfall to annual
precipitation in the right figure. The readers are referred to the electronic version for an

enlarged version of the figure.

For this review, it is useful to consider fundamental regional differences in incoming and
outgoing snow-water fluxes, in particular: (1) the seasonality of the snowfall period with
respect to the melting period (occurring simultaneously or shifted in time), and (2) the main
driver of snow ablation, either melt or sublimation or both. While only examples are given
and not an extensive classification of the world’s snow-influenced regions and mountain
ranges, these two factors should be kept in mind as we explore isotopes in snow hydrology
research. This is particularly important given that fundamental climatic differences might

occur within relatively small areas, e.g. at different elevations within a given mountain range.

Most snow-influenced regions and mountain ranges have a distinct snowfall (cold) and
snowmelt (warm) season. This applies especially to all northern hemisphere high latitude
regions, the North American and Canadian mountain ranges, the European and the Japanese
Alps and to almost all seasonally snow-influenced mountain ranges in the Southern
hemisphere. An exception is the temperate Cordillera in Peru and Bolivia that has a dry cold
season (see the map of Peel et al., (2007)) and, accordingly, snow accumulation and melt both
occur during summer on high mountain peaks (Wagnon et al.,, 1999). The Himalaya is the
most prominent example of a mountain range where there is a major overlap between the
snowfall and snowmelt seasons (during the monsoon season (Kaser et al., 2010)) because the
cold season is too dry for snow to accumulate. However, some areas of the Hindu-Kush
Karakoram Himalayan region can receive a higher fraction of cold precipitation (Palazzi et al.,
2013), and some areas can have an alpine-like snow season (e.g. the Himachal Pradesh). In
general, any region with a distinct dry cold season will be both accumulating and melting
snow within the warmer season. A special case is that of dry mountains with sporadic snowfall
that is retained due to generally cold temperatures, such as in the very high elevation but

largely arid Andes (MacDonell et al., 2013). Sublimation plays a key role in snow ablation,
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occurring year-round under the influence of solar radiation and wind (Ayala et al., 2017;
Gascoin et al., 2013). In general, sublimation is a potentially important driver of snow ablation
in drier climates (see, e.g. the review on Mediterranean snow hydrology by Fayad et al.,
(2017a)), and in cold and windy climates (due to the stronger sublimation of blowing snow
(Law and Vandijk, 1994)), e.g. in many high elevation and high latitude regions such as the
Canadian Rocky Mountains (MacDonald et al., 2010). Sublimation is typically also high in cold
climate forests due to the easier sublimation of canopy intercepted snowfall (Pomeroy et al.,

2002).

1.3. Background of isotope hydrology

The basic concepts of how H and O isotopes are used in hydrology are summarized following
Galewsky et al., (2016). In nature, hydrogen exists as two stable isotopes (‘H, *H or D) and
oxygen as three stable isotopes (10, 1’0, 180) with the isotopologue (same molecule but with
different isotopic composition) H2'°0 being the most abundant, followed by H»'20, H,'70,
H1D'0. H,'80 (or 80) and HD¥0 (or ?H) are the most commonly used natural tracers in

isotope hydrology. Accordingly, in this review, we only include studies using ?H/*H and/or

180/160.

Isotopic values are expressed as a ratio (R) of concentration of heavier to lighter isotopes
(H/*H or 80/®0) and standardized relative to the Vienna Standard Mean Ocean Water
(VSMOW?2) by the International Atomic Energy Agency (IAEA). The hydrogen or oxygen
isotope composition of a sample, Rsample, (*Hsample/ Hsample OF *¥0sampie/*®Osample), is expressed

using the so-called & notation in units of per mil (%o), as

5180 or 52H _ Rsample—RVSMOWX 1000. (1.1)

Rysmow

The majority of precipitation originates from ocean evaporation, a process that preferentially
samples the lighter isotopologues of water. Accordingly, the ratio of the Vienna standard,
Rvsmow, is generally higher than the ratio of any meteoric water sample and reported d-values

of such waters are mostly negative. Samples with higher (or less negative) 82H or 880 values
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have a greater proportion of heavier isotopes and are referred to as more enriched in heavier
isotopes. Similarly, samples with lower (or more negative) 8°H or 580 values compared to
seawater have a smaller proportion of heavier isotopes and are referred to as more depleted

in heavier isotopes.

During a phase change process (such as condensation, evaporation, etc.), fractionation
changes the relative abundance of heavier and lighter isotopes in the two phases. Depending
on the process, fractionation can take place under equilibrium conditions (equilibrium
fractionation) or in non-equilibrium conditions (kinetic fractionation). At equilibrium, the
forward and backward reaction rates of the phase change are identical. A typical example of
equilibrium fractionation is condensation, where heavier isotopes are preferentially
incorporated in the condensate, leaving the remaining vapor more depleted in heavier
isotopes (Clark and Fritz, 1997, p.Environmental Isotopes; Kendall and McDonnell, 1998,
p.Fundamentals of Isotope Geochemistry). However, during kinetic fractionation, the forward
and backward reaction rates of the phase change are different. A typical example of kinetic
fractionation is evaporation. During evaporation, both 8?H and 580 values of the vapor phase
decrease whereas the remaining liquid becomes proportionately more enriched in the
heavier isotopes of H and O, hence increasing the 8?H and 60 values. In contrast to
condensation, which is generally an equilibrium process, the kinetic effect is stronger for
changes in 82H compared to 50 of the vapor phase as the HD'®O molecule is lighter than

the H,20 molecule.

Given 8?H and 880 are both modified by mass dependent fractionation processes and are
part of the same water molecule undergoing transformation, global precipitation follows a
linear relationship 5%H =860 + 10, which is called the global meteoric water line
(GMWL) (Craig, 1961). The intercept of the GMWL is referred to as d-excess (deuterium-
excess factor) and is useful in distinguishing equilibrium and non-equilibrium processes (see
hereafter) (Dansgaard, 1964; Galewsky et al., 2016). However, the slope and the intercept of
precipitation samples at a given location might vary from the values of the GMWL, depending
on the source of precipitation water (ocean water or local moisture recycling by terrestrial

evaporation or plant transpiration). Hence, local meteoric water lines (LMWL or MWL) are
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used to describe the relationship between §?H and 380 at a given location. Any deviation
from the MWL gives insights into non-equilibrium processes such as evaporation,

sublimation, etc. at the given site.

During an equilibrium process (e.g. condensation), the isotopic values of 8°H and 820 vary
along the MWL (Figure 1.2). During a non-equilibrium process (e.g. evaporation), the isotopic
values of 6%H and 880 no longer vary along the MWL because of differential enrichment in
2H and 80 in the liquid phase. This results in evaporation processes having a different slope
in their 32H-680 relationship compared to equilibrium or condensation processes that typify
atmospheric precipitation. During evaporation, the *H2H0 isotopologue of water, which is
lighter than the 'H*H'80 isotopologue, is preferentially vaporized leaving the remaining liquid
more enriched in heavier isotopologues of water (i.e. H'H!80, variants with 7O are not
considered here). This leads to the local evaporation line (LEL), which reflects the isotopic
ratio of the remaining liquid (and not the evaporated vapor). The LEL has a slope (typically
between 3 to 6) and a d-excess value lower than that of the MWL (Rose, 2003), meaning
higher proportion of heavier isotopes of oxygen than hydrogen in the remaining liquid (Figure
1.2). Projecting the isotope values of evaporated water on the MWL by retracing its path along
the LEL provides an estimate of the initial isotopic composition of water, provided there is no
subsequent mixing (Rose, 2003). During summer, rain samples can also fall off the MWL and
follow the LEL due to evaporation of the water droplets during their transit from the cloud to

the ground (Winograd et al., 1998).

The temperature at which an air mass condenses (cloud condensation temperature)
influences the fractionation that occurs when precipitation forms, which determines its
original stable water isotope ratio. Fractionation factors between vapor and liquid or vapor
and solid (ice) decrease with increasing temperature (Akers et al., 2017; Friedman et al.,
1964). Accordingly, higher air temperatures (positively correlated with cloud condensation
temperature) lead to lower fractionation factors, i.e. lower enrichment in heavier isotopes of
the forming water droplets. As a result, precipitation forming at higher air temperatures is

more depleted in heavier isotopes than precipitation forming at lower air temperatures.

32



At the beginning of a precipitation event, heavier isotopes are preferentially sampled out of
the cloud as rain/snow. During the course of the event, precipitation becomes more depleted
in heavier isotopes. This is also called the rain-out effect and it generally follows the Rayleigh
distillation law during continued condensation (Good et al., 2015; Schiirch et al., 2003).
Controls on the isotopic composition of precipitation due to elevation gradients (isotopic

lapse rates) and air temperature (due to seasonality) are described in the section below.
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Figure 1.2. Conceptual representation of possible sample positions in the dual isotope space

(formed by 8%H and 6*0) for snow and rainfall samples from an entire hydrological year.

1.3.1. Elevation gradients and isotopic composition of precipitation

As moist air masses uplift (adiabatically) along a mountain range, condensation occurs at
lower temperatures, which is also known as the lapse rate (Friedman et al., 1992; Galewsky
et al.,, 2016; Winograd et al.,, 1998). The isotopic composition of precipitation varies
systematically with elevation, becoming in general more depleted in heavier isotopes as rain-
out increases with elevation. Accordingly, this effect is called the isotopic lapse rate. Lower

cloud condensation temperatures with increasing elevation also increase the isotopic
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fractionation between vapor and liquid, further increasing heavy isotopes in the residual air
mass (Friedman et al., 1964). As condensation is an equilibrium process, the isotopic
fractionation follows the MWL. An example of this effect is shown in the change of the 3°H
and 80 values measured as part of the GNIP (Global Network of Isotopes in Precipitation)
network of stations across an elevation gradient in Switzerland (Figure 1.3). Here, the average
isotope composition of precipitation shifts by 1.9 %0/100/m for 8?H and 0.27 %0100m* for
880, noting that in winter, above around 800m asl. the precipitation is dominated by snow
(Marty, 2008). Some version of this isotopic lapse rate is seen in almost all mountainous
environments except on the leeward or “rain-shadow” side of mountains, which receive
precipitation from clouds that have already passed over the highest elevation of the ridge and
are no longer continuing to rise, keeping the cloud condensation temperature relatively
stable (Bershaw et al., 2012; Dietermann and Weiler, 2013; Koeniger et al., 2008; Moran et
al.,, 2007; Wen et al., 2012; Winograd et al., 1998). Moran et al., (2007) reported positive
isotopic lapse rates (enrichment in heavier isotopes with increasing elevation) in snow
samples on the leeward side of a glacierized valley in the Canadian Rockies (refer to Figure 4
in Moran et al., (2007)), which may occur only if the warmer temperatures and hence smaller

vapor-liquid or vapor-ice isotopic fractionation factors offset the “rain-out” effect.

A number of studies around the world have reported on the effect of isotopic lapse rates of
precipitation in streamwater (Jeelani et al., 2013; Wen et al., 2012), groundwater (Lamban et
al., 2015; O’Driscoll et al., 2005) and soil water (O’Driscoll et al., 2005). However, this effect
can be masked by other fractionating processes as well as elevation dependent recharge
processes. In the case of snow, ablation processes like sublimation and melting change the
isotopic compositions of existing snowpacks. This is especially apparent when isotopic lapse

rates are calculated by sampling snow cores along an elevation gradient.

In the Otztal Alps in Austria, Moser and Stichler, (1974) proposed reversed isotopic lapse rates
due to the enrichment of surface snow with heavier isotopes due to sublimation and melting
processes. Zongxing et al., (2015) also showed reversed isotopic lapse rates in snowfall in the
lower elevation (3400-4000 m) region of Shiyi Glacier (Tibetan Plateau). However, regular

isotopic lapse rates were again seen at higher elevations (4000-4680 m). In this case,
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enrichment in heavier isotopes in the snowpack due to evaporation and sublimation along
with snow drift from higher to lower elevations explained the reverse isotopic lapse rates.
Additionally, the air mass trajectory can also mask the role of isotopic lapse rate as was shown

in the Southeastern desert in California (USA) (Friedman et al., 1992).
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Figure 1.3. Variation of 82H and 380 in precipitation samples as a function of elevation, as

collected by the GNIP (Global Network of Isotopes in Precipitation) network of gauging

stations in Switzerland (data from 1966 to 2014). Snowfall is widespread during winter at

elevations > 800 m a.s.l. (Marty, 2008).

1.3.2. Seasonality in isotopic composition of precipitation

Precipitation isotopic composition depends on cloud condensation temperature (Friedman et
al., 1964), which is intrinsically linked to the ambient air temperature. Owing to the
seasonality in air temperature, isotopic compositions also globally show strong seasonality

(Friedman et al., 1992; Lamban et al., 2015) (see an example in Figure 1.4). This seasonality in

35



the isotopic composition is strongly linked to the afore-mentioned rain-out effect. In colder
air masses, more water condensates than in warmer air masses, which leads to stronger
depletion in heavy isotopes. Accordingly, precipitation forming in cold air masses is also more
depleted in heavy isotopes than precipitation forming in warmer air masses. This explains the
general tendency of rainfall being more enriched in heavier isotopes than snowfall at a given

location.

The isotope lapse rates can also show seasonality with different lapse rate values at different
times of the year. O’'Driscoll et al., (2005) found in three catchments in Pennsylvania (USA)
(elevations ranging from 225 to 740m) a strong seasonality in isotopic lapse rates, with some
months even showing positive slopes (enrichment in heavier isotopes with increasing
elevation). They attributed this to different sources of cloud vapor at different times of the
year, and to different synoptic drivers. However, it is rare to obtain positive isotopic lapse
rates. It is important to note that Pennsylvania is very flat with the highest elevation less than
750m, so the same physical processes might not be applicable in the other high elevation

regions in the world like the European and Chilean Alps, the Himalayas, etc.
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Figure 1.4. Seasonal variation of 82H and 880 in precipitation samples collected by the GNIP
(Global Network of Isotopes in Precipitation) network of gauging stations in Switzerland (data
from 1966 to 2014). The red line in the middle of each box shows median value, the box
corresponds to the difference between third and first quartile values, whisker length is 1.5

times of the interquartile range and the points beyond the whiskers represent outliers.

1.4. General overview of snow in the hydrological cycle

When precipitation falls as snow, it enters a cycle of snow accumulation, redistribution and
ablation (mass reduction) via sublimation and melt (see Figure 1.5 and the textbook of
Dingman, (2002) for an overview of snow hydrological processes). Snow that accumulates on
the ground under freezing conditions undergoes permanent snow metamorphism (change of
snow grain size and shape due to vapor exchange, heat flow and pressure) (Colbeck, 1982)
and vapor exchange with the atmosphere. Accordingly, most snowpacks are distinctly
layered, including the formation of structurally weaker layers (e.g. depth hoar layers), which
are particularly relevant for avalanche formation (Gaume et al., 2013). Snowmelt water then
either refreezes or leaves the snowpack if the local water retention capacity is reached,

forming preferential meltwater flow paths (Katsushima et al., 2013; Schneebeli, 1995).
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Substantial amounts of meltwater leave the snowpack only once the snowpack becomes
isothermal (Dingman, 2002), which is when all the snowpack layers are at the same
temperature (i.e. at the freezing point). Runoff generation from the melting snowpack occurs
via direct surface runoff or via infiltration into the subsurface, resulting in groundwater
recharge or in other flow processes in the subsurface (Wever et al., 2017). Similar to purely
rainfall driven infiltration, the rate of melt infiltration into the soil depends on the soil
properties and in particular on its saturation state and hydraulic conductivity; frozen soil has
an extremely small infiltration capacity but it is noteworthy that soil beneath a snowpack is
not necessarily frozen (Wever et al., 2017) and that continuous (but low rate) snowmelt at

the snow-soil interface is common in many places (Unnikrishna et al., 2002).

Redistribution of snow previously accumulated on the ground can occur via wind transport
(Mott et al., 2010) or avalanching, both of which can lead to considerable displacement of
snow masses. Transport by wind typically leads to snow fragmentation (Comola et al., 2017),
which favors snow sublimation from blowing snow (Essery et al., 1999). Spatial precipitation
patterns (orographic effects (Houze, 2012), seeder-feeder mechanisms (Choularton and
Perry, 1986)) together with preferential snow deposition (Lehning et al., 2008) and wind
redistribution leads to strongly heterogeneous snow accumulation patterns. Spatially variable
snow ablation due to complex interactions with topography and vegetation further enhances

the spatial heterogeneity of snow packs (Marks et al., 2002).

The presence of vegetation also affects snow processes through its modification of the
surface energy budget (via the screening of solar radiation, emission of longwave radiation,
thermal inertia, etc.). In forested areas, substantial amounts of snow can be intercepted by
trees (Hedstrom and Pomeroy, 1998). Intercepted snow either returns as vapor to the
atmosphere via sublimation or reaches the ground (soil or snowpack) via snow throughfall or
snowmelt stemflow. These fundamental snow hydrological processes and pathways are
illustrated in Figure 1.5 and are discussed in the following sections, including a detailed
discussion of whether these processes are likely to change the isotopic composition of the

sSnow.

38



Wind
redistribution

l Enriching flux
l Depleting flux

ﬂ No significant effect

ﬂ No systematic effect

Snowfall

Evaporation /
sublimation vaporation /

sublimation

< g &/
i) ,] i N
Rain-on-snow b3 Vapor
l exchange
/ (condensation)
T Vapor exchange
NN (condensation)
\\\\\\

\\
\\\N\\\\\\\\\\\\‘ * Snow

metamorphism

Snowmelt stemflow

Snowpack runoff

Figure 1.5. Life cycle of snow seen through the eyes of a hydrologist highlighting fluxes that
lead to an enrichment or depletion in stable water isotopes of the snowpack (on the ground
or intercepted by canopy); fluxes for which there is no systematic effect or no significant

effect are also identified. (Graphic based on original work from www.freepik.com)

1.5. Effects of snow hydrologic processes on the isotopic composition of water

The state-of-knowledge of the dominant processes that affect the isotopic composition of
snow during its life cycle are further discussed below, starting with processes occurring at the
canopy (interception and throughfall), at the snowpack-atmosphere interface (sublimation,
vapor exchange) and within the snowpack itself (metamorphism, melt). A short discussion on
the effect of snow redistribution on snowpack isotopic composition and an overview of

dominant drivers of spatial heterogeneity of snow isotopes conclude this section.

1.5.1. Interception and throughfall
Little work has been done to understand changes in the stable isotopic compositions of snow

that is intercepted by the canopy (Allen et al., 2016; Claassen and Downey, 1995; Koeniger et

al., 2008) or the subsequent transport to the ground via throughfall (TF) and stemflow (STF).
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However, a number of studies have tried to model changes in TF on isotopic compositions by
intercepted rain (Dewalle and Swistock, 1994; Gat and Tzur, 1967; Pearce et al., 1986; Saxena,
1986; Uehara and Kume, 2012). A recent review by Allen et al., (2016) summarized rainfall
interception processes and their effect on the stable isotopic composition of intercepted rain.

Some of this discussion is useful to further understand potential effects on snow.

The canopy affects the isotopic composition of intercepted rain falling onto the ground via TF
in three major ways: (1) Canopy evaporation enriches intercepted rain in heavier isotopes,
where the degree of enrichment is a function of relative humidity. The majority of
evaporation occurs from micro-droplets created by rainfall splashes and the evaporation rate
is accelerated by shear stress between the falling droplets and air (Murakami, 2006). (2)
Isotopic exchange between canopy intercepted rain and surrounding vapor reduces variance,
either by enriching or depleting the rain in heavier isotopes. In most instances, exchange leads
to the progressive depletion of intercepted rain in heavier isotopes as the surrounding vapor
is generally more depleted in heavier isotopes (Friedman et al., 1991). Unlike evaporation
which is a kinetic process, exchange is an equilibrium process (Friedman et al., 1991) and the
isotopic composition of intercepted rain remains on the MWL. (3) Selective canopy storage
and transmission of rain to the ground as TF changes the isotopic composition of TF from bulk
rain. For instance, if the canopy retains water at the end of a rain event which is more
depleted in heavier isotopes (rainout effect, refer to Section 1.3), TF water will be more
enriched than bulk rain. The residual intercepted water may also modify the isotopic
composition of TF induced by the next storm, which may itself have a different isotopic
composition depending on the vapor sources and its specific rain-out history. Canopy
interception effects on the isotopic compositions ( enrichment or depletion) are enhanced
during smaller rain events (Soulsby et al., 2017) and in denser canopy stands (Allen et al.,

2016).

To our knowledge, only Claassen and Downey, (1995) and Koeniger et al., (2008) have
explored changes in snow isotope composition via canopy interception, in Colorado (USA)
and Idaho (USA) respectively. In the evergreen forests of Showsnow Mountain in Colorado
(USA), snow accounts for more than 50% of annual precipitation, and interception of snow

accounts for about half of the total snowfall. Claassen and Downey, (1995) showed a high
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degree of enrichment in heavier isotopes of hydrogen (13 %) and oxygen (2.1 %o) in the
winter TF samples of intercepted snow, relative to the isotopic composition of fresh snow.
The degree of enrichment depends on: (1) the residence time of intercepted snow (Claassen
and Downey, 1995) (2) the size of the snowfall (Claassen and Downey, 1995) and (3) the
density of forest canopy (Koeniger et al., 2008). (1) Longer residence time leads to more
enriched TF and STF, as sublimation enriches the intercepted snow in heavier isotopes
(Claassen and Downey, 1995). Clear sky conditions favor longer residence time of the
intercepted snow, and hence more enrichment due to snow sublimation. However, air
temperature might reduce the residence time of intercepted snow. When air temperature at
the surface of intercepted snow approaches melting point, interception stops and a small
amount of melt leads to a lubrication effect at the snow leaf interface, causing a large fraction
of the intercepted snow to slide off. (2) The size of falling snow particles also characterizes
the degree of isotopic enrichment, with smaller snow particles exhibiting greater enrichment
in heavier isotopes (Claassen and Downey, 1995). (3) Higher degrees of enrichment are seen
in denser forest canopies due to longer exposure of the intercepted snow to atmospheric

drying (Koeniger et al., 2008).

1.5.2. Snow sublimation

Sublimation is a kinetic (or non-equilibrium) fractionating process causing differential
enrichment in the heavier isotopes of Hand O (Earman et al., 2006; Moser and Stichler, 1974;
N’da et al., 2016; Ren et al., 2013). Sublimation-induced changes on the isotopic composition
of a snowpack are similar to the changes induced by evaporation on the isotopic composition
of residual water (Earman et al., 2006). If a snowpack undergoes sublimation, the residual
snowpack isotopic composition follows the local evaporation line (LEL) with a reduced d-
excess value (Figure 1.2) (Ren et al., 2013; Stichler et al., 2001). It is interesting to note that
snow sublimation during the trajectory of snowflakes from the cloud to the ground may not
lead to substantial fractionation, presumably as it is an irreversible reaction (Friedman et al.,

1992).

Snow sublimation is influenced by (1) vapor pressure deficit that is the difference in vapor

pressure between surface snowpack layer and the surrounding air, (2) turbulent diffusion in
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air, (3) wind speed and (4) solar radiation (Earman et al., 2006; N'da et al., 2016). Higher vapor
deficit and solar radiation increase the rate of snow sublimation. Turbulent diffusion scales
with wind speed, leading to an increase in the rate of snow sublimation. It is noteworthy that
in Southwest USA, during periods of high solar radiation, melting is dominant and the
snowpack isotope composition is governed by snowmelt (Earman et al., 2006). During periods
of low solar radiation, evaporation and sublimation are the dominant controls on snowpack

isotopic composition in Southwest USA (Earman et al., 2006).

Over the course of a day, if solar radiation and vapor pressure deficit are high, as they usually
are in sunny and snowy conditions, sublimation from the top layer enriches the snowpack in
heavier isotopes (Earman et al., 2006; Gustafson et al., 2010; Stichler et al., 2001). This is
observable through snowpack d-excess values that decline faster over the course of the day
(Moser and Stichler, 1974; Stichler et al., 2001) but remain constant during the night. At night,
condensation of surrounding air moisture, which is more depleted in heavier isotopes, may
compensate for the effects of daytime sublimation by increasing d-excess values (Moser and
Stichler, 1974; Schlaepfer et al., 2014; Stichler et al., 2001). In the snowpacks in Rocky
Mountains (USA), Schlaepfer et al., (2014) found no significant change in d-excess values over
time and implied that sublimation may not always cause fractionation sufficient to influence
the snowpack. However, in this case it is also possible that the diurnal changes in the isotopic
composition in the snowpack may mask the net isotopic effect of sublimation on the residual

snowpack.

The isotopic effect of snow sublimation is restricted to the top layer of a snowpack (Moser
and Stichler, 1974; Stichler et al., 2001). However, a sharp temperature gradient within a
snowpack can initiate movement of water vapor from lower to upper layers, leading to mixing
within different layers of the snowpack. Sublimation from the top layer can then sample
water from the deeper layers. This was observed at the Fuji Dome station in Antarctica where
during one period of the year, vapor from the lower snowpack layer moved to the surface
and condensed (Motoyama et al., 2005). This was initiated by a sharp temperature gradient
(about 3 °C) between the firn layer of the snowpack and surface air. Moser and Stichler,
(1974) in a laboratory experiment saw similar behavior. When a steep temperature gradient

was induced, mass transfer took place from deeper snowpack layers to the surface.
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Snow sublimation has also been shown to increase the d-excess of groundwater recharged
via vapor condensation at higher elevations, from the vapor produced by sublimated
snowpacks at lower elevation (Lamban et al., 2015). In a recent study of isotopic composition
of 25 springs spanning elevations from 690 m to 2400 m in Ordesa and Monte Perdido
National parks in Spain (karstic system) (Lamban et al., 2015), spring water had d-excess
values higher than that of precipitation. Snow sublimation at low elevation had produced
water vapor with a high d-excess that was lifted to higher elevations where it mixed with
moisture from local sources and finally condensed. The majority of the springs were
recharged from precipitation at higher elevations. Thus, the higher d-excess values in the
condensed vapor propagated into the springs. The effect was more variable at higher

elevations, observed by larger amplitude in 3H and in 880 values, than at lower elevations.

1.5.3. Snow metamorphism and snowmelt

A snowpack is composed of solid, liquid and vapor phases of water. Any exchange between
the three phases can change the isotopic composition of the snowpack. Back in 1974, Moser
and Stichler, (1974) proposed that isotopic changes due to different snow processes
(snowmelt, sublimation, metamorphism, etc.) are limited to the top layer of a snowpack and
that the isotopic compositions of deeper layers remain, by and large, unaltered. However,
subsequent studies (Friedman et al., 1991; Taylor et al., 2001; Unnikrishna et al., 2002;
Winograd et al.,, 1998) found that snow metamorphism can also homogenize the whole
snowpack. Taylor et al., (2001) noticed in snow samples collected in California that the
variability in isotopic composition reduced, following the transitions from snowfall to
snowpack and finally to snowmelt. Fresh snowfall had the highest variability in isotopic
composition, which then reduced with deposition time as snow accumulated within the
snowpack. Subsequent snowmelt from this snowpack had the lowest variability in isotopic
composition (Cooper, 1998). Similar results were also reported in Alaska (Friedman et al.,

1991) and in the Spring mountains in Nevada (USA) (Winograd et al., 1998).
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A number of processes can affect the isotopic composition of different layers within a
snowpack. They have been summarized in a recent work on seasonal snowpacks in Idaho
(USA) (Evans et al., 2016). Water percolation within the snowpack (so-called pervasive flow),
from snowmelt at the surface, induces a downward translation of the isotopic composition of
the snowpack along the direction of the moving water particles. In contrast, mass loss due to
snow sublimation from the snowpack surface shifts the isotopic composition of the snowpack
upwards towards the snowpack surface. Diffusion and dispersion of water homogenizes the
isotopic variance within the snowpack. A combination of diffusion and dispersion with either
pervasive flow or with sublimation shifts the isotopic composition downwards (towards the
ground) or upwards (towards the snowpack surface), with some degree of homogenization
within the snowpack. However, preferential flow of surface meltwater, either through
macropores or through a sloped snowpack (commonly seen in mountainous regions), can
release meltwater without affecting deeper snowpack layers (Eiriksson et al., 2013; Evans et

al., 2016).

When the surface meltwater percolates through the snowpack, meltwater goes through
cycles of crystallization and subsequent melt. Any meltwater that refreezes (crystallizes)
enriches the solid phase of the snowpack in heavier isotopes, thereby depleting the residual
meltwater in heavier isotopes. The heat released during crystallization can induce melting in
adjacent layers of the snowpack. A number of models (Ala-aho et al., 2017; Feng et al., 2002;
Lee, 2014; Lee et al., 2009, 2010b, 2010a; Taylor et al., 2001) have tried to characterize
changes in the isotopic composition of snowpacks and of associated meltwater induced by
snow metamorphism. It is important to note that redistribution within a snowpack but

without mass loss does not change the bulk snowpack isotopic composition.

The isotopic composition within a snowpack is also affected by moisture exchange with the
underlying soil. Friedman et al., (1991) noticed that the bottom of snow cores was enriched
in heavier isotopes compared to the bulk snowpack before the beginning of the melt season.
This could not be explained by the stratigraphy resulting from different snowfall events during
the accumulation period. The enrichment was due to (1) moisture exchange with the
underlying soil layer caused by diffusive water transport from the more enriched soil into the

snowpack and (2) fractionation due to crystallization (or condensation) of soil water into the
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snowpack. It is noteworthy that molecular diffusion of water vapor through a snowpack
(either through advection up or down depending on the vapor pressure gradient) is a

fractionating process.

Snowmelt that leaves the snowpack preferentially discharges isotopically light water, thereby
enriching the residual snowpack in heavier isotopes (Ala-aho et al., 2017; Feng et al., 2002;
Laudon et al., 2002; Shanley et al., 1995; Soulsby et al., 2000; Taylor et al., 2001, 2002). It has
been widely observed that early meltwater is more depleted in heavier isotopes and that, as
the melt season progresses, both the residual snowpack and the generated meltwater
become more enriched in heavier isotopes (Dietermann and Weiler, 2013; Taylor et al., 2001),
which is also referred to as the melt-out effect (Ala-aho et al., 2017). To the best of our
knowledge, the physical mechanisms of this melt-out effect are not well understood but likely
involve the partial melting of snowpack which results in preferential loss of lighter isotopes in

the early season meltwater.

Both meltwater rates and their isotopic composition show a strong diurnal variation, with
higher snowmelt in the middle of the day due to stronger solar radiation. These higher melting
rates provide less time for meltwater to remain in contact with solid phase water within the
snowpack, which minimizes re-crystallization and thus midday meltwater is more enriched in

heavier isotopes (Taylor et al., 2001).

1.5.4. Snow redistribution

Redistribution of snow either by wind transport (Mott et al., 2010) or avalanching (Schweizer
et al., 2003) typically takes place over spatial scales from a few tens (wind) to hundreds of
meters (Comola, 2017) (avalanching) and can involve significant amounts of snow mass
redistribution. It does not have a systematic effect on the composition of snowpack isotopes.
When an avalanche redistributes a large fraction of a snowpack from higher to lower
elevations, the isotopic composition of the higher elevation snowpack is mixed, to some (and
highly variable) extent, with the snowpack at lower elevations. Similarly, when wind blows
snow from one place to another, the drifting snow carries the original isotopic composition

with it, leading to mixing between snowpacks from distinct places. While this wind-induced
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mixing might have a significant effect around mountain ridges, the dominant wind effect on
the isotopic composition is the enhanced sublimation of drifting snow, due to i) snow
fragmentation (Comola et al., 2017) and ii) enhanced evaporative demand of the atmosphere
in presence of wind. Sublimation enriches the underlying snowpack in heavier isotopes (refer

to Section 1.5.2) (Essery et al., 1999).

Thus, it is difficult to clearly state the net effect of wind and avalanche on the isotopic
composition of snow, especially in complex terrains. In contrast, in flatter areas a more
continuous snow drift from the surface layer can occur, and the corresponding enhancement
of sublimation might result in a clear pattern in the isotopic composition of the snowpack,

but this phenomenon has, to our knowledge not yet been studied.

1.5.5. From the point to the catchment scale

The spatial variability of a snow cover and its isotopic ratios are driven by the temporal
sequence of snow accumulation, redistribution, transformation and ablation processes that
vary strongly in space and whose dominance varies according to climate and topography.
Understanding their joint effect on a catchment scale snowpack requires necessarily detailed
local studies, including a characterization of the initial isotopic heterogeneity of snowfall and
its subsequent evolution through time in the snowpack. Understanding isotopic
heterogeneity at the catchment scale, and its impact on the isotopic signature of snowpack
and snowmelt, necessarily begins with identifying the locally dominant processes that drive
the isotopic ratios of a snowpack away from its initial snowfall ratios. The key processes that
affect the isotopic spatial heterogeneity after initial snowfall are wind redistribution, vapor
exchange, snow sublimation and snowmelt. Their importance can be categorized for different
snowpack types at different spatial scales. As an example, we propose in Figure 1.6 a
classification of the dominant drivers of heterogeneity for the six global snowpack types
proposed by Sturm et al., (1995) (Tundra, Taiga, Alpine, Maritime, Prairie and Ephemeral).
Such a classification of snowpack types and the associated driving processes at finer spatial
scales can help in the identification of corresponding hydrological snowpack units (in analogy
to hydrological response units (Gassman et al., 2007)), which might provide a way forward to

characterize the isotopic composition of snow at the catchment scale. It is important to
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emphasize that these processes occur at a hierarchy of spatial scales (Clark et al., 2011),
meaning it can be difficult to isolate the effects of individual processes on the isotopic ratios
of snowpack and snowmelt. In addition, slope and aspect will play a role in the spatial
heterogeneity of snowpack isotope evolution at hillslope to catchment scales, e.g. through
their influence on solar radiation, wind and tree cover. This means a detailed analysis of
individual processes at a point scale cannot necessarily account for all the complex spatial
dynamics that may occur at the catchment scale. Ideally then, detailed point scale snowpack
and snowmelt information should be considered in the context of how spatially

representative such conditions are expected to be within a given catchment.

Maritime Prairie Ephemeral

Vapor exchange

Snow melt

Wind redistribution

Snow sublimation

. Dominant process =1 Locally important e Not as important

Figure 1.6. Dominant drivers of spatial isotopic heterogeneity according to the different
snowpack types as defined by Sturm et al., (1995). Highlighted here is the relative importance
of vapour exchange, snowmelt, wind redistribution and snow sublimation in enhancing the
isotopic heterogeneity of the final snowmelt beyond what was initially introduced by

snowfall.

47



Sidebar 1: Modelling snowpack isotope fractionation and isotope ratios in snowmelt

Stable isotope compositions of water have a great potential to constrain catchment-scale
hydrological models that predict river streamflow as a function of incoming precipitation (see
Birkel and Soulsby, (2015) for a review). In the presence of snow, the use of stable water
isotopes to improve a hydrological process model hinges on the ability to characterize
snowmelt isotopic composition based on observed precipitation isotopes through the entire
life cycle of snow. Only few studies have attempted to build such a complete model from
precipitation to streamflow isotopes for snow-influenced catchments. One such example is
the work of Ala-aho et al., (2017) who incorporated changes incurred in the isotopic
composition of snow during its hydrologic life cycle, and coupled it with a snow process
model. The key advancements were the fully distributed (spatially) and parsimonious nature
of the model. This is a major step forward in tracer-aided hydrologic modeling (Birkel and
Soulsby, 2015; Capell et al., 2012; Delavau et al., 2017; van Huijgevoort et al., 2016b, 2016a;
McMillan et al., 2012; Regan et al., 2017; Stadnyk et al., 2013; Tetzlaff et al., 2015; Tunaley et
al., 2017).

1.6. Focus on selected snow hydrological processes

Below we present examples of how stable isotope composition can be used to unravel snow
processes within the hydrological cycle. We focus on three topics that have received
particular research focus in the recent past, 1) the effects of canopy on snowpacks, 2) rain-

on-snow events and 3) ground water recharge from snow.

1.6.1. Canopy effects on underlying snowpack

Canopy cover affects the underlying snowpack by altering the snow water equivalent (SWE)
along with its isotopic composition (Biederman et al., 2014b, 2014a; Gustafson et al., 2010;
Koeniger et al., 2008). Koeniger et al., (2008) found that the snowpack in a forested watershed
in ldaho (USA) was enriched in heavier isotopes due to enriched throughfall, caused by
sublimation of the canopy intercepted snow and associated evaporation. Longer exposure

time of the intercepted snow led to greater enrichment in heavier isotopes. Gustafson et al.,

48




(2010) investigated the effect of canopy shading on the isotopic composition of a snowpack
in Jemez Mountain in New Mexico (USA). During the maximum snow accumulation period
with similar winter precipitation, the snowpack in a non-shaded area showed greater

enrichment in heavier isotopes than that under shade.

Another interesting use of isotopic variation to understand canopy interception processes
was seen in the Central Rocky Mountains (USA) (Biederman et al., 2014b, 2014a). A mountain
pine beetle (MPB) infestation destroyed most of the tree canopy in the Central Rocky
Mountains. The canopy formerly intercepted a large amount of snow, much of which
sublimated before reaching the forest floor. After the infestation, less snow was intercepted
due to reduced canopy, and the SWE of the underlying snowpack was expected to increase.
However, Biederman et al., (2014b, 2014a) found SWE during maximum snow accumulation
phase to be unchanged, despite small changes in winter precipitation. To answer this
anomaly, Biederman et al., (2014b, 2014a) carried out a study in two headwater catchments
in the region over the winters of 2011 and 2012. One of the catchments was MPB affected,
while the other one was used as a control. In the MPB affected catchment, the underlying
snowpack was enriched in heavier isotopes, supporting kinetic fractionation due to
sublimation and accompanying evaporative loss. However, there was no change in the
isotopic composition in snowpack of the unaffected catchment. Newly exposed forest floor
due to MPB experienced more direct solar radiation, which increased direct sublimation and
evaporative loss from the underlying snowpack. This enhanced sublimation from the
snowpack was equivalent in quantity with sublimation from the snow intercepted by the
canopy, hence keeping the total SWE constant. The variation in isotopes provided insight on

the “invisible snow” processes that went undetected by simply monitoring snow volume.

1.6.2. Rain-on-snow

Rain-on-snow (ROS) events can release amounts of water that are substantially higher than
the actual rainfall amounts onto the pre-existing snowpack. Such events can be associated
with large flood events and are known to trigger landslides, change channel morphology by
enhancing erosion processes and influence water quality (Brunengo, 1990; Guan et al., 2016;

McCabe et al., 2007, 2016; Rossler et al., 2014; Singh et al., 1997; Surfleet and Tullos, 2013).
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The frequency of ROS peak flow events is projected to increase at number of places under a
warming climate (Surfleet and Tullos, 2013). Given that rainfall has a different isotopic
composition than the pre-existing snowpack, stable water isotopes can be used to investigate
two key characteristics of ROS events: 1) the origin of the water that is released during the
event (rainfall versus melted water that was stored in the snowpack); 2) the flow paths and

associated transmission times of the released water.

The amount of runoff induced by ROS events depends on the spatial extent and cold content
of the snowpack prior to the onset of rain. Cold content represents the amount of energy
needed to raise the entire snowpack to the 0 °C melting point. An isothermal snowpack is
associated with higher temperature, higher density, and with larger crystal sizes. Such
snowpacks are known to produce higher proportional runoff than snowpacks that are not
isothermal. This comes from the fact that less additional energy from the incoming rainfall is
required to heat the isothermal snowpack to 0 °C (Colbeck, 1975; Gerdel, 1945; Juras et al.,
2016; Maclean et al., 1995). During a ROS event, radiation (Mazurkiewicz et al., 2008) rain
and turbulent exchanges with the atmosphere transport heat into the snowpack. As incoming
rain percolates through the snowpack, refreezing occurs, which releases heat and increases
the temperature of the snowpack. As a result, large amounts of water can be released from
the snowpack, either infiltrating into the ground or running off directly into the stream. In
contrast, in a non-isothermal snowpack, incoming heat is not as efficient at producing
snowmelt and the snowpack can retain more liquid water on crystal surfaces and in the voids

(Gerdel, 1945).

Stable water isotopes have been used to analyze these snowpack processes and ensuing
water flow paths at the plot scale during artificially induced ROS experiments (a review is
given in (Juras et al., 2016)). Juras et al., (2016) showed for example with the help of §%H
measurements that such an artificial ROS event in the KrkonoSe mountains (Czech Republic)
led to percolation of rain water through the snowpack, pushing old water out of the snowpack

via a piston flow mechanism.

Several studies observing the evolution of the isotopic content of snowpacks during natural

rainfall events noted that ROS-induced snowmelt leads to higher ratios of surface flow to total
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runoff, than subsurface flow. These results have been reported in the Sierra Nevada forests
(USA) (Kattelmann, 1987), in the Central Adirondack Mountains (USA) (Burns and McDonnell,
1998), in headwater and suburban catchments in Ontario (Canada) (Buttle et al., 1995;
Maclean et al., 1995; Wels et al., 1991b) and in the KrkonoSe mountains (Czech Republic)
(Juras et al., 2016). Interestingly, in two forested catchments in Ontario (Canada), Casson et
al., (2014) found using streamflow isotopes that ROS-induced events were dominated by

baseflow and not by surface runoff.

Overall, stable water isotopes have a high potential to provide insights into ROS events across
a range of spatial and temporal scales. Given that ROS events typically result in a rapid
hydrologic response, progress in terms of high temporal resolution of isotopic observations

will certainly yield new insights into snow hydrological processes across scales.

1.6.3. Estimating the contribution of rain versus snow to streamflow and groundwater

recharge using mixing models

In a warming climate, more precipitation is expected to fall as rain than as snow (Choi et al.,
2010; Steger et al.,, 2013). This is likely to change the proportion of rain versus snow
contributing to the outgoing fluxes, and potentially the magnitude of the fluxes, from
catchments such as evapotranspiration, groundwater recharge, and runoff. Stable isotopes
of water are commonly used as tracers to identify the proportion of rain versus snow
contributions to these fluxes, especially runoff and groundwater recharge (Earman et al.,
2006). This is because snow is generally more depleted in the heavier isotopes than rain
(Figure 1.2), which allows samples of runoff or groundwater falling within the isotopic range
between rain and snow ‘end members’ to be assighed proportional contributions using a

linear mixing model (Obradovic and Sklash, 1986).

An impressive number of studies (Cervi et al., 2015; Earman et al., 2006; Herrera et al., 2016;
Jasechko et al., 2014, 2017; Jasechko and Taylor, 2015; Jeelani et al., 2010; Kohfahl et al.,
2008; Lechler and Niemi, 2012; Maule et al., 1994; Mountain et al., 2015; O’Driscoll et al.,
2005; Penna et al., 2014b, 2017; Rose, 2003; Simpson et al., 1970; Winograd et al., 1998;

Zappa et al., 2015) have used a stable isotope approach to attribute percentages of snow and
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rain as sources for annual groundwater recharge (see a summary in Table 1.1). In general,
they found that the snowmelt yield to groundwater recharge per unit of precipitation is higher
than that of rain-induced recharge. The dominance of snowmelt induced groundwater
recharge has been shown in the USA (Earman et al., 2006; O’Driscoll et al., 2005; Rose, 2003;
Simpson et al., 1970; Winograd et al., 1998), in Canada (Jasechko et al., 2017; Maule et al.,
1994; Mountain et al., 2015), in the Himalayas (Jeelani et al., 2010), in Switzerland (Halder et
al., 2013), in Spain (Kohfahl et al., 2008), in Georgia (Zappa et al., 2015), in Italy (Cervi et al.,
2015; Penna et al., 2014b, 2017) and in Chile(Herrera et al., 2016). A recent analyses (Jasechko
et al., 2014; Jasechko and Taylor, 2015) of published stable isotope data with the help of a
global hydrologic model, suggest that spring snowmelt due to winter precipitation dominates
recharge in temperate and arid climates. In tropical regions of the world, where snowfall
generally does not contribute to the overall water balance, the isotope approach revealed
that majority of groundwater recharge occurred during heavy storm events (Jasechko and

Taylor, 2015).

Earman et al., (2006), using 8?H and 880 values in the Southwestern U.S., suggested two
mechanisms behind snowmelt-dominated groundwater recharge: (1) During the snowmelt
season in the Southwest U.S., vegetation is still mostly dormant which leads to smaller losses
by evapotranspiration than during the summer, allowing more time for meltwater to
infiltrate, and recharge groundwater; (2) The summer storms in Southwest U.S. are high
intensity, and short duration causing a higher proportion of overland flow. On the other hand,
snowmelt in the Southwest U.S. is typically low intensity but long in duration, which gives

more opportunity for infiltration and groundwater recharge.

This enhanced snow proportion in groundwater is a good explanation for the proportionally
higher snow contributions to streamflow as noted in several studies (Li et al., 2017). This
might especially be the case in higher elevation areas where shallow groundwater is critical

for streamflow generation.

It is important to note that using stable isotope compositions of snowfall or from snowpack
as a proxy for the meltwater recharging groundwater and supplying streamflow might result

in a considerable bias of actual snow contributions (Earman et al., 2006; Lechler and Niemi,
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2012; Pavlovskii et al., 2018). This can be understood within the dual isotope space, where
groundwater and streamflow samples are usually located somewhere between rain and
snow. Snowmelt samples are on average closer to groundwater and streamflow samples than
snowpack or snowfall samples. Accordingly, a mixing model may underestimate the
contribution of snowmelt to streamflow and groundwater recharge when computed with
(uncorrected) snowfall or snowpack samples, instead of actual snowmelt samples. An
overview of the processes that can bias snow end member estimates in mixing models is given
in Table 1.2. In general, it is recommended to either use the stable isotope composition of
snowmelt, or where this is not practical, to examine correcting for potential snowpack
enrichment after snowfall, resulting from evaporative losses through sublimation and melt-

out effects.
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Table 1.1. Summary of studies estimating groundwater recharge from summer (rain) and winter precipitation (snow), along with the used

snow end member, i.e. snowfall or snowmelt or a combination of the two.

Authorship Year Location Summary Snow end
(isotopes used) member
i tal. Wint ff inant i t h It
(Simpson et al., 1968-69 (5H, 5180) | Arizona (USA) in er.runo .domman in gro.undwa er recharge Snowme
1970) (numerical estimates not provided)
(Maule et al ~44% groundwater recharge due to winter Snowfall
1994) N 1986-87 (8%H,5%80) | Alberta (Canada) precipitation (~21% of annual precipitation)
(fractionation corrected estimates)
(Winograd et al., | 1966-88 (5%H, 520) Spring mountains, Nevada (USA) ~90% groundwater recharge due to snow (~66% of Snowfall &
1998) pring ’ annual precipitation) Snowmelt
- 2H, 318 % i S fall &
(Rose, 2003) 1999-02 (6%H, 6*°0) 4 sites in Sierra Nevada (USA) >90é grogndwater recharge due to \{w'ntel" nowfa
precipitation (75-80% of annual precipitation) Snowmelt
(O’Driscoll et al., 1999-00 (550) 3 catchments in Pennsylvania ~90% groundwater recharge due to snow (~66% of Snowmelt
2005) (USA) annual precipitation)
(Earman et al., 2002-04 (5°H,5'0) 4 sites in South Western U.S. 40-70% groundwater recharge due to snow (25-50% of | Snowfall &
2006) ’ (USA) annual precipitation Snowmelt
(Kohfahl et al., 2004-05 (5°H, 580) | Granada basin (Spain) Rech.arge predominantly due to winter rain and Snowfall &
2008) melting snow Snowmelt
Seasonal variation in groundwater recharge due to Snowfall &
(Penna et al., s <18 Saldura catchment, Eastern : - :
2014b) 2011-13 (0°H, 6*°0) italian Alps (Italy) snowmelt with annual contribution varying from (58 + | Snowmelt
ps {ftaly 24% to 72 + 19%)
Isotopes and global hydrologic model suggest Snowfall
(Jasechko et al., dominant winter precipitation recharge in temperate
Met ta st
2014) etadata study and arid climates and suggest wet season bias in
tropical regions
(Jasechko and Preferential recharge of groundwater from heavy Rainfall
Metadata study . .
Taylor, 2015) storm in the tropics
(Zappa et al., oy <18 . . . Winter precipitation is very important source of Snowfall &
2015) 2010-13(3°H, 50) | Gudjareti (Georgia) groundwater recharge Snowmelt
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(Cervi et al., 18 Mt. Modino area, northern Predominant recharge from winter and spring Snowmelt
2004-08(6*°0) . .
2015) Apennines (ltaly) precipitation
(Herreraetal., 2004-05 (52H, 5°0) | Andean alps (Chile) Pred.or.nin.ant groundwater recharge from winter Snowfall
2016) precipitation
Fraction of groundwater recharge by winter Snowfall

(Jasechko et al.,

2017) 1991-12 (8%H,8%0) | Nelson river watershed (Canada) | precipitation ~ 1.3-5 times that of precipitation during

warm months

(Penna et al.,

_ 2y S18
2017) 2011-15 (82H,510)

Recharge predominantly due to snowmelt (64 + 8%)

Italian Alps (lItaly) Snowmelt

Rio Vauz Catchment, Eastern Snowfall &

Sidebar 2: Snowmelt isotope sampling methods

Snowmelt samples are critical as water from snowmelt contributes significantly to groundwater recharge via infiltration and to streamflow via
both surface and subsurface flow paths. However, obtaining representative snowmelt samples is difficult because of the spatial and temporal
variability across snowpacks, requiring snowmelt measurements at a number of remote locations, typically at high elevations, which becomes a
major technical challenge. This is why snowpack samples are often used as a substitute for snowmelt samples. The problem with this substitution
is that stable water isotope measurements obtained from conventional snow coring methods do not necessarily yield a representative sample
of the isotopic ratio of snowmelt that will leave the snowpack (Earman et al., 2006; N'da et al., 2016). Snow lysimeters are most commonly used
to obtain snowmelt samples beneath the snowpack. Recently, a number of studies (Frisbee et al., 2010b, 2010a; Holko et al., 2013; N’da et al.,
2016; Penna et al., 2014a) have also recommended the use of passive capillary sampling procedures to sample meltwater at the base of a
snowpack. The advantage of this method is obtaining a snowmelt sample without the potential water ponding that can occur with lysimeters,

and thereby avoiding evaporative fractionation.
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Table 1.2. Overview of the processes that can bias snow end member estimates in mixing models: Potential biases introduced when a linear
mixing model is used to estimate snow proportions in streamflow or groundwater recharge derived from snow samples taken at different

stages of the hydrologic cycle of snow; scale refers to the spatial scale at which the discussed bias is relevant, places refers to locations where

the bias might be relevant.

Sample Omitted process | Type of estimation bias Scale Places
type
Snowmelt | Spatial snowmelt | Unbiased if samples from all dominant flow generation locations | Hillslope to | Areas with spatially
heterogeneity Biased otherwise catchment | heterogeneous snow
recharge or runoff
generation (hotspots)
Snowpack | Time-variable Underestimated if many early season snowpack samples Point to Areas with significant
isotope signal of Overestimated if samples from ripe snowpack only catchment | snow accumulation
snowmelt water period
Snowfall Snowpack Underestimated Point to Areas with significant
evolution and catchment | snow accumulation
melt period
Snowfall Snowpack Underestimated Point to Areas with significant
sublimation catchment | sublimation
Snowfall Snow interception | Underestimated Point to Areas with significant
and related catchment | snow interception and
sublimation sublimation
Snowfall/S | Snow lapse rate Overestimated if majority of samples from low elevation Catchment | Area with large elevation
nowpack Underestimated if majority of samples from high elevation range
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1.7.The hydrological life cycle of seasonal snow —a synthesis

We can summarize the key steps in the isotopic evolution of snowfall, snowpack, and
snowmelt as representative shifts in the dual isotope space over the course of a typical snow
season (Figure 1.7). Fresh snowfall may fall directly on bare ground or pre-existing snow, or
be intercepted by the canopy. The intercepted snow, and the top layer of fresh snow on the
ground, will be subject to varying degrees of sublimative enrichment. The developing
snowpack will therefore represent some mixture of unmodified, and isotopically enriched

snow.

Over the course of a snow season, both the snowpack and snowmelt undergo three key
phases of isotopic evolution. The first is during the longer period of snowpack accumulation,
within which melting phases can still occur. These melt events flush the lighter isotopes,
resulting in depleted meltwater and a proportionately enriched snowpack, which in
combination is commonly referred to as the 'melt-out effect’. However, the majority of
snowmelt release typically occurs in a relatively shorter period of time at the end of the snow
season; and this is the most significant phase in terms of snow meltwater contributions to the
catchment hydrological cycle. The rapid reduction in snowpack volume produces a well-mixed
snowmelt that homogenizes the isotopic signal, and therefore reduces isotopic variance
relative to the snowpack. Finally, the melting of minor amounts of residual snow patches at
the very end of the season can produce highly variable isotopic compositions of snowmelt,
albeit with a considerably lower total flux. This end-of-season variability results from isotopic
enrichment of the residual snowpack due to sublimation, and limited mixing at low snowpack

depths and volumes.

Given that snowfall is strongly depleted in heavier isotopes with respect to summer rainfall,
the average isotopic composition of a snowpack will generally remain more depleted than
summer rainfall throughout the accumulation and ablation season despite the enriching
effect of snowmelt and sublimation (Figure 1.2). Accordingly, snowmelt runoff from seasonal
snowpacks can be assumed to show a narrow range of isotopic compositions (compared to

snowfall) especially during the main phase of snowpack melting. The average isotopic ratios
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of snowfall, snowpack and snowmelt are statistically similar, which is also reflected in Figure
1.2. All this can be used in the context of mixing models to estimate source contributions, e.g.

for streamflow or groundwater.

In environments where sublimation is low, the snowmelt composition lies on the local
meteoric water line; and conversely, any departure of snow samples from the meteoric water

line can provide some insights into the importance of sublimation in a given environment.

. . Major
Snowfall input Snowpack accumulation Early | Late
(a) Summer rain @ || (b) o (c)
Q*\\'
) w
” \
% Fresh LEL - % Snowpack e ,%
snowfall ST i
Qe i id
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Early melt Major melt Late melt
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Figure 1.7. Tracking the evolution of snow isotopes from inputs of snowfall (a) to snowpack
(b), and throughout the melting process (d — f). A representative temporal evolution of
snowpack (represented as SWE) is provided in (c), highlighting the ranges over which early,
major, and late melting phases and isotope changes are likely to occur. Plots b,d,e,f synthesize
the isotopic evolution of snowpack and snowmelt from a ‘control volume’ perspective, while
(a) is from the perspective of a ‘pulse’ of snowfall that could fall directly to the ground or be
intercepted by the canopy and undergo isotopic modification due to sublimation (along the
LEL) and subsequent transport to the ground as snow throughfall (TF). The evolution of

hypothetical samples (circles) and their ranges in dual isotope space (colored boxes) are
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shown in (a), with subsequent plots only showing the range as colored boxes. In subplot (e),

o represents the standard deviation of the meltwater or the snowpack sample.

1.8. Directions for future research

In 1998, Kendall and McDonnell, (1998) proposed the use of alternative tracers, other than
the stable water isotopes of water (?H and *20), to better understand snowmelt processes.
These include using alternative tracers such as electrical conductivity, water temperature,
anions and cations. In the last decade, 70 has been suggested as an additional tracer to better
constrain the hydrologic cycle (Berman et al., 2013; Birkel and Soulsby, 2015; Galewsky et al.,
2016). However, very little work has been done using 1’0 in snow hydrology, largely related
to the difficulty of routinely measuring the 70O concentrations in water. It is now well known
that Y70 is relatively insensitive to temperature, but sensitive to humidity (Angert et al., 2004;
Berman et al., 2013). Due to differences in rates of molecular diffusivity between 0 and 20,
using O17-excess in addition to d-excess may help to better constrain kinetic processes like
evaporation and sublimation (from both intercepted snow and from the snowpack). To our
knowledge however, there are no studies using 'O to better quantify snow sublimation or
snowpack processes in general. Future research using all the three stable water isotopes (%H,

70 and *0) will certainly provide insights into the potential use of 0 in snow hydrology.

Most of the work in snow isotope hydrology has focused on either estimating the proportion
of snow and rain in streamflow and groundwater, or on the isotopic changes in snowmelt
induced by snowmelt and sublimation. Much remains to be known on how canopy alters the
isotopic composition of snow via interception, which is a substantial part of the water budget,
especially in forested regions. The spatial variability in canopy interception is also
understudied. Future research should focus on improving the spatial representation of stable
water isotopes in intercepted snow and accumulated snowpack, and on understanding how
this spatial heterogeneity translates into changes in the isotopic composition of the final

meltwater.
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Despite advancements in understanding isotopic evolution within seasonal snowpacks, there
are very few studies that use them in predictive modeling to draw insights into the overall
water budget. Examples on how to draw on isotope-based process understanding for snow
hydrological modeling at the catchment scale are still rare. We hope that our synthesis
encourages hydrologists to find new ways of constraining models with insights gained from

stable isotope compositions of water.

1.9. Conclusions

Snow undergoes significant changes from the time of its formation as precipitation to when
it leaves the snowpack via sublimation or melt. These changes might not completely
“overwrite” the stable water isotopic composition of the initial snowfall and, accordingly,
research has been focused on understanding the isotopic composition of snow and its
usefulness to track hydrological fluxes. We reviewed in detail the current knowledge of
changes in the isotopic composition of snow across its entire hydrological life cycle. The
effects on the isotopic composition of the different snow processes can be summarized as
follows:

1. Variability in the isotopic composition of snow reduces from the onset of snowfall to
the date of final snowmelt. Reduction in variance is caused by isotopic redistribution
within the snowpack during the snow accumulation phase, in combination with other
snow metamorphism processes.

2. Snowmelt during the early melt season is more depleted in the heavier isotopes which
in due course of the melt season, becomes more enriched. Snowmelt isotopic
compositions are correlated with melt rates, being more enriched in the heavier
isotopes when melt rates are higher (typically during the day).

3. Snow interception can alter the isotopic composition of snow, from the time when
snow first falls on the canopy to when it leaves the canopy and builds up on the
ground. Longer snow residence times on the canopy are typically associated with
higher degree of enrichment, especially when snow sublimation is significant.

4. The degree of canopy shading can substantially alter the isotopic composition of the

underlying snowpacks. Snowpacks are more depleted in heavier isotopes in a well-
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shaded area, as their direct exposure to the solar radiation is small, leading to a
smaller sublimation effect.

5. Snow sublimation enriches the isotopic composition of the residual snowpack in
heavier isotopes. After enrichment, the remaining snowpack isotopes plot along the
local evaporation (sublimation) line in the dual isotope space.

6. The fact that snow is isotopically lighter than rain can be leveraged to examine

seasonal dependence of stream runoff or groundwater recharge.

Author contributions: The paper was written by HB with contributions from all coauthors. HB
and BS formulated the conceptual underpinnings of the article. NCC led the section on Snow
Regions of the World. TV reviewed the theoretical foundations of isotope chemistry. All

coauthors provided critical feedback during different phases of writing the article.
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Abstract

Tracers have been used for over half a century in hydrology to quantify water sources with
the help of mixing models. In this paper, we build on classic Bayesian methods to quantify
uncertainty in mixing ratios. Such methods infer the probability density function (pdf) of the
mixing ratios by formulating pdfs for the source and target concentrations and inferring the
underlying mixing ratios via Monte Carlo sampling. However, collected hydrological samples
are rarely abundant enough to robustly fit a pdf to the source concentrations. Our approach,
called HydroMix, solves the linear mixing problem in a Bayesian inference framework where
the likelihood is formulated for the error between observed and modelled target variables,
which corresponds to the parameter inference set-up commonly used in hydrological models.
To address small sample sizes, every combination of source samples is mixed with every
target tracer concentration. Using a series of synthetic case studies, we evaluate the
performance of HydroMix using a Markov Chain Monte Carlo sampler. We then use HydroMix
to show that snowmelt accounts for around 61% of groundwater recharge in a Swiss Alpine
catchment (Vallon de Nant), despite snowfall only accounting for 40-45% of the annual
precipitation. Using this example, we then demonstrate the flexibility of this approach to
account for uncertainties in source characterization due to different hydrological processes.
We also address an important bias in mixing models that arises when there is a large
divergence between the number of collected source samples and their flux magnitudes.
HydroMix can account for this bias by using composite likelihood functions that effectively
weight the relative magnitude of source fluxes. The primary application target of this

framework is hydrology, but it is by no means limited to this field.

Keywords: Markov Chain Monte Carlo; stable water isotopes; hydrograph separation;

isotopic lapse rate; rain; snow;
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2.1. Introduction

Most water resources are a mixture of different water sources that have travelled via distinct
flow paths in the landscape (e.g. streams, lakes, groundwater). A key challenge in hydrology
is to infer source contributions to understand the flow paths to a given water body using a
source attribution technique. A classic example is the two-component hydrograph separation
model to quantify the proportion of groundwater and rainfall in streamflow, often referred
to as “pre-event” water vs “event” water (Burns et al., 2001; Klaus and McDonnell, 2013;
Schmieder et al., 2016). Other examples include estimating the proportional contribution of
rainfall and snowmelt to groundwater recharge (Beria et al., 2018; Jasechko et al., 2017;
Jeelani et al., 2010), fog to the amount of throughfall (Scholl et al., 2011, 2002; Uehara and
Kume, 2012), and soil moisture (at varying depths) and groundwater to vegetation water use

(Ehleringer and Dawson, 1992; Evaristo et al., 2017; Rothfuss and Javaux, 2017).

The primary goal of such attribution in hydrology is to infer the contribution of different
sources to a target water body, where the tracer can be an observable compound like a dye,
or a conservative solute, or even a proxy for chemical composition such as electrical
conductivity. The key requirement is that the concentration of the tracer is distinguishable
between different sources. The stable isotope composition of hydrogen and oxygen in water
(subsequently referred to as ‘stable isotopes of water’) are used as tracers in hydrology. Other
commonly used tracers include electrical conductivity (Hoeg et al., 2000; Laudon and
Slaymaker, 1997; Lopes et al., 2018; Pellerin et al., 2007; Weijs et al., 2013) and conservative

geochemical solutes such as chloride (Rice and Hornberger, 1998; Wels et al., 1991a).

Classically, attribution analysis is done by assigning an average tracer concentration to each
source, estimated typically from time or space-averages of observed field data (Maule et al.,
1994; Winograd et al., 1998), and then solving a series of linear equations. In order to express
uncertainty in the attribution analysis, a tracer-based hydrograph separation approach was
first proposed in the work of Genereux, (1998) and has subsequently been used in many
studies (Genereux et al., 2002; Koutsouris and Lyon, 2018; Zhu et al., 2019). Bayesian mixing
approaches offer a useful alternative to classic hydrograph separation, as Bayesian

approaches explicitly acknowledge the temporal variability of source tracer concentrations
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estimated from observed samples (Barbeta and Pefiuelas, 2017; Blake et al., 2018). Rather
than a single estimate of source contributions, Bayesian approaches yield full probability
density functions (pdfs) of the fraction of different sources in the target mixture (Parnell et

al., 2010; Stock et al., 2018), hereafter referred to as ‘mixing ratios’.

Bayesian mixing was first developed in ecology to estimate the proportion of different food
sources to animal diets (Parnell et al., 2010; Stock et al., 2018). Hydrological applications of
such models are still rare (Blake et al., 2018; Evaristo et al., 2016, 2017; Oerter et al., 2019).
In a Bayesian mixing model, a statistical distribution is fitted to both the measured source
tracer concentrations, and to the measured tracer concentrations from the target (e.g. river,
groundwater, vegetation). The distribution of the mixing ratios is then inferred via Bayesian
inference. With recent advances in probabilistic programming languages like Stan (Carpenter

et al., 2017), Bayesian inference has become a relatively simple task.

However, the key limitation with the above approach is that the source compositions are
assumed to come from standard statistical distributions. Typically, the sources are assumed
to be drawn from Gaussian distributions, which can be fully characterized by the mean and
variance of the data available for each source (Stock et al., 2018). This limits both the potential
applicability and the insights that can be gained from tracer information in hydrology because
the sample mean and variance may not accurately reflect the statistical properties of the
actual source composition and the Gaussian approach represents an unnecessary
simplification in cases where a large amount of information on source composition is

available.

An additional complication in hydrology comes from the fact that observed point-scale
samples do not necessarily capture the tracer concentrations in the actual sources, which are
distributed heterogeneously in space and whose contribution can be temporally variable
depending on the state of the catchment (Harman, 2015). For instance, if we were to
characterize the contribution of snowmelt to groundwater, we would need to capture (1) the
temporal evolution of the isotopic ratio of snowmelt, which strongly varies in space (Beria et

al., 2018; Earman et al., 2006), and (2) the temporal evolution of the area actually covered by
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snow. This spatially and temporally distributed nature of the sources can be hard to account

for in both the analytical and the Bayesian mixing approaches.

To overcome the limitations of source heterogeneity and the previously discussed restriction
to Gaussian distributions, we present a new mixing approach for hydrological applications,
called HydroMix. This approach does not require a parametric description of observed source
or target tracer concentrations. Instead, HydroMix formulates the linear mixing problemin a
Bayesian inference framework similar to hydrological rainfall-runoff models (Kavetski et al.,
2006a), where the mixing ratios of the different sources are treated as model parameters.
Multiple model parameters can be inferred in such a setup allowing parameterization of
additional hydrologic processes that can modify source tracer concentrations (shown in
Section 2.3.5). A more detailed account of the advantages and limitations of this new

approach is given in Section 2.5.

In this paper, we first describe the theoretical details of HydroMix for a simple case study with
two sources, one mixture and one tracer (Section 2.2). Section 2.3 presents synthetic and
real-world case studies that demonstrate the accuracy, robustness and flexibility of
HydroMix. In the synthetic case study, we use a conceptual hydrologic model to simulate
tracer concentrations. We also introduce a composite likelihood function that accounts for
the magnitude of the different sources. The real-world case study applies HydroMix in a high-
elevation headwater catchment in Switzerland. The results of these applications are
presented in Section 2.4 before summarizing the main outcomes, applicability, and limitations

of HydroMix in Section 2.5.

2.2. Model description and implementation

A system with n sources mixing linearly in a target water body can be written as:

p1SK+p,Sk+-+ p,Sk =Yk, 2.1

where Y¥ is the concentration of the k™ tracer in the target mixture, S {‘ is the concentration

of the k' tracer in source i. p; (i=1, .., n) are the fractions of all sources in the mixture, with
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. pi = 1, corresponding to the aggregation of different sources in the mixture. In order to

solve this system of linear equations, “n-1" different tracers are required.

Section 2.2.1 details the general modeling approach for a simplified system with two sources
and one tracer. This is followed by a detailed discussion on the choice of the parameter

inference approach used.

2.2.1. Linear mixing model with non-concomitant observed data

For a system with two sources that combine linearly to form a mixture, the mixing model can

be formulated as:

pS1(t —71) + (1 = p)S2(t —72) =Y (1), 2.2

where S; (t — 1) is the tracer concentration in source 1 at timestep t — 74, S, (t — T,) is the
tracer concentration in source 2 at timestep t — 7,, Y(t) is the concentration of the mixture
(i.e. the tracer concentration in the target) at timestep t, p is the mixing ratio and t; is the
time delay between the time when source i enters the system and the time when it is
observed in the mixture. As an example, for a case where the two sources are snowmelt and
rainfall and the mixture is groundwater, p represents the proportional groundwater
recharged from snowmelt and 7 represents the average time lag for rain or snowmelt to reach
groundwater once they enter into the soil. In other words, the time lag (7) stands for any
delay caused by tracer transport from the source to the output; we assume that the source

components are conservative in nature.

The two parameters in this system, the mixing ratio (p) and the time delay (7), can be inferred
via classical Bayesian parameter inference which is widely used in hydrology (Kavetski et al.,
2006a, 2006b; Schaefli and Kavetski, 2017). This implies taking an observed timeseries of the

target (e.g. the tracer concentration in groundwater) and building a vector of model residuals:
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where Y, represents the observed mixture concentration and Y, represents the simulated
mixture concentration. However, in real environmental systems like that of groundwater
recharge from rainfall and snowmelt, there are four major difficulties which can prevent the

inference of p and 7 from the observed data.

i.  pandrtstrongly vary in time depending on catchment conditions such as soil moisture
(as previously discussed in the context of the ‘inverse storage effect’ (Benettin et al.,
2017b; Harman, 2015)).

ii. Long time series of the tracer concentration in both the sources and mixture are rare.

iii.  The effect of seasonality in precipitation can make the inference of t very difficult in
case the goal is to understand intra-annual recharge dynamics.

iv.  The tracer concentration in the different sources are generally measured at point
scales whereas the tracer concentration in the target integrates inputs over the entire

source area.

Our practical solution to limitation iv) is to assume that tracer concentrations in the two

sources are functions of observable point processes:

S = fi(P, (D), 2.4

where the function firepresents the transformation from the point to the catchment scale for
source i. Limitation iii) can be relaxed by assuming a long enough timestep (eg: long term
groundwater recharge dynamics), where the observed samples are samples from the long
term (>> 1 year) source and target compositions. This allows to replace the timestep ‘t’ and

‘t+ T° with At and write Eq. (2.2) as:

pS1(At) + (1 — p)S;(At) = Y'(AY), 2.5

where the ’ signifies the new time-integrated variables. Now, any observed point-scale tracer

concentration p; in a given source i or in the output (e.g., the isotopic ratio of snowmelt) can
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be assumed to represent a sample from a stationary process (from S’1 or S, or Y’). This
assumption is in fact implicitly underlying most of the existing hydrological mixing models
where point samples are used to characterize a spatial process and where the time reference

of the samples is discarded.

By utilizing all the available measurements {p;};1 » and {p3} =1.m of the two sources in the
above model, with n samples of source 1 and m samples of source 2, we can build
n X m predictions and compare them with the g observed samples of the target as:

k _ vk 0

€ij = Yops — Yijl 2.6
where YX _ is the k-th observed target concentration out of a total number of q target

concentrations. Assuming that the residuals can be described with a Gaussian error model

with a mean of zero and constant variance 02,
e~N(0,0?), 2.7

we can compute the likelihood function of the residuals as the joint probability of all the

residuals:

7 — 1 (Yok s ?i ')2
Li(Tops|Py, Py, 8) = TT0_, T, T, (202) 705 exp (— 3“2 200, 28
where 0 represents all the model parameters and P; (i=1,2) is the observed point process (see
Eqg. 2.4). The above Gaussian error model could in principle be replaced with any other
stochastic process. However, the Gaussian error model has been shown to be relatively

robust in this kind of an application (Lyon, 2013; Schaefli and Kavetski, 2017).

In the case of linear mixing between two sources, the two model parameters considered at
this stage are the mixing ratio p and the error variance 2. The error variance can either be
computed from the observed residuals or be treated as a model parameter (Kuczera and

Parent, 1998; Schaefli et al., 2007). For the examples shown in this paper, the error variance
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is computed from the residuals. In order to avoid numerical problems, we use the log-

likelihood form of Eq. (2.8):

2
~k ~
Yobs— Yij)

log Ly (Foss 1, P2, 8) = Sy ST, Sy —0.5|log (2m0%) + U2 Ful )| 2.9

2.2.2. Parameter inference in a Bayesian framework

Following the general Bayes’ equation, the posterior distribution of the model parameters

can be written as:

p(6|Py, P, Y) = %, 2.10

where p(0) is the prior distribution of the model parameters and p(17|0,P1,P2) is the
likelihood function. The denominator of Eq. (2.10) can generally not be computed as that
would require integration over the whole parameter space which is computationally

expensive, which is why Eq. (2.10) is reduced to:
p(6|P, P, Y7) o p(¥16, Py, P;)p(6). 2.11

Two methods are traditionally used in hydrology to sample from the posterior distribution
from Eq. (2.11), Markov Chain Monte Carlo (MCMC) sampling (Hastings, 1970; Metropolis and
Ulam, 1949) and importance sampling (Glynn and Iglehart, 1989; Neal, 2001). In the case of
MCMC sampling, a common approach is the Metropolis algorithm (Kuczera and Parent, 1998;
Schaefli et al., 2007; Vrugt et al., 2003). In importance sampling, the posterior distribution is
obtained from weighted samples drawn from the so-called importance distribution. For
typical multivariate hydrological problems, the only possible choices for the importance
distribution are either uniform sampling over a hypercube or sampling from an over-
dispersed multi-normal distribution (Kuczera and Parent, 1998). A stochastic process is

defined as over-dispersed when the variance of the underlying distribution is greater than its
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mean (Inouye et al., 2017). The sampling distributions in such cases have large variance,

allowing sufficient sampling over the entire parameter range.

We implement a MCMC sampling algorithm using a Metropolis-Hastings (Hastings, 1970)
criterion to infer the posterior distribution of the mixing ratio. For the synthetic case study
(Section 2.3.1), we setup 10 parallel MCMC chains to monitor convergence according to the
classical Gelman-Rubin convergence criterion (Gelman and Rubin, 1992). Each chain is
initiated by assigning a uniform prior distribution for the mixing ratio, where the mixing ratio
varies between 0 and 1. For the subsequent case studies, we use importance sampling for the
sake of simplicity. The prior distribution of additional model parameters (if applicable) are
discussed in the corresponding case study section. Apart from the prior distribution of the
model parameters, HydroMix requires tracer concentration of the different sources and of
the mixture. The error model variance is not jointly inferred with other model parameters but

calculated for each sample parameter set from the residuals according to Eq. (2.6).

2.3. Case studies

We provide a comprehensive overview of the performance of HydroMix based on a set of
synthetic case studies (case studies 2.3.1 and 2.3.2) and a real-world application to
demonstrate the practical relevance for hydrologic applications (case studies 2.3.4 and 2.3.5).
The first case study demonstrates the ability of HydroMix to converge on the correct posterior
distribution for synthetically generated data. The second case study uses a synthetic dataset
of rain, snow and groundwater isotopic ratios using a conceptual hydrologic model, and
compares the results of HydroMix to the actual mixing ratios assumed to generate the data
set. It then weights the sources samples and evaluates the effect of weighting on the mixing
ratio (case study 2.3.3). In the last two case studies, HydroMix is applied to observed tracer
data from an Alpine catchment in the Swiss Alps to infer source mixing ratios and an additional

parameter (isotopic lapse rate).
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2.3.1. Mixing using Gaussian distributions

In this example, source concentrations S; and S, are drawn from two Gaussian distributions
with different means (¢4, 1) and standard deviations (g4, 0,) and combined to form the

mixture Y with a constant mixing ratio p:

pSi +(1—p)S, =Y. 2.12

Assuming the two distributions are independent, the resultant mixture is normally distributed

with mean (u,,) and variance (05) defined as:

ty = ppy + (1 = py; oy = p*of + (1 - p)?o3. 2.13

A given number of samples are drawn from the distributions of S; and S, and of the mixture
Y. The posterior distribution of the mixing ratio, p(p|§1,5~2, 17), is then inferred using
HydroMix for i) a case where the two source distributions are well identifiable, and ii) a case
where the distributions have a large overlap. Different values of mixing ratios are tested, with

ratios varying from 0.05 to 0.95 in steps of 0.05.

The sensitivity of HydroMix to the number of samples drawn from S;, S, and Y, along with
the time to convergence is assessed based on the sum of the absolute error between the

estimated mixing ratio p and its true value p.

2.3.2. Mixing with a time series generated using a hydrologic model

In this case study, we build a conceptual hydrologic model where groundwater is assumed to
be recharged directly from rainfall and snowmelt. Stable isotopes of deuterium (8%H) is used
to see how the isotopic ratio in groundwater evolves under different assumptions of rain and

snow recharge efficiencies.
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Synthetic time series are generated for precipitation, isotopic ratio in precipitation and air
temperature at a daily timestep. For generating the precipitation time series, the time
between two successive precipitation events is assumed to be a Poisson process with the
precipitation intensity following an exponential distribution (Botter et al., 2007; Rodriguez-
lturbe et al., 1999). Time series of air temperature and of isotopic ratios in precipitation are
obtained by generating an uncorrelated Gaussian process with the mean following a sine
function (to emulate a seasonal signal) and with constant variance (Allen et al., 2018; Parton
and Logan, 1981). The separation of precipitation into rainfall (P.) and snowfall (F;) is done
based on a temperature threshold approach (Harpold et al., 2017a), where the fraction of

rainfall f,.(t) at time step t is computed as a function of air temperature T (t):

0 ifT(t) < T,
f(6) =55 T, < T(O) < Ty 2.14

1 T(t) > Ty,

where T, and Ty are the lower and upper threshold bounds. A double air temperature
threshold approach has been shown to be more accurate than a single temperature threshold
(Harder and Pomeroy, 2014; Harpold et al., 2017a, 2017b). In this case study, T; and T} are
set to-1°Cand +1 °C. The evolution of the snow water equivalent (SWE) in the snowpack (hy)
is computed as:

dhg(t)
% = Py(t) — M,(t), 2.15

where M, is the magnitude of snowmelt, computed using a degree-day approach as proposed

by Schaefli et al., (2014):

M, = {aS(T(t) —Tw), T >Tp 12.16
0 otherwise

where a; is the degree-day factor (set here to 2.5 mm/°C/day) and T,, is the threshold
temperature at which snow starts to melt (set to 0 °C). Enhanced heat exchange processes

happening during rain-on-snow events are not explicitly considered as this lies beyond the
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scope of this paper. The snowpack is assumed to be fully mixed, and the isotopic ratio of

snowpack is computed as:

d(hs(t)Cs(t))
— = Cp(DPs(t) — C;(D)M,(2), 2.17
where Cj is the isotopic ratio of snowpack and C, is the isotopic ratio of precipitation. The

amount of groundwater recharge (R) is the sum of groundwater recharged from rainfall and

snowmelt:
R(t) = R.P.(t) + RgM, (1), 2.18

where R, and R; are the rainfall and snowmelt recharge efficiencies. Recharge efficiency is
defined as the fraction of rainfall or snowmelt that reaches groundwater and is assumed to
be a constant value. The groundwater storage is assumed to be fully mixed, and the isotopic

ratio of groundwater is computed as:

d(G()Cy (D)

dt = RTCp(t)Pr(t) + RsCs(t)Ms(t) - Cg(t)Q(t)' 2.19

where C is the isotopic ratio in groundwater, G is the volume of groundwater and Q is the

amount of groundwater outflow to the stream defined as:
Q) = k(G(t) — Ge), 2.20

where k is the recession coefficient and G is a constant groundwater storage that does not
interact with the stream (added here to avoid zero storage and thus very small outflow). This
formulation follows the linear groundwater reservoir assumption used in numerous
hydrological modeling frameworks (Beven, 2011). The volume of the groundwater storage is

computed as:

%(:) = R(t) — Q(1). 2.21

75



The model is run for a period of 100 years, allowing the system to reach a long term steady
state. The parameters used to generate daily precipitation, air temperature and precipitation
isotopic ratios are shown in Table 2.4. The number of yearly precipitation events is set to 30.
The snow accumulation and the degree-day snowmelt models are then used to compute the
number of snowfall days and of snowmelt events. The static volume of groundwater that does

not interact directly with the stream, Gg, is set to 1000 mm.

Only the last 2 years of the model runs are used to obtain the time series of isotopic ratios in
rainfall, snowmelt and groundwater. These years are then used to estimate the mixing ratio
of snowmelt in groundwater, which is the fraction of groundwater recharged from snowmelt.
Rainfall and snowmelt samples are the two sources and groundwater samples represent the
mixture. For the HydroMix application, all the modeled rainfall and snowmelt samples
generated using the hydrologic model are used, whereas for groundwater, only one isotopic
ratio per month is used (randomly sampled). The mixing ratios inferred using HydroMix are

compared to the actual recharge ratio obtained from the hydrologic model as:

ZtRsMs(t)
RG =&tz =ss
StR()

2.22
where RZ represents the proportion of groundwater recharge derived from snowmelt,
summed over all the time steps. The numerical implementation of the evolution of isotopic

ratio in snowpack and groundwater are given in the Appendix.

2.3.3. Weighting mixing ratios in the hydrologic model

In Section 2.3.2, rainfall and snowmelt samples are not weighted by the magnitude of their
fluxes while computing the mixing ratios with HydroMix. As all rainfall and snowmelt samples
are used, the weights are implicitly determined by the number of rainfall and snowmelt
events, instead of their magnitudes. This is a general problem in all mixing approaches and
has not been adequately acknowledged in the literature. Ignoring the weights may lead to
biased mixing estimates if the proportional contribution of one of the components (e.g.:

rainfall or snowmelt) is low, but the number of samples obtained to represent that

76



component is proportionally much higher (Varin et al., 2011). For example, in a given
catchment, the amount of total snowfall maybe a small proportion of the annual
precipitation, but the number of days when snowmelt occurs maybe comparable to the total
number of rainfall days in a year. If this is not specified a priori, HydroMix may overestimate
the proportion of groundwater being recharged from snowmelt. To account for this, we
introduce a weighting factor in the likelihood function originally formulated in Eq. (2.8), to

make a new composite likelihood (Varin et al., 2011):

Wiwj

- _ 1 (PK —7:)?
L (Yops| Py, P2, 0) = Tlizy [T721 [Ty [(Znaz) % exp (- ”—21)] : 2.23

g

where i and j correspond to snowmelt and rainfall samples, and the weights w; and w; reflect
the proportion of snowmelt and rainfall contributing to groundwater recharge (Vasdekis et

al., 2014), where w; is expressed as:

Wi = RiS;
L SRS

2.24

where R;is the snowmelt magnitude and S; is the isotopic ratio of the /" snowmelt event. Rain
weights (w;) are also expressed similarly to Eq. (2.24). The obtained mixing ratio estimates are
then compared with the unweighted estimates (in Section 2.3.2) to see if weighting by

magnitude makes a significant difference.

2.3.4. Real case study: Snow ratio in groundwater in Vallon de Nant

The objective of this case study is to infer the proportional contributions of snow versus
rainfall to the groundwater of an Alpine headwater catchment, Vallon de Nant (Switzerland),

using stable water isotopes.
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2.3.4.1.  Catchment description

Vallon de Nant is a 13.4km?2 catchment located in the Vaud Alps in South-West of Switzerland
(Figure 2.1), with elevation ranging from 1253 m to 3051 m asl. Steep slopes form a major
part of the catchment with a mean catchment slope of around 36° (Thornton et al., 2018). At
lower elevations, a dense forest dominated by Picea abies covers 14% of the catchment area.
At around 1500 m asl., there is an active pasture area with scattered trees and an open forest
dominated by Larix decidua. Additional species scattered throughout the catchment include
Pinus sp., Alnus sp. and Acer pseudoplatanus. Alpine meadows cover most of the higher
elevation land surfaces. Despite the relatively low elevation, there is a small glacier on its
South-western tip, which covers around 4.4% of the catchment area, below which an
extended moraine occupies 10.1% of the catchment area. A large part (28% of catchment
area) of the hillslopes are composed of steep rock walls. At lower to mid-elevations, talus

slopes account for about 6% of the catchment area.

Vallon de Nant has a typical Alpine climate, with around 1900 mm of annual precipitation and
a mean air temperature of 1.8 °C (Michelon, 2017). For this paper, long term climate statistics
are computed using MeteoSwiss gridded precipitation and air temperature dataset from
1961-2015 (Isotta et al., 2013; MeteoSwiss, 2016, 2017). Applying a simple temperature
threshold (0 and 1 °C) to observed precipitation indicates that on average, 40-45% of the total
precipitation falls as snow in the catchment. There is a small degree of seasonality in
precipitation, with higher precipitation between June to August, and lower precipitation in

the months of September and October.
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Figure 2.1. Map showing Vallon de Nant along with the locations of meteorologic and
hydrologic observations and the frequent sampling sites. Composite samples of precipitation
were collected at the weather stations. Groundwater samples were collected at the
groundwater monitoring points and the installed piezometers. The groundwater piezometers

were installed by James Thornton from University of Neuchatel (Thornton et al., 2018).

2.3.4.2. Data collection

Vallon de Nant has been extensively monitored since February 2016. Water samples are
collected from streamflow, rain, snowpacks and groundwater at different elevations, which
are then analyzed for the isotopic ratios in deuterium (8§2H) and oxygen-18 (6'80). Vallon de
Nant is remotely located with very limited winter access, frequently experiencing winter
avalanches. Due to these logistical constraints, snowmelt lysimeters or passive capillary
samplers could not be setup to sample snowmelt water; accordingly, grab snowpack samples

are used here as a proxy for snowmelt. A summary of the isotopic data is shown in Table 2.1.
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Table 2.1. Summary of the isotopic data (6?H and 680) collected in Vallon de Nant between

February 2016 to July 2017

Sample name Number of samples | Lowest elevation Highest elevation
Rainfall 32 1253 1773
Top snowpack layer | 80 1241 2455
Groundwater 22 1253 1779

2.3.4.3. Model implementation

HydroMix is used to estimate the proportion of snow recharging groundwater (subsequently
referred to as ‘snow recharge coefficient’). In order to obtain a pdf of the snow recharge
coefficient, isotopic ratios in all the water samples from rain, snowpack and groundwater are
used. A uniform prior distribution is assigned to the snow recharge coefficient, which varies

between 0 and 1, representing the entire range of possible values.

2.3.5. Introduction of an additional model parameter

In any mixing analysis, it may be useful or desirable for users to specify an additional model
parameter that is able to modify the tracer concentrations based on their process
understanding of the system. In the case of Alpine catchments with large elevation gradients,
stable isotopes in precipitation often exhibit a systematic trend with elevation, becoming
more depleted in heavier isotopes with increasing elevation. This is also known as the
‘isotopic lapse rate’ (Dansgaard, 1964; Friedman et al., 1964). In typical field campaigns,
because of logistical challenges, precipitation samples are collected only at a few points in a
catchment, with often fewer precipitation samples at high elevations. This leads to
oversampling at lower elevations, and under sampling at higher elevations, which can bias
mixing estimates. This has been found specially relevant for hydrograph separation in
forested catchments (Cayuela et al., 2019). To allow a process compensation for this, an
additional lapse rate factor is introduced in which each observed point scale sample

(observed at a given elevation) is corrected to a reference elevation as follows:
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2.25

where 7 is the isotopic ratio in precipitation collected at elevation e, 7 is the catchment
averaged isotopic ratio in precipitation, a is the isotopic lapse rate factor, ¢; is the elevation
of the j-th elevation band, and g; is the catchment area under the j-th elevation band, where
the catchment is divided into k elevation bands. These bands are obtained by constructing a

hypsometric curve of the catchment (Strahler, 1952).

The lapse rate factor is allowed to modify both rainfall and snowpack isotopic ratios to obtain
a catchment averaged isotopic ratio, which is then used in the mixing model. Using this
formulation of an isotopic lapse rate makes the following implicit assumptions: (1)
precipitation storms on aggregate move from the lower part of the catchment to the upper
part of the catchment thus creating a lapse rate effect, and (2) precipitation falls uniformly
over the catchment. It is important to note that the isotopic lapse rate is different from the
precipitation lapse rate, i.e., the rate of change of precipitation with elevation is different

from the rate of change of precipitation isotopic ratio with elevation.

It is important to note that precipitation isotopic ratio is not only a function of elevation, but
also depends on other factors such as the source of moisture origin, cloud condensation
temperature, secondary evaporation, etc. Similarly, a strong spatial variability exists in the
isotopic ratio of snowmelt water, depending on catchment aspect, snow metamorphism,
wind distribution, etc. This case study is a mere demonstration that HydroMix allows
inference of additional parameters that can account for various physical processes that may

modify isotopic ratios.

The prior distribution of the isotopic lapse rate is specified based on isotopic data collected
across Switzerland under the Global Network of Isotopes in Precipitation (GNIP) program
(IAEA/WMO, 2018). Using the monthly isotopic values collected in between 1966 and 2014,
average lapse rate values are obtained for both 6%H and 8'80. These were (-)1.94 %o0/100m

for 82H, and (-)0.27 %0/100m for 6§80 (Beria et al., 2018).
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A uniform prior distribution is assigned to the isotopic lapse rate parameter, with the lower
bound specified as three times the Swiss lapse rate for both §%°H and §'0. The observed
isotopic lapse rate data from Switzerland suggests average lapse rates are weakly negative;
however, positive lapse rates can a priori not be excluded for the case study catchment.
Accordingly, we do not specify an upper lapse rate bound of zero but set it as three times the
Swiss lapse rate (Table 2.2). In the case of Vallon de Nant, the elevation ranges from 1253 m
to 3051 m asl. For computing the Swiss lapse rate, the elevation range over which the monthly
precipitation samples were collected was 300 m to 2000 m asl. This difference in elevation
ranges between Vallon de Nant and the GNIP network should be kept in mind during

interpretation of results.

Table 2.2. Prior distribution of the different model parameters as specified to HydroMix

Variable Prior distribution Lower bound Upper bound

Snow recharge coefficient Uniform 0 1

Isotopic lapse rate in §°H Uniform (-)5.82 %0/100m | (+)5.82 %0/100m

Isotopic lapse rate in 680 Uniform (-)0.81 %0/100m | (+)0.81 %0/100m
2.4.Results

The results for the different case studies are discussed in the sections below.

2.4.1. Mixing with normal distributions

The mean and standard deviations used to generate the low and high variance source
distributions for the synthetic case studies are summarized in Table 2.3. We randomly
generated 100 samples from each of the two source distributions and from the target
distribution, and varied the mixing ratios between 0.05 and 0.95 in 0.05 increments. It should
be noted that HydroMix permits using different number of samples for the sources and for

the mixture.

82



For the low variance case, the mixing ratio inferred with HydroMix with 1000 MCMC
simulations reproduce closely the theoretical mean of the mixing ratios used to generate the
synthetic data (Figure 2.2a). However, for the high variance case, the inferred mixing ratios
do not match the true underlying mixing ratios, especially for low and high mixing ratios. This
is partly due to the poor identifiability of the sources (given that their distributions are highly
overlapping), and partly due to the relatively small sample size of 100. The inferred mean
should reproduce the theoretical mean with increasing sample size and we clearly see this for
the low variance case in Figure 2.2b, where the model performance markedly improves with
increasing number of samples. The performance is measured here in terms of the absolute
error between the posterior mixing ratio mean and the true mean, summed and averaged
over all tested ratios from 0.05 to 0.95. We did not perform inferences for sample sizes larger
than 100 as the computational requirement increases exponentially with increasing sample

sizes.

The model converges fairly quickly for the low variance case after ~100 runs as shown in
Figure 2.3a. The obtained model residuals have zero mean and are approximatively normally
distributed as revealed by quantile-quantile plots (not shown), in line with the assumption of

an unbiased normally distributed error model, as stated in Eq. 2.7.

Table 2.3. Mean and variance of the two sources S; and S, drawn from Normal distributions

Dataset Us, (Usl) Us, (USz)
Low variance 10 (0.5) 20 (0.5)
High variance 10 (5.0) 20 (5.0)
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Figure 2.2. (a) Scatterplot showing the mixing ratio (p) values inferred using HydroMix for the
low and high variance synthetic case of Table 2.3. The uncertainty band represents the
inferred mixing ratio * error standard deviation obtained from Eq. 2.13. The number of source
and target samples are 100. (b) Performance of HydroMix in terms of the absolute error
between the posterior mixing ratio mean and the true mean for the low variance dataset,
over all tested ratios plotted as a function of the number of samples drawn for the two

sources.
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Figure 2.3. Diagnostic plots showing the convergence characteristics of MCMC chains for five
different mixing ratios for the low variance dataset (shown in Table 2.3). Subplots (a) and (b)

show variations in the inferred mixing ratio and the error mean with increasing MCMC runs.

2.4.2. Contribution of rain and snow to groundwater recharge using a hydrologic

model

Figure 2.4 shows the variation in the isotopic ratio of groundwater over the entire 100 year
period, showing the system achieves a steady state condition after ~15 years of simulation.
The mixing ratio is estimated with HydroMix using: (1) samples of the isotopic ratio in
snowfall, and (2) samples of the isotopic ratio in snowmelt. The two sample distributions
differ, as shown in Figure 2.5, where the variability of the isotopic ratio is lower in snowmelt
when compared to snowfall. In the model at hand, this reduction is obtained because of
mixing occurring within the snowpack, leading to homogenization, thus reducing the
variability in the isotopic ratio of snowmelt. In field data, such a reduction in variability is also
generally observed (Beria et al., 2018), as a result of the homogenization as modelled here

and from more complex snow physical processes, which lie beyond the scope of this study.
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Table 2.4. Parameters used to generate time series of precipitation, air temperature and
isotopic ratios in precipitation. u represents the mean, A is the amplitude and ¢ the time lag
of the underlying sine function. For the precipitation process, y is the mean intensity on days

with precipitation. The resulting mean winter length (air temp. below 0°C) is 119.5 days.

Variable Parameter values

Precipitation # events/year = 30, u = 33.45 mm/day
Air temperature u=4°C,A=8°, ¢=-n/2
Precipitation isotopic ratio 1= (-80) %o, A =40 %o, ¢p=-1/2
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Figure 2.4. Evolution of the modeled isotopic ratio in groundwater over a 100-year period

with R,.=0.3 and R4=0.6.
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Figure 2.5. Boxplot showing the variability in the isotopic ratio of snowfall and snowmelt as
simulated by the hydrologic model. The boxplot extends from 25th to 75th percentile value,
with the median value depicted by the orange line. The whiskers extend up to 1.5 times of

the interquartile range. The black circles are the outliers.

The mixing ratios inferred with HydroMix are very similar regardless of whether snowfall or
snowmelt is used across the entire range of recharge efficiencies (Figure 2.6). This provides
confidence in the use of snowfall samples as a proxy for snowmelt when estimating mixing
ratios. However, it is clear from Figure 2.6 that an important bias emerges between the
estimated mixing ratio from HydroMix and the actual mixing ratio known from the hydrologic

model, especially for low mixing ratios.

This bias can be expected to emerge where the source contributions are not weighted
according to their fluxes, which to our knowledge has not been explicitly addressed in the
hydrological literature. As already discussed in Section 2.3.3, the absence of sample weighting
typically induces a bias when there is a large divergence between the number of samples
taken over a certain period (e.g. one year) to characterize a source, and the magnitude of

source flux over that period (e.g. 40 snow and 10 rain samples taken to characterize the two
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sources, where snow only accounts for a very small portion (e.g. 10%) of the annual

precipitation).
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Figure 2.6. Ratios of snow in groundwater estimated with HydroMix plotted against ratios
obtained from the hydrologic model for the last two years of simulation. Also shown are the
separate results obtained by using samples of either snowmelt or snowfall. The full range of
ratios is obtained by varying rainfall and snowmelt recharge efficiencies from 0.05 to 0.95.
The number of rainfall, snowfall and snowmelt days are 39, 24 and 107 in the last two years

of simulation.

2.4.3. Effect of weights on estimates of mixing ratios using a hydrologic model

After taking into account the magnitude of rainfall and snowmelt events in the composite
likelihood function of Eq. (2.23), it is clear that much of the un-weighted biases can be
removed (Figure 2.7). The most significant improvement is seen at very low mixing ratios
where the divergence between the conceptual model and the mixing model estimates error

reduces by almost 50%. In this study, we have used a relatively simple normalization based
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weighting function (Eq. (2.25)). Testing other weighting functions which have been proposed

in the past (Vasdekis et al., 2014) is left for future research.
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Figure 2.7. Ratios of snow in groundwater estimated using HydroMix plotted against ratios
obtained from the hydrologic model, for both weighted and unweighted mixing scenarios.
The full range of ratios is obtained by varying rainfall and snowmelt recharge efficiencies from
0.05 to 0.95. The number of rainfall, snowfall and snowmelt days are 39, 24 and 107 in the

last two years of simulation.

2.4.4. Inferring fraction of snow recharging groundwater in a small Alpine catchment

along with an additional model parameter

Using the dataset from an Alpine catchment (Vallon de Nant, Switzerland), HydroMix
estimates that 60-62% of the groundwater is recharged from snowmelt (using unweighted
approach), with the full posterior distributions shown in Figure 2.8a. This estimate is
consistent for both the isotopic tracers (6%H and §'80), which are often used interchangeably

in the hydrologic literature (Gat, 1996). Comparing this recharge estimate to the proportion
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of total precipitation that falls as snow (around 40-45%, see Section 2.3.4.1), suggests that
snowmelt is more effective at reaching the aquifer than an equivalent amount of rainfall
falling at a different period of the year. Similar results have been obtained in a number of
previous studies across the temperate and mountainous regions of the world (see Table 1.1

for a summary).
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Figure 2.8. Histogram showing the fraction of snow recharging groundwater in Vallon de Nant
using the isotopic ratios in 8°H and 680 (a) without correcting for lapse rate and (b) after

correcting for lapse rate.
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As can be seen from Figure 2.8a, the estimated distribution of snow ratio in groundwater is
very narrow. This can be explained by the fact that we assume that the collected precipitation
samples represent the variability actually occurring in the catchment. To overcome this
limitation, we infer an additional parameter called the isotopic lapse rate that accounts for
the spatial heterogeneity in terms of catchment elevation. As shown in Figure 2.9, the
posterior distributions of the isotopic lapse rate (for both §°H and §80) largely overlap with
the spatially averaged isotopic lapse rate as estimated from precipitation isotopes across
Switzerland. The overlap with the average Swiss isotope lapse rate suggests our inferred lapse
rates are reasonable, with the spread in the estimates likely reflecting the temporal variation
in the catchment specific isotope lapse rate that can develop from a wide range of moderating
factors (e.g. air masses contributing precipitation without traversing the full elevation range
of the catchment due to varying trajectories). The Swiss lapse rate is constructed as a long
term spatial average, whereas the inferred isotopic lapse rate in Vallon de Nant is constructed
from the temporal variations in the isotopic ratios. These results demonstrate that it is
relatively straightforward to jointly infer multiple parameters within the HydroMix modeling

framework.

However, an important consequence of additional parameter inference without providing
additional data or constraints is anincrease in the degree of freedom, which can then increase
the uncertainty on source contributions. This effect is seen in Figure 2.8b, especially in
contrast with the previous result in Figure 2.8a, where the median mixing ratios of the
posterior distributions remain similar (~0.6), but the spread increase drastically, from 0.005

to 0.2.
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Figure 2.9. Histogram showing the posterior distribution of the isotope lapse rate parameter
in 62H and 8'80. The green region shows the confidence bounds (significant at o =0.01) of
lapse rate computed over Switzerland by using inverse variance weighted regression. Limits
of the prior distribution of the isotopic lapse rates correspond to limits of the x-axis. The slope
of the isotopic ratio when plotted against elevation for the Swiss-wide data is shown in Figure

1.3.

2.5. Limitations and opportunities

As with all linear mixing models, the quality of the underlying data determines the accuracy
and utility of the results. If the tracer compositions of the different sources are not sufficiently
distinct, the uncertainty in the estimated mixing ratios will become very large. This means
that if either the underlying data quality is poor, or the source contribution dynamics are not

well conceptualized, then the uncertainty in the mixing ratios will be too high to be useful.
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In cases where a large number of source samples are available, the computational
requirements of HydroMix outweigh the benefit from using it. These are likely cases where
the statistical distribution of the source tracer composition is well understood, therefore
fitting a probability density curve to the source and target samples, and then inferring the
distribution of the mixing ratio using a probabilistic programming approach is more
appropriate (Carpenter et al., 2017; Parnell et al., 2010; Stock et al., 2018). Also HydroMix
might not be an appropriate method in instances where fitting statistical distributions to

source and target compositions reflect a priori knowledge of the system.

A key difference between HydroMix and other Bayesian mixing approaches is that HydroMix
parameterizes the error function whereas other Bayesian approaches parameterize the
statistical distribution of source and mixture compositions. Parameterizing source
compositions require large sample sizes, which is seldom the case in tracer hydrology. Error
parameterization offers a useful alternative and can be also verified against the posterior
error distribution. In the case studies demonstrated in this paper, a normally-distributed error
model was found to be appropriate. However, error models other than Gaussian can be used

by formulating the respective likelihood function.

HydroMix builds the model residuals by comparing all the observed source samples with all
the observed samples of the target mixture, assuming that all available source and target
samples are independent. Interestingly, the assumption of independence holds even if the
source and target samples are taken at the same time, since the target samples result from
water that has travelled for a certain amount of time in the catchment, and hence is not
related to the water entering the catchment. However, if a system has instantaneous mixing,
then the source and target samples taken at the same moment of time will necessarily be
strongly correlated. In such cases, the assumption of independent samples would not make

sense and the method might give spurious results.

Finally, it is noteworthy that adding additional parameters to characterize the source tracer
composition increases the degree of freedom of the model, which implies that adding such
parameters leads to an increase in the uncertainty of the source contribution estimates unless

new information, i.e. new observed data, is added to the model. This means that users who
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are interested in incorporating additional modification processes by adding parameters
should ideally provide additional tracer data able to constrain this process, subject to tracer

data being available.

For consistency and simplicity, the case studies and synthetic hydrological examples provided
here focused on the contribution of rain and snow in recharging groundwater. However, it is
important to emphasize that the opportunities to implement HydroMix extend to all cases
where mixing contributions are of interest, and where it is difficult to build extensive
databases of source tracer compositions. Such examples include quantifying the amount of
“pre-event” vs. “event water” in streamflow, where “pre-event water” refers to groundwater
and “event water” refers to rainfall or snowmelt. Another interesting use case might be to
quantify the proportion of streamflow coming from the different source areas in a catchment,
to capture the spatial dynamics of streamflow. Other uses include quantifying the amount of
fog contributing to throughfall, the proportion of glacial melt vs. snowmelt flowing into a
stream, the amount of vegetation water use from soil moisture at different depths vs
groundwater, the interaction between surface water and groundwater at the hyporheic zone
(Leslie et al., 2017), sediment fingerprinting to quantify the spatial origin of river sediments ,
etc. In all of these cases, understanding source water contributions, both spatially and

temporally, will improve the physical understanding of the system.

2.6. Conclusions

We develop a new Bayesian modeling framework for the application of tracers in mixing
models. The primary application target of this framework is hydrology, but it is by no means
limited to this field. HydroMix formulates the linear mixing problem in a Bayesian inference
framework that infers the model parameters using a Metropolis-Hastings based MCMC
sampling algorithm, based on differences between observed and modelled tracer
concentrations in the target mixture, using all possible combinations between all source and
target concentration samples. This is especially useful in data scarce environments where
fitting probability distribution functions is not feasible. HydroMix also makes the inclusion of

additional model parameters to account for source modification processes straightforward.
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Examples include known spatial or temporal tracer variations (e.g. isotopic lapse rates or

evaporative enrichment).

An evaluation of HydroMix with data from different synthetic and field case studies leads to

the following conclusions:

1. HydroMix gives reliable results for mixing applications with small sample sizes (< 20-
30 samples). As expected, the variance in source tracer composition and the ensuing
composition overlap determines the bias in the mixing ratio estimates. The bias in
mixing ratio estimates increases with increasing variance in source tracer
compositions. Mixing ratio estimates improve (in terms of lower error) with increasing
number of source samples.

2. As revealed by our synthetic case study with a conceptual hydrological model, at low
source contributions (i.e. < 20%), a strong divergence between the actual and
estimated mixing ratios emerges. This arises if HydroMix assigns equal weights to all
source samples proportionally oversampling the less abundant source, which then
leads to significant biases in mixing estimates. This problem is inherent to all mixing
approaches, and to our knowledge has not been adequately addressed in the
literature.

3. The use of composite likelihoods to weight samples by their amounts can significantly
reduce the bias in the mixing estimates. At low source proportions, the estimated
mixing ratio improves by more than 50% after accounting for the amount of all the
sources. We show this using a simple normalization based weighting function. Future
studies should explore the usage of different weighting functions that have been
proposed in the past (Vasdekis et al., 2014).

4. A synthetic application of HydroMix to understand the amount of snowmelt induced
groundwater recharge, revealed that using snowfall isotopic ratio instead of snowmelt
isotopic ratio leads to similar mixing ratio estimates. This is particularly useful in high
mountainous catchments, where sampling snowmelt is logistically difficult.

5. A real case application of HydroMix in a Swiss Alpine catchment (Vallon de Nant)
showed a clear winter bias in groundwater recharge. About 60-62% of the

groundwater is recharged from snowmelt (unweighted mixing approach), when
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snowfall only accounts for 40-45% of the total annual precipitation. This has also been
previously suggested elsewhere in the European Alps (Cervi et al., 2015; Penna et al.,

2014b, 2017; Zappa et al., 2015).
To conclude, HydroMix provides a Bayesian approach to mixing model problems in hydrology

that takes full advantage of small sample sizes. Future work will show the full potential of this

approach in hydrology as well as other environmental modelling applications.

2.7.Code and data availability

The model code is implemented in python 2.7 and can be downloaded along with the

dataset from Zenodo at http://doi.org/10.5281/zenodo.3475429. The most recent version

of the model code is available on GitHub at

https://github.com/harshberia93/HydroMix/tree/20191007 GMD.

2.8. Appendix

The equations below show the numerical implementation of the evolution of isotopic ratios

in snowpack, isotopic ratios in groundwater, and groundwater storage at a daily timestep.

Cs(t_l)hs(t_1)+Cp(t)Ps(t)_Cs(t_1)Ms(t)

G0 = he (=1 +Pe()~M5(0) 2.26
_ Cg(t—1)G(t—1)+Cp(t)RrPr(t)+CS(t)RsMs(t)—Cg(t—1)Q(t)

Cg(t) = G (t—1)+RyPr(t)+RsMg(t)—Q(t) 2.27

G(t) =G(t—1)+R,P.(t) + RRM,(t) — k(G(t) — G¢) 2.28

Author contributions: The paper was written by HB with contributions from all coauthors. HB
and BS formulated the conceptual underpinnings of HydroMix. JRL helped in framing the
statistical and hydrological tests to evaluate HydroMix. AM and NCC helped in compiling data

used for model evaluation and provided critical feedback during model validation.
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Abstract

The last century of hydrological research has led to significant improvements in representing
different hydrological processes in rainfall-runoff models. Despite this progress, most rainfall-
runoff models are still calibrated only against streamflow, which informs the celerity i.e. the
fast response behavior of a catchment. Using environmental tracers such as stable water
isotopes can help constrain the velocity aspect of the catchment. However, stable water
isotopes have either been used qualitatively to learn more about the dominant hydrological
processes or to calibrate a much more complex solute transport model, where the added

benefit of using stable water isotope data is not entirely clear.

In this study, we use stable water isotopes to design a semi-distributed conceptual rainfall-
runoff model for an Alpine catchment (Vallon de Nant), and incorporate information about
pre-event water fraction in the stream within the rainfall-runoff model. Pre-event water
fraction during summer rains is estimated using stable water isotope data and a Bayesian
mixing model, and is used to calibrate the rainfall-runoff model. This kind of a calibration
scheme increases the pre-event water fraction within the stream making the model
simulations more realistic. We discuss the advantages and limitations of such a modeling

approach and how it can be extended to other experimental catchments.
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3.1. Introduction

The last century of hydrological research has led to significant improvements in our
understanding of different hydrological processes, and how these processes are represented
in rainfall-runoff models (Peters-Lidard et al., 2019). Such models allow us to make
predictions about water resources, helping us gauge the impact of climate change on the
different facets of the water cycle. This is becoming increasingly relevant as climatic extremes
such as floods and droughts become more frequent (Stott, 2016), and changes in atmospheric
dynamics and precipitation patterns impact the health and functioning of the biosphere

(Malhi et al., 2020).

Traditionally, most rainfall-runoff models are calibrated against streamflow, as streamflow
data are widely available (Hrachowitz et al., 2016). However, this often limits the predictive
power of such models, often leading to the right answers (i.e. matching streamflow
hydrographs) but for the wrong reasons (Kirchner, 2006) (e.g. underestimation in evaporation
compensated by higher soil moisture in the model domain (Sutanudjaja et al., 2014)). This
problem mainly arises because the model fails to correctly simulate the internal system
dynamics such as flux partitioning, while doing a good job at curve fitting (Hrachowitz and
Clark, 2017). This has been often referred to as equifinality in the hydrologic literature, where
multiple model parameter states lead to similar model performance (Beven and Freer, 2001;
Khatami et al., 2019), making it difficult to identify the most reliable parameter set. Ideas such
as including auxiliary datasets such as remote sensing based estimates of evapotranspiration
(Odusanya et al., 2019; Rajib et al., 2018), snow cover (Nijzink et al., 2018; Parajka and Bloschl,
2008; Salvatore et al., 2018), groundwater (Bai et al., 2018; Dembélé et al., 2020), and soil
moisture (Kunnath-Poovakka et al., 2016; Sutanudjaja et al., 2014) have been proposed to
improve the parameter identifiability. More recently, calibration based on hydrologic
signatures such as flow duration curves have also been proposed to get around the problem
of overfitting, while aptly constraining the hydrologic model (Addor et al., 2018; Branger and
McMillan, 2020; Jayathilake and Smith, 2019; Kelleher et al., 2017; Shafii and Tolson, 2015).
A detailed review linking hydrologic signatures to hydrologic processes is given in McMillan,

(2020).
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Most conceptual rainfall-runoff models do not adequately differentiate celerity and velocity
in a catchment (Mcdonnell and Beven, 2014). Celerity represents the speed of propagation of
alarge rainfall or snowmelt event through a catchment whereas velocity represents the speed
at which a water particle traverses through the catchment. A rainfall-runoff model which is
only calibrated with streamflow captures the celerity or the fast response behavior of a
catchment which is mainly controlled by storage deficit. However, such a model fails to
resolve the velocity aspect, which is largely controlled by the geomorphological
characteristics of subsurface storage (Mcdonnell and Beven, 2014). Accounting for both
celerity and velocity is especially relevant in mountainous catchments, where large
convective summer rainfall events often trigger very flashy response in the stream (Brunner
et al., 2018; Stoffel et al., 2016; Weingartner et al., 2003). However during such flood events,
most of the streamwater still comes from pre-event water (Kirchner, 2003; Klaus and
McDonnell, 2013; Obradovic and Sklash, 1986; Pearce et al., 1986), i.e. the rainfall event only
helps mobilize older water that was stored within the catchment. This distinction is often not

made in conceptual rainfall-runoff models.

Environmental tracers such as stable water isotopes, conservative solutes, etc. capture the
velocity response of a catchment, which if used with streamflow data, can help in constraining
both celerity and velocity responses of the catchment. However, stable water isotopes have
mostly been used to learn about the dominant hydrologic processes occurring within a
catchment (Birkel and Soulsby, 2015; Son and Sivapalan, 2007; Vaché and McDonnell, 2006),
thereby helping inform the hydrologic model structure. More recently, stable water isotopes

have been used in more quantitative ways. Their usage can be categorized into two groups:

1) Transport modeling: Of late, tracer-aided rainfall-runoff modeling has garnered a lot
of attention (Birkel et al., 2020; Birkel and Soulsby, 2015; Capell et al., 2012; Delavau
et al., 2017; Hrachowitz et al., 2013; van Huijgevoort et al., 2016b, 2016a; Kuppel et
al., 2018; Lessels et al., 2016; McDonnell et al., 2010; McMillan et al., 2012; Mosquera
et al., 2018; Soulsby et al., 2010, 2015; Stadnyk et al., 2013; Tetzlaff et al., 2015;
Tunaley et al., 2017). The idea here is to solve the full solute transport equation in
addition to the water balance, and use the isotopic ratio to calibrate the parameters

of the transport model. This kind of an approach is very useful in solute modeling, as
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2)

isotopic ratios provide an additional measurement against which the transport model
can be calibrated or validated. However, the number of parameters in such a transport
model is much higher than in regular rainfall-runoff models, due to the additional
parameters of the advection diffusion equations. Hence, due to the enhanced model
complexity, it is unclear if information gained by using additional isotope data
compensates for the subsequent increase in model complexity (Kelleher et al., 2019).
In the absence of sufficient data to constrain the model, issues related to equifinality
might occur, where the observed dataset is insufficient to constrain the most likely
model parameter state (Beven and Freer, 2001; Shafii et al., 2019), reducing

confidence in the predictive power of such a model.

Transit time modeling: Transit time of water is the time taken by a water particle to
exit a catchment after being first introduced into the catchment, it represents the
velocity aspect of a catchment (Benettin et al., 2015). By solving a Master equation for
the average residence time of water within a catchment (Botter et al., 2011), the
expected (or the mean) transit time (Kirchner, 2016) of a catchment can be estimated.
Stable water isotope ratios are used to infer the model parameters of the master
equation (Harman, 2015). Transit time distributions provide a stochastic alternative
to modeling solute transport and hence can be used in water quality modeling
(Hrachowitz et al., 2016). Also, such transit time modeling approaches have been used
to estimate catchment storage (Soulsby et al., 2009), and the degree of mixing within

the different catchment storage compartments (Hrachowitz et al., 2016).

Few conceptual rainfall-runoff models parameterize celerity and velocity, which if ignored can
result in spurious results because of conflicts in internal flux partitioning within the model
(Delavau et al., 2017). Given the very fast runoff response to convective summer rainfall
events in Alpine catchments (Weingartner et al., 2003), sometimes on the order of a few
minutes, such models overestimate the fraction of streamflow derived from the current

rainfall event i.e. incorrectly represents the velocity behavior of a catchment.

In this article, we develop a semi-distributed conceptual rainfall-runoff model that

parameterizes both the velocity and celerity behavior of an Alpine catchment. The model
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simulates the different hydrologic fluxes at very high temporal resolution, along with the
amount of pre-event vs event water flowing into the stream. This fraction of pre-event water
in the stream is simultaneously inferred with stable water isotopes using an independent
Bayesian mixing model, and is used to calibrate the rainfall-runoff model. This novel
framework allows us to use the results of the mixing model during the calibration of the
rainfall-runoff model, ensuring similar levels of model complexity. The model is extensively
tested in an experimental catchment called Vallon de Nant, located in the Southwestern Swiss
Alps, during summers of 2017 and 2018. In the article, we discuss the advantages and

limitations of such a modeling approach and how it can be extended to other catchments.

In this study, we use stable water isotopes to design a semi-distributed conceptual rainfall-
runoff model for an Alpine catchment (Vallon de Nant), and incorporate information about
pre-event water fraction in the stream within the rainfall-runoff model. Pre-event water
fraction during summer rains is estimated using stable water isotope data and a Bayesian
mixing model, and is used to calibrate the rainfall-runoff model. This kind of a calibration
scheme increases the pre-event water fraction within the stream making the model
simulations more realistic. We discuss the advantages and limitations of such a modeling

approach and how it can be extended to other experimental catchments.

3.2.Study area and measurements

Vallon de Nant is a snow-dominated headwater catchment located in the Vaud Alps in South-
west of Switzerland (Figure 3.1). Stretching across an area of 13.4 km?, catchment elevation
ranges from 1253 m to 3051 m a.s.l. Vallon de Nant has a protected status (Natural Reserve
of the Muveran) since 1969, and is one of the few relatively unperturbed Alpine catchments
in Switzerland. Steep slopes form a large part of the catchment, with mean catchment slope
of around 36 ° (Thornton et al., 2018). At lower elevations, there is a dense forest dominated
by Picea abies (Norway spruce) occupying about 14% of the catchment area. There is an active
pasture area along with an open forest dominated by Larix decidua (Larch) in the middle part
of the catchment. Floodplains and talus span from lower to mid-elevation levels and form

12.3% and 6% of the catchment area. In the South-western tip of the catchment, there is a
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small glacier occupying around 4.4% of the catchment area. The detailed catchment geology

is summarized in Thornton et al., (2018).
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Figure 3.1. Map showing Vallon de Nant along with various monitoring sites for rain, spring

and stream waters and their isotopic compositions.

Vallon de Nant experiences a typical Alpine climate, with most of the precipitation originating
from the North Atlantic Ocean, followed by the Mediterranean, the European land surface
and the North and Baltic sea (Sodemann and Zubler, 2010). The winter precipitation is
dominated by the North Atlantic Ocean whereas summer precipitation has a more
continental influence. The annual precipitation amounts to ~1900 mm with snowfall
accounting for 40-45% of annual precipitation (Beria et al.,, 2020). The mean annual air
temperature is 1.8 °C. Long term climate statistics are computed using the MeteoSwiss
gridded air temperature and precipitation dataset (MeteoSwiss, 2016, 2017) and a Thiessen

Polygon based interpolation approach (Schumann, 1998).
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Vallon de Nant was extensively monitored for different hydrometeorological variables such
as streamflow, rainfall, etc. along with stable water isotopes in rainfall, snowpack,
streamflow, and springs (Beria et al., 2019). Rainfall isotopes were sampled bi-weekly at two
regular locations, with one site located next to the catchment outlet and the other in the
middle part of the catchment on the right tributary (Figure 3.1). A high resolution rainfall
isotope network was installed in September 2018 to capture the spatial variability in rainfall
isotopes. This network is shown in Figure 3.1, and was successful in capturing three major
rainfall events. Grab snowpack isotope samples were collected during the winters of
hydrologic years 2017 and 2018 as snowmelt lysimeters could not be installed due to the
harsh weather conditions and frequent avalanches during winters, limiting access to the
catchment. An automatic ISCO sampler was installed at the catchment outlet during the
summers of 2017 and 2018, collecting streamwater samples at 6-12 hourly temporal

frequency. Spring isotope samples were collected at three different locations.

A Cavity Ring Down Spectrometer (CRDS) system (Picarro L2140-i) was used to measure the
stable water isotopes in precipitation, streamflow, and springs. The stable water isotope
values were standardized against the Vienna Standard Mean Ocean Water (VSMOW) using

three different water standards (ANZO, EMEB, SAAS).

During the summers of 2017 and 2018, a spatially dense network of drop-counting rain gauges

called Pluvimates (www.driptych.com) were installed in 12 different locations within Vallon

de Nant (Figure 3.1). Pluvimates record rainfall at a 0.01 mm resolution and were setup at a
2-minute temporal frequency (Michelon et al., 2020a). Rainfall data were aggregated at a 10-
minute temporal resolution and the point measurements were interpolated to 300-m spatial
resolution using a Thiessen Polygon approach (Schumann, 1998). Due to the remote
catchment location, harsh winter weather and unavailability of electricity, pluvimates were
not heated and could only be installed during the warmer part of the year, limiting the focus

of rainfall-runoff modeling to the June-September period of 2017 and 2018.

Stream water level was continuously measured at the catchment outlet (1-minute temporal

frequency) using a sonar-based stream gauge installed on top of a weir. Streamflow is
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estimated using a rating curve based on 23 salt discharge measurements (Ceperley et al.,

2018). Streamflow is quality controlled and aggregated at a 10-min temporal resolution.

3.3. Methodology

3.3.1. Bayesian mixing model

A Bayesian mixing model called HydroMix, previously described in Beria et al., (2020), is used
to gain insights into the fraction of pre-event water flowing into the stream from stable water
isotope data. HydroMix formulates the linear mixing problem in a Bayesian inference
framework and parameterizes an error function to compute the mixing ratio. For a system
with two sources that linearly combine into a mixture, mixing ratio shows the contribution of
source 1 in the mixture. Such a model can be used in applications such as hydrograph
separation. HydroMix differs from the traditional Bayesian mixing models as it does not make
assumptions about the parametric form of the probability distribution of the source
compositions but is based on the formulation of an error function between the simulated
target tracer concentrations and the observed concentrations. This is especially advantageous
when the amount of available data is insufficient to robustly fit a probability distribution

function to observed tracer concentrations.

In this article, HydroMix is used to estimate the fraction of summer vs winter precipitation
recharging springs and stream. A slightly different variant of HydroMix is then used to
estimate the fraction of pre-event water flowing into the stream during a given summer
rainfall event. In this setting, for each storm event, only one event stream isotope
measurement is available. Accordingly, HydroMix is not applied in its original set-up, which
draws samples from all the available source and target measurements. Instead we assume a
Gaussian distribution for pre-event and event water isotopes and assume that the mean of
the distribution corresponds to the observed sample concentrations and the standard
deviation is assumed to be equivalent to the analytical measurement error. Given this

assumed source and target distributions, 1000 pre-event and event water isotope samples
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are generated and the posterior distribution of the mixing ratio is inferred by a Monte Carlo

sampler.

Pre-event water isotope samples are identified using streamflow isotope measurements just
before a rainfall event. Event water isotope samples are grab samples of the stream at a given
point of time during a rainfall event taken by the automatic ISCO machine setup at 6-hourly
time steps. As variability in rainfall isotope compositions is much higher relative to the scale
of variability in streamflow (Beria et al., 2018), all the rainfall isotope measurements are used

to fit a probability distribution curve to rainfall isotopes.

3.3.2. Rainfall-runoff model

Based on the insights gained from stable water isotopes, streamflow is conceptualized as the
sum of direct flow and delayed subsurface flow. Direct flow (Qg) represents the flow
generated from the shallow soil layer, and is modeled as a space-time filter of rainfall (R) with
a spatially distributed runoff production function (Pf), convoluted using a travel time
distribution approach (Rinaldo et al., 1991) (eq. 3.1). The travel time function is split into
hillslope travel time (Hr) and open stream travel time (S7). Hillslope travel time routes flow
from a given location i in the catchment to the nearest point in the stream and is
parameterized with hillslope velocity (v4) and catchment geometry. Open stream travel time

is parameterized with stream velocity (vs).

Qd = Ziecatchment PF(Ri) * (HT(i) + ST(i))- (3-1)

The runoff production function (splitting incoming precipitation into direct flow and leakage
into the fast subsurface storage) is parameterized based on the initial abstraction concept of
the curve-number approach (Boughton, 1989), where direct flow response to rainfall follows
an affine behavior: no response if cumulative rainfall is below a given threshold called initial

abstraction (/,), followed by a linear response:
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PF(R(t)) = 0 if fttiR(t)dt <1, )
PF(R(t)) = BR(t) otherwise, .
where t; is the initiation time of the rain event, [ is the runoff production coefficient
(Boughton, 1989), and Q is the streamflow at the outlet. In order to separate the pressure
wave response of the catchment from actual surface runoff, Qq is divided into two
components using parameter p, where pQq is regarded as the event water entering directly
into the stream, illustrating hydrologic processes such as surface and fast lateral subsurface
flow. The remainder Qq, i.e. (1-p)Qq represents the pressure wave response of the catchment,
i.e. it depicts the piston-flow mechanism where the water flowing into the stream is non-

event water pushed out by the event water entering the catchment.

The subsurface is divided into two storages (fast and slow), similar to the conceptualization
used in Schaefli et al., (2014). The reason for using two subsurface storages is given in Section
on Overview of isotope hydrology of Vallon de Nant. The flow generated from these storages
(Qfast and Qsiow) are modeled as non-linear function of storage volumes (Stast and Ssiow) (Roques

et al., 2017; Tashie et al., 2020).

fast

Qfast = kfastsga:ts ’ (3.3)
1

Qsiow = kslowszlso‘(,)vwf (3.4)

where kfast, kslow are the recession coefficients and #ast and ysiow are the exponents of the fast
and slow subsurface storages. A y value of unity yields a linear reservoir special case. The fast
subsurface storage (Stast) is fed by the part of rainfall that is not routed to direct flow (eq. 3.5)
and the slow subsurface storage (Ssiow) is fed by fast subsurface storage (Sfast) with a constant
flux (Lmax) limited by the water input in Stast (eqg. 3.6) (Schaefli et al., 2014). Both the fast and

slow subsurface storages are lumped in space and assumed to be fully mixed.

deZstt(t) = (1 - ,B)R(t) - kfastSfast(t)YfaSt — min {(1 - :B)R(t)’ Lmax} (3.5)
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dSS ow .
ldt = = min {(1 - ﬁ)R(t)' Lmax} - kslostlow(t)ySlow (3-6)

The full rainfall-runoff model is summarized in the Figure 3.2.

l R = Rain input pQ,
Soil PF —»Qq p
[‘,0 1- p)Qq
Distributed direct flow
* Lumped subsurface storage |
L..;=R-PF(R) i

\ 4

Kpyst- S stV
Fast subsurface storage Sii EEE— Qfast
mln( LmaXJ Lsoil ) \ +
k 1 S 1 yslow
Slow subsurface storage . — Qsiow

Modeled streamflow Qo

Figure 3.2. Flowchart showing the different components of the rainfall-runoff model.

3.3.3. Rainfall-runoff model calibration with streamflow data

In order to capture the very fast catchment response to convective summer rainfall events,
the rainfall-runoff model is setup at a 10-minute temporal resolution. In the first step, the
model is calibrated against streamflow aggregated over a 10-minute time step. A split
sampling calibration strategy is used where the model is first calibrated using streamflow data
for the year 2017 and then validated against 2018 streamflow data and vice versa. Multiple

model diagnostics summarized in Table 3.1 are used to verify the model estimates.
The model is calibrated in a Bayesian framework, where a Metropolis-Hastings sampler is

used to infer the posterior distribution of the model parameters. All the model parameters

0 ={l,, B, p, Vi, Vs, Kfast» Yrastr lmaxr Ksiow» Vsiow} (summarized in the appendix) and
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the initial storage of the slow and fast subsurface (Ssiow, Stast) are jointly inferred. The

likelihood function of the streamflow model is specified based on the model residuals A:
A = Qobs — Qsim- (3.7)

Where Qobs and Qsim are observed and simulated streamflow. For the given model residual A,

the log-likelihood function (Ls) reads as:

Ls = _glog(ZT[ GAZ) 5 ;Az Ln=1(Qobs (L) - Qsim(i))z (3-8)

where the residuals are normally distributed with zero mean and standard deviation of oa.

The standard deviation oa of the residuals A is specified a priori as 0.01 mm/hr during high
flow conditions, representing the theoretical uncertainty in stage height measurements
(converted to streamflow using the rating curve). In practice, however, streamflow
measurement errors are much larger than 0.01 mm/hr as they are impacted by additional
uncertainty sources, for instance rating curve calibration or occasional sediment deposits
under the sonar leading to spurious measurements. These additional uncertainties are
modeled by adding an exponentially correlated noise € to model residual A. The additional
noise ¢ pools together uncertainty introduced by the imperfect measurements and
simplifications in the rainfall-runoff model. € is modeled as a zero-mean temporally correlated
Gaussian process with standard deviation o; and exponential autocorrelation function with
range parameter p; (which is equivalent to an order 1 autocorrelated random process). The
hyper-parameters of the noise ¢ (i.e. oz and p;) are inferred by adding a Gibbs sampler step

within the Metropolis routine (Diggle and Ribeiro, 2002).

During low flow conditions, oa is inflated to 0.15 mm/hr to account for the absence of ¢,
resulting in a simplified subsurface storage model, which neglects some important hydrologic
processes such as diel fluctuations in streamflow during early summer induced by melt of
residual snowpacks. This error model of low flow conditions is oversimplified since it neglects

autocorrelation and heteroscedasticity in streamflow (Ammann et al., 2019; Smith et al.,
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2015), but is deemed sufficient to coarsely handle low flow conditions which is not the core

aspect of this article.

Table 3.1. Summary of different statistical indices used to evaluate streamflow estimates of
the rainfall-runoff model (X: observed streamflow; Y: simulated streamflow; n: Number of

data points)

Index Formula Best value Worst value
P t X - Y O 400 [/ - oo
ercentage x( - )* 100 /
bias (Pbias) X
Nash Sutcliffe Y (X —Y)? 1 -0
efficiency XX =X)? (negative value means that mean is
(NSE) a better estimator than the model).
Root mean T (X — V)2 0 +o0
squared error n
(RMSE)

3.3.4. Rainfall-runoff model calibration with streamflow and stable water isotopes

In the above configuration, the parameter p that modulates the contribution of event water
in direct flow is not constrained by streamflow, leading to large uncertainties on the
estimated pre-event water fraction in stream water. Pre-event water is composed of the
pressure wave component of direct flow and flux coming from the two subsurface storages,
accounting for the fully mixed assumption. Stable water isotopes can be used to estimate the
pre-event water fraction in the stream at the time of streamwater sampling, thereby helping
constrain p. In order to incorporate stable water isotope data during model calibration, a new
acceptance criterion is added to the Metropolis sampler, where the amount of pre-event
water estimated from stable water isotopes is compared to the one simulated by the rainfall-
runoff model. The parameter p is therefore calibrated conditional to the other model
parameters (which influence both the partitioning between direct and subsurface water

fluxes, and the balance between event and pre-event water fluxes in the subsurface), but is
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informed by its own observation equation. The likelihood function for the isotopes driven part

of the model is specified based on the pre-event water fraction residuals 7:

n= fp,obs - fp,sim (3.9)

where f; obs and f, sim are observed and simulated pre-event water fraction in the stream.
The observed pre-event water fraction is derived from stable water isotopes using the mixing
model (described in Section 3.3.1). For the given model residual 17, the log-likelihood function

(Lf) reads as:

Le= —glog(ZH 0q?) — — 1 (Fpobs (D) — fp,sim(i))z (3.10)

2
2 on

where the residuals are normally distributed with zero mean and standard deviation of a,.

The standard deviation o;, of pre-event water fraction is derived from the mixing model.

3.3.5. Model initialization and set-up

Model calibration is performed in two different settings. In the first case, all the model
parameters are calibrated using all available data, i.e. rainfall, streamflow and isotope
measurements over the summers of 2017 and 2018. An initial burn-in period of 5000
iterations is used and the sampling chain is initialized at parameter values leading to
reasonable streamflow simulations. Vague uniform priors are used for all model parameters
(including hyper-parameters of noise €) and these priors are scanned by random walk

proposals. The settings of the Metropolis algorithm are summarized in the appendix.

In the second setting, subsurface model parameters (K¢ist, Yfastr lmaxs Kslows Vslow) and
their associated state parameters (i.e. Ssiow, Stast) are fixed to their estimated value, equivalent
to the median of their posterior distribution, and the parameters of the direct flow
component (corresponding to the surface soil box) are re-calibrated at an event basis to

evaluate their inter-event variability. For this re-calibration, the exact same procedure as
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above is applied, except that only 5 parameters are sampled by the Metropolis algorithm (1,

B, p, v, vs).

3.4. Results

3.4.1. Overview of isotope hydrology of Vallon de Nant

The slope of the local meteoric water line (LMWL) for Vallon de Nant is very close to that of
the global meteoric water line (Figure 3.3). Rainfall and snowpack are isotopically distinct,
with rainfall being much more enriched in heavier isotopes compared to snowpack. This is
mainly because of differences in cloud condensation temperature at the time of precipitation
generation, rainout of air masses as it traverses the landscape over summer and winter
periods and the ambient temperature (Akers et al., 2017; Friedman et al., 1964). This large
seasonal variability in isotopic composition allows us to use rain and snow as two end-

members for subsequent mixing analysis.

Streamwater and groundwater are recharged by rainfall and snowmelt, with streamwater
and groundwater isotopes showing much lower variability than precipitation isotopes (Figure
3.3), suggesting that Vallon de Nant acts as a low-pass filter. The isotope variability is slightly
lower in groundwater than streamwater, while both stream- and groundwater tend towards
a “winter precipitation” composition. Streamwater, groundwater, rainfall and snowpack
isotopes lie along the LMWL suggesting no significant evaporation or sublimation within the

catchment. Consequently, sublimation is not included within the rainfall-runoff model.
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Figure 3.3. The local meteoric water line (LMWL) of Vallon de Nant showing relationship

between 62H and 580 in rainfall, snowpack, groundwater and streamwater.

Snowfall forms a large part of the annual water budget in Vallon de Nant. The impact of
snowmelt is clearly visible on stream isotopes during the melt season (in May and June), when
streamflow becomes more depleted in heavier isotopes (Figure 3.4), which suggests that a
large part of streamflow is generated from snowmelt. Streamflow becomes more enriched in
heavier isotopes during the course of the summer season, suggesting the relative importance
of summer rainfall and groundwater in recharging the stream during summer and autumn
periods. Most of the catchment snowpack disappears by the end of June, having limited
impact on streamflow generation during the July to September period, which is the focus

period for this study. Consequently, a snowmelt model is not included in this study.

Another interesting observation from Figure 3.4 is the lack of diel variation in stream isotopes,
suggesting minimal glacial melt. Glacial melt is mostly generated during the peak of summer
season (in the July- August period), with water melting during the day due to higher solar
radiation. As meltwater is more depleted in heavier isotopes compared to groundwater (Beria
et al., 2018), streamwater is expected to be more depleted in heavier isotopes during the day
than night in periods of large glacial melt. However, no such effect can be seen in Vallon de

Nant during 2017 and 2018 summers, which suggest that glacial melt contributes little to
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streamflow generation. Consequently, glacial melt is not included within the rainfall-runoff
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Figure 3.4. Diel variation within monthly streamflow isotopes plotted from April to September
for 2017 and 2018. A given day is divided into 6-hour blocks starting from mid-night to 6:00
(called night block), followed by morning, afternoon and evening time blocks. The blue line

represents the average of streamflow isotopes over the two hydrologic years.

Although snowfall accounts for only 40-45% of annual precipitation, it contributes
disproportionately to stream and groundwater recharge, with >60% of streamwater and
groundwater recharge coming from snow (Figure 3.5). Both stream and groundwater show
distinct seasonality in recharge from snow, with higher snow contribution during the months
of May and June when snowmelt peaks. Additionally, the Grass spring seems to be slightly
less influenced by snow dominated recharge compared to the Upper spring and the
groundwater fountain located close to the outlet (called Auberge groundwater) (Figure 3.5b).
Conductivity measurements show Grass spring to have higher conductivity values than the
Upper spring and groundwater fountain at Auberge (Machler et al., 2019). Both these lines of
evidence suggest the existence of two distinct groundwater pools within Vallon de Nant. In
order to incorporate this information, two distinct subsurface storages are conceptualized

within the rainfall-runoff model.

114



(a) (b)

0.9 0.9

A Streamwater A Auberge groundwater
‘ e Grass spring
0.8- 0.8+ Upper spring
0.7 0.7 1
c
S o .
9] A
© A A
£ . ;
2 0.6 0.6 1
o
=
w
0.54 0.5 4
0.4 4 0.4 1
3 4 5 6 7 8 9 3 4 5 6 7 8 9
Month Month

Figure 3.5. Fraction of snow recharging (a) streamwater and (b) the three springs in Vallon de
Nant for the months of March to September of 2017. The uncertainty band represents the

inferred snow fraction plus or minus the standard deviation.

3.4.2. Rainfall-runoff model validation with streamflow and isotopes

The rainfall-runoff model is assessed using a split sampling strategy, where 2017 data is used
to calibrate and 2018 data is used to validate, and vice versa. Results in Figure 3.6 show that
the model captures the high flow dynamics reasonably well, with an overall NSE value of 0.65
and 0.66 for years 2017 and 2018, and RMSE values of 0.04 mm/hr for both years. The low
flow dynamics are oversimplified within the model as the main focus is to simulate
streamflow response to summer rainfall events. This leads to imperfect low flow simulations,
and in particular during recessions. The model is also unable to capture diel variations
because it does not include a snow component, which results in inflated simulation errors in

early July of 2017 (Figure 3.6a) because of an extended snowmelt season.
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Figure 3.6. Simulated and observed hydrograph along with the model diagnostics for the
summer of (a) 2017 and (b) 2018. The subplot (a) was calibrated with 2018 streamflow data

whereas the subplot (b) was calibrated using 2017 streamflow data.

In addition to streamflow data, isotope derived pre-event water fraction is used to inform the
parameters of the soil component of the rainfall-runoff model (see flowchart in Figure 3.2).
This allows improving the estimation of the pre-event water fraction. Indeed, when calibrated
with streamflow data alone, the rainfall-runoff model systematically underestimates the
fraction of pre-event water within the stream during rain (Figure 3.7). This is because the p
parameter, which represents the event water fraction of direct flow, can only be constrained
using isotope data. When only streamflow measurements are available, p is set to 1 a priori
(i.e. all direct flow is assigned as event water), which leads to a higher proportion of event
water in simulations. Stable water isotopes allow this parameter to be constrained, thus

ensuring that the simulated event and pre-event water fractions are closer to reality.

The posterior distribution of p (Appendix Figure 3.51) suggests that about 40% of direct flow
goes into the stream, while the rest 60% contributes to piston-flow, where the event water
pushes the older water stored within the catchment into the stream. However, at the scale
of a rain event, the p parameter varies from 10% to 90% depending on the type and
magnitude of the rain storm (Figure 3.8a). This large variability in p shows that a large part of

streamflow during rains is derived from subsurface storage, because even when all the direct
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flow recharging the stream is event water, i.e. when p is close to 90%, the pre-event water
fraction is still >50%. This unique model conceptualization allows for a better understanding

of these finer aspects of the catchment behavior, which is often covered in literature.

10-minute resolution streamflow simulations (Figure 3.6) show that the Vallon de Nant
catchment has a very dynamic behavior, with very quick response to a given rainfall forcing
(sometimes on the order of a few minutes). Interestingly, despite such dynamic catchment
characteristics, more than 50% streamwater is derived from the catchment storage even
during the most severe summer downpours (Figure 3.8b). This suggests the dominance of
piston-flow mechanism within Vallon de Nant, where most event water mobilizes water

stored within the catchment, which then recharges the stream.
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Figure 3.7. Pre-event water fraction simulated by the rainfall-runoff model calibrated using
streamflow data vs streamflow and isotope data. Subplot (a) shows the model simulation for

2017 and subplot (b) shows the model simulation for 2018.
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Figure 3.8. Posterior distribution of (a) p and (b) pre-event water fraction when calibrated on
an event-by-event basis for rainfall events that are larger than 10 mm and have available

isotope data.

3.5. Discussions and conclusion

In this article, we combine stable water isotopes with a classical rainfall-runoff modeling
approach to learn about the dominant hydrologic processes occurring within Vallon de Nant.
Stable water isotopes are first used to gain qualitative insights about the catchment
hydrology, and this information is leveraged to design a rainfall-runoff model with the
objective of simulating summer streamflow at 10-minute temporal resolution. In a second
step, stable water isotopes are used to infer the proportion of piston-flow within direct flow.
This novel way of incorporating stable water isotopes within a rainfall-runoff model leads to
an improved characterization of catchment hydrologic processes, and enables the simulation

of both streamflow and pre-event water fraction at very high temporal resolution.

The results of this study reveal a very rapid streamflow response to convective summer rains
within Vallon de Nant (Figures 3.6, 3.7), sometimes on the order of a few minutes. Although

intensive, the isotope campaigns carried out at Vallon de Nant did not sample at such a high
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temporal resolution, which means that a lot of storms events were simply missed in raw
isotope data. The proposed combination of isotopes and streamflow data overcomes this
limitation, thus making it possible to estimate pre-event water fraction in stream water at 10-
minute resolution. Results show that this parameter varies tremendously through time, which
call for fostering the recent efforts in designing isotope sampling strategies in view to properly

capture this parameter (Wang et al., 2017, 2019).

Past attempts to incorporate stable water isotopes into rainfall-runoff models mostly
involved adding a solute transport component to the rainfall-runoff model (Birkel and
Soulsby, 2015; Kuppel et al., 2018), thereby significantly increasing model complexity. In
contrast, our approach introduces only one additional parameter (p). Adding p slightly
increases model complexity, but allows for a proper estimation of pre-event water fraction
as shown in Figure 3.9. In our model, p separates direct runoff into a piston-flow and an event
runoff component, explicitly parameterizing the celerity and velocity responses of a
catchment. This implies p to be a potential catchment hydrologic signature which can be
related to physical catchment characteristics. To further investigate this point, the present
rainfall-runoff setup could be tested over a larger number of catchments in order to verify if

p can be linked to geomorphological attributes of a catchment.

A key limitation of this approach is the fully mixed assumption used for the two subsurface
storages. However, this assumption can be relaxed using storage selection functions (Rinaldo
et al., 2015) that are commonly used in transit time distributions (Hrachowitz et al., 2015,
2016). By using the transit time distribution approach, the storage selection function can be
made to vary depending on the current catchment state, in terms of antecedent soil moisture

content. This will make an interesting future work.
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Figure 3.9. Pre-event water fraction estimated using the rainfall-runoff model vs the Bayesian
mixing model in two different model calibration settings. The rainfall-runoff model is
calibrated with streamflow in the first setting, and calibrated with streamflow and stable

water isotope data in the second setting.

3.6. Appendix
Parameter la B Vg Uy p O o
Prior U[5,20] U[0.2,0.95][ U[0.01,3] U[0.01,3] | U[0.05,0.095]] U[0.01,0.5] | U[600,4000]

Proposal amplitude | a=0.075 a=0.04 | a=0.015 | a=0.015 |a=0.045 | a=0.03 a=25

Q(x)~U[x —a,x +a]

Initial value 8.0 0.4 0.8 0.15 0.06 0.05 2500
Parameter Stast Sslow Ktast Kslow Vfast Vslow Lmax
Prior U[0,500] | U[100,10000] U[le *,0.1] | U[le /,1e ¥ U[0.5,2] U[0.5,2] U[0,0.2]
Proposal amplitude | a=5 a=100 a=0.001 a=le-6 | a=0.015 |a=0.015 | a=0.002
Q(x)~U[x —a,x +a]

Initial value 50 4000 0.003 5e-5 1 1 0.006
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Figure 3.51. Posterior distribution of the model parameters calibrated using streamflow and

stable water isotope data for years 2017 and 2018.
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Abstract

Snowmelt has been shown to be more efficient than rainfall at recharging groundwater across
many world regions, with significant implications for water resources availability and
ecosystem productivity in a warming climate. A key factor that has been largely ignored is the
role of snow cover intermittency. Based on stable water isotope and discharge data from the
Swiss Alps, we show that melt originating from ephemeral snowpacks enhances groundwater
recharge compared to melt from seasonal snowpacks. We furthermore show that a 2.5 °C
warmer climate will expand the regional footprint of ephemeral snowpacks, altering the
partitioning of the water balance to increase cold season low flow supply to river networks at
the expense of summer low flows, with ensuing negative consequences for freshwater
ecosystems. This shift to a more ephemeral snow cover regime under a warmer climate is
therefore of wider concern for water security and aquatic ecosystem resilience in snow

influenced regions globally.

Keywords: stable water isotopes; mixing model; baseflow separation; climate change;

degree-day snow model; hydrology;
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4.1. Introduction

Seasonal snow covers over 30% of the Earth’s land surface (Brodzik and Armstrong, 2017),
and its contribution to the global economy has been estimated at more than a trillion dollars
(Sturm et al., 2017). Snowmelt from mountainous regions sustain critical water supplies for
agricultural irrigation, hydroelectric power generation and other domestic consumption for
over one sixth of the global population (Barnett et al., 2005; Kapnick et al., 2018; Viviroli et
al., 2007). For example, in the Western U.S., snowmelt accounts for more than 70% of the
total summer runoff, which is expected to decrease by one-third by the end of the century (Li
et al., 2017). In the Indian subcontinent, the ten major river basins that are home to over 1.9
billion people are fed by seasonal snow- and ice melt originating from the Hindu Kush
Himalayan range (Wester et al., 2018). Snow accumulation in this important mountain range
is projected to decline by up to 90% by 2100 (Wester et al., 2018), causing significant water
stress in the entire region (Wester et al., 2018). However, the mechanisms by which these
changes will propagate through the hydrological cycle in mountainous regions, especially the
interplay between surface and subsurface partitioning of snowmelt, remains fundamentally

unclear.

Snowmelt provides water supply to river basins beyond the melt season because of
infiltration and recharge to groundwater storage and ensuing water release to the river
network throughout the year (Pritchard, 2019). As climate warms, a smaller fraction of
precipitation will fall as snow (Adam et al., 2009; Choi et al., 2010; Jenicek et al., 2018; Steger
et al., 2013), and the duration and accumulation of seasonal snow cover are also likely to
decrease (Huning and AghaKouchak, 2018; Zohner and Renner, 2019). A warmer world will
also entail an earlier onset of snowmelt (Marty et al., 2017; Stewart et al., 2005), which in
turn may reduce the hydrological buffering capacity of snowpacks (Clow, 2010; Dudley et al.,
2017), thereby altering streamflow regimes (Milano et al., 2015), and translating into lower
summer streamflow (Jenicek et al., 2016). The propagation of these changes across
mountainous and especially alpine regions may negatively impact plant growth (Campbell,
2019), and increase the frequency of late summer and autumn droughts (Jenicek et al., 2018),
examples of which have already begun to manifest in the Western US (Stewart et al., 2005)

and Northern Europe (Hiscock et al., 2011).
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Although the onset of snowmelt may be earlier with warming, the corresponding melt rates
may be lower due to this melt occurring when solar radiation inputs are lower (Harpold and
Brooks, 2018; Musselman et al., 2017). This effect will likely be accentuated in places where
solar radiation limits snowmelt (Woods et al., 2019). In addition, enhanced winter warming is
likely to make snowpacks at lower elevations more ephemeral (Petersky and Harpold, 2018),
causing more intermittent melt during winter (Dong and Menzel, 2019). Ephemeral
snowpacks have previously been defined as those persisting for less than 60 continuous days,
with both their accumulation and melt occurring during the same (winter) season (Petersky
and Harpold, 2018). In contrast, seasonal snowpacks accumulate during the winter season
and melt during the spring season. With global warming, ephemeral snowpacks will most
likely become more widespread at places where seasonal snowpacks currently prevail. The
implications of such snow cover regime change remains poorly understood for meltwater
cycling at landscape scale, especially for groundwater recharge and subsequent summer low
flows, despite their significant economic and ecologic values (Damigos et al., 2017; Shah,

2008).

In light of this large knowledge gap, we analyze the interplay between snowmelt and
groundwater recharge at catchment scale. Specifically, we examine how groundwater
recharge varies across an elevation gradient in the Swiss Alps to ask 1) whether snowmelt is
more effective at recharging groundwater than liquid precipitation and how this varies in
space, and 2) how the dynamics of ephemeral versus seasonal snowpacks control the
differences in groundwater recharge and low flow water supply. We first estimate the
effectiveness of cold season (November - April) groundwater recharge in 8 headwater
catchments (Figure 4.1) using stable water isotopes as a tracer and a Bayesian mixing model
(Beria et al., 2020). We complement this with a baseflow recession analysis to quantify
groundwater recharge for an extended set of 39 headwater catchments (Figure 4.1) spread
across a large elevation gradient. Using a temperature-index snow model, we undertake a
novel analysis of snowmelt and rainfall frequency and intensity to see how snow ephemerality
relates to cold season low flow water supply. Finally, we examine the potential implications

of a transition from seasonal to ephemeral snow regimes on cold season groundwater
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recharge and low flow water supply, which has broader implications for many mountain

environments undergoing these transitions.

1 Isotope
[ Streamflow

25 0 25 50 75 100 km
I I ]

Figure 4.1. Map of Switzerland showing the headwater catchments used this study; in blue:

catchments with isotopic data, in red: catchments with only streamflow data.

4.2.Results

All the groundwater systems analyzed have cold season recharge ratios greater than 1,
indicating that cold season rain and snowmelt contribute disproportionately to groundwater
recharge across pre-alpine and alpine mountain environments (Figure 4.2a). However, this
cold season recharge effectiveness is 2 — 4 times higher in lower elevation catchments than
in higher elevation catchments (Figure 4.2a). In the Swiss Alps these low elevation
environments are typically characterized by ephemeral snowpacks (Moran-Tejeda et al.,
2013). Since snowfall forms an increasingly diminishing fraction of the annual precipitation at
lower elevations (4 - 6% in the two catchments located at 500 m a.s.l.), the uncertainty in the

winter recharge ratio is also higher (Figure 4.2a).
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Given the limited spatial extent of the groundwater isotope data, especially at mid-elevations,
we expand on this analysis by considering baseflow as a proxy for groundwater recharge over
the cold and warm seasons for 39 headwater catchments. Cold season recharge appears to
be far more effective at supplying continuous low flow to streams at lower to mid-elevations
(i.e. up to ~1500 m a.s.l.) (Figure 4.2b), which is consistent with the results from the isotope

data.

Interestingly, the wide span in elevations included in this analysis highlights that the transition
from ephemeral to seasonal snowpack is at mean catchment elevations of ~1500 m a.s.l,,
which is similar to the findings of previous studies in the Swiss Alps (Mordn-Tejeda et al., 2013;
Santos et al., 2018). For mean catchment elevations above 1500 m a.s.l., cold season recharge
effectiveness is < 1 due to seasonal snowpack delaying the release of water until the warm
season. This diminished cold season groundwater recharge at high elevations, in turn, results
in very low winter baseflows that are typical in seasonal snow-dominated and glacial

streamflow regimes (Milano et al., 2015).
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Figure 4.2. Fraction of groundwater recharged during the cold season (November - April)

using (a) stable isotopes in groundwater and precipitation normalized by the fraction of
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annual precipitation falling as snow, and (b) baseflow, where cold season recharge is
expressed as cumulative cold season recharge / cumulative warm season recharge. The
recharge ratio is normalized by the fraction of annual precipitation during the cold season and
plotted against mean catchment elevation. The error bars represent one standard deviation

of the normalized ratio.

An important limitation of the above analysis is that for lower elevation catchments the
broader definition of cold season will cover the true winter period affected by snowfall and
melt events (December to February), as well as months that generally no longer have snow
events (November, March, April). In order to account for this effect, we now restrict the
analysis to the true winter season (December — February) for catchments below 1500 m a.sl.
This reveals a stronger decreasing trend in winter baseflow with increasing elevation (Figure
4.3a), boosting confidence in the interpretation that cold season groundwater recharge is
more effective in low to mid-elevation catchments. We further interrogate this dynamic with
a temporal analysis of maximum yearly winter baseflow computed for all observed years
across the catchments with ephemeral snowpack (mean elevation < 1500 m a.s.l.) (Figure
4.3b). In this case, normalized maximum winter baseflow also tends to increase in years with
lower total snowfall, even within the same catchment. This suggests that within the range of
ephemeral snow conditions, increasing the degree of snow ephemerality also increases

groundwater recharge effectiveness and cold season low flow water supply.

In order to explore why ephemeral snowpack is more effective at recharging groundwater,
we consider the combined melt and rain (equivalent precipitation, PEQ) event frequency and
intensity. Interestingly, we find PEQ events have a stable frequency up to the elevation
threshold of ephemeral snow at ~1500 m a.s.l. (Figure 4.4a). This is due to continuous
accumulation and melt of ephemeral snowpacks during the cold season within this elevation
band. Above this elevation threshold, the lack of winter melt and the development of
seasonal snowpacks steadily decreases the frequency of PEQ events at higher elevations

during the cold season (Figure 4.4a).
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Figure 4.3. Maximum winter (December — February) baseflow normalized by average daily
winter precipitation plotted against (a) mean catchment elevation and (b) annual snowfall
ratio for all ephemeral snow catchments (mean elevation < 1500 m a.s.l.). In boxplot (b), data
for all the 39 catchments are combined together and binned in 0.05 increments of the annual
snow fraction. The boxplot spans from 25th to 75th percentile value, and the whiskers
extends up to 1.5 times of the interquartile range. The orange line shows the median value
and the green dot shows the mean value in the given bin range. The y-axis scales are different

for the two subplots.

In contrast, the intensity of cold season PEQ events is parabolic and increases with elevation
up to the ephemeral snow elevation threshold (~1500 m a.s.l.) before abruptly decreasing
again under seasonal snow conditions (Figure 4.4c). Within the ephemeral snow range, this
increase in PEQ intensity with elevation reflects the increase in accumulated snow depths
available for melt. Thus, it appears that decreasing equivalent precipitation intensity (Figure
4.4c) plays a critical role in increasing groundwater recharge efficiency (Figure 4.3a). In other
words, catchments with more ephemeral snowpacks experience a higher number of liquid
water input events during the colder season compared to catchments with seasonal
snowpacks. These events are more effective at recharging groundwater because of lower

melt rates. In any case, it is clear that during the cold season the product of PEQ frequency
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and intensity, which is equivalent to total meltwater, is higher under ephemeral snowpack
conditions, implying greater amounts of available meltwater for groundwater recharge. In
addition to these dynamics, largely dormant or less active vegetation transpiration during the
cold season also facilitates more meltwater travelling beyond the root zone (Jeton et al.,

1996) to recharge groundwater storages.

During the warmer season, the number of PEQ events (Figure 4.4b) and their intensity (Figure
4.4d) generally increase with elevation. As a result, for catchments with seasonal snowpack
that melt during the warm season, the amount of meltwater available for infiltration into the
subsurface also increases with elevation. However, a larger fraction of this infiltration may be
partitioned to transpiration rather than groundwater recharge (Tashie et al., 2019), but this
depends on how vegetation dynamics change with elevation (Rumpf et al., 2018). A recent
analysis suggests higher elevation vegetation in the Swiss Alps are less dependent on cold
season snowmelt (Allen et al., 2019), however further work is required to quantitatively link

seasonal vegetation and recharge dynamics.

To examine the potential impact of warming temperatures on groundwater recharge, we
apply a uniform increase of 2.5 °C to the air temperature time-series in all catchments. This
warming scenario increases the elevation transition from ephemeral to seasonal snow
conditions from the current ~1500 m a.s.l. threshold to ~2000 m a.s.l. in the future (Figures
4.4a, 4.4c). Interestingly, the number of cold season melt events increase only slightly in
ephemeral snowpacks (elevations up to 1500 m a.s.l.), but much more significantly at higher
elevations (>1500 m a.s.l.) (Figure 4.4a). Cold season melt intensity decreases slightly with
warming at elevations < 1500 m a.s.l., and increases significantly at elevations > 1800 m a.s.l.
(Figure 4.4c). In contrast, warming decreases both the frequency and intensity of events for
catchments > 1500 m a.s.l. (Figures 4.4b, 4.4d). It is important to note that this analysis does
not take into account changes in the magnitude and timing of precipitation that may

accompany any increase in air temperature.
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catchments spread across Switzerland. Average intensity is computed for days when the
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equivalent precipitation is over a 1 mm/day threshold.

4.3, Discussion

Previous research investigating the interrelation between snowmelt and groundwater
recharge have mainly focused on changes in snowmelt rates under climate warming (Barnhart

et al., 2016), thereby neglecting potential changes in snowmelt frequency and snowpack
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regime, i.e. a transition from seasonal to ephemeral snowpacks. Understanding this transition
is, however, key to anticipating future groundwater recharge dynamics in snow-influenced
environments because meltwater sourced from ephemeral snowpacks is far more efficient in
recharging groundwater than when sourced from a seasonal snowpack (Figure 4.2).
Additionally, increasingly ephemeral snowpack conditions, typically characterized by lower
melt intensities, further enhance groundwater recharge (Figures 4.3, 4.4c). This suggests that
for soils with sufficient antecedent water content, which is the case during the cold season in
temperate mountain environments like the Swiss Alps, more diffuse and low intensity melt
provides greater opportunity for meltwater to percolate into the subsoil and recharge
groundwater, a process which has also been indirectly implicated in the Southwest US

(Earman et al., 2006) and more recently in two Russian river basins (Makarieva et al., 2019).

Although vegetation dynamics are also an important determinant of groundwater recharge
(Carroll et al., 2019; Tashie et al., 2019), these have not been considered in this study. This is
because ephemeral snowpacks mostly melt during winters, when catchment vegetation has
little transpiration activity, especially at higher elevations where vegetation density is already
quite low. It can therefore be assumed that a larger fraction of infiltrating meltwater can
travel beyond the root zone, increasing the effectiveness of this cold season groundwater
recharge. Furthermore, with a warming of 2.5 °C we anticipate ephemeral snowpacks to
expand from the current elevation limit of ~1500 m a.s.l. to ~2000 m a.s.l. in the Swiss Alps
(Figures 4.4a, 4.4c), which will incorporate catchments with large areas of lower density (or
absent) vegetation, further increasing groundwater recharge effectiveness of melt from

ephemeral snowpacks at these elevations.

The likely impact of warming on the seasonal distribution of meltwater and the subsequent
impact on water resources in mountain environments is largely unknown. We speculate that
an increasing shift to melt supplied from ephemeral snowpacks during the winter months
under a warmer climate will mean an overall increase in the magnitude of groundwater
recharge in catchments that are currently at the boundary of ephemeral and seasonal snow
regimes. In our analysis of the Swiss Alps, the current boundary of ~1500 m a.s.l. can expand
up to ~2000 m a.s.l. with a 2.5 °Cincrease in air temperature (Figure 4.5). The exact magnitude

of the resulting increase in groundwater recharge is difficult to estimate and lies beyond the
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scope of this study. However, it is useful to investigate the implications of such a shift in the
seasonal transfer of water assuming the annual water balance remains similar in the future,
with the caveat that some long term changes in the overall water balance are possible as rain

increases at the expense of snow (Berghuijs et al., 2014).

Looking at the long-term average seasonal low flow water supply relationships for the Swiss
Alps, we find that higher winter baseflow (December — February) is generally associated with
lower summer baseflow (Appendix Figure 4.51), but interestingly there is no relationship with
spring baseflow (Appendix Figure 4.S1). Thus, as higher elevation catchments transition from
a seasonal to an ephemeral snow regime, it is reasonable to expect that increased winter
baseflow will translate into decreased summer baseflow (Jenicek et al., 2016, 2018). This
potential transition to higher winter baseflow at the expense of lower summer flows has
important implications for water resources and ecosystems. Lower summer flows reduces the
amount of hydropower production (Schaefli, 2015). For aquatic ecosystems, the net primary
productivity may decline as a greater proportion of low flows will be supplied under colder
conditions when metabolic activity is much lower. In addition, diminished summer low flows
in the same catchments will limit aquatic habitat availability when productivity is higher

(Ulseth et al., 2018).

This work highlights that the future of ephemeral snowpacks require greater research
attention, as their changing regional distribution will have important consequences for water
resources availability in mountain environments. Although many existing studies have
examined the links between snow and groundwater recharge with a strong focus on seasonal
snow cover, a more detailed understanding of regional-scale effects of a warming climate on
snow and water resources calls for an analysis of the full range of snow cover regimes (Clark
et al., 2011; Trujillo and Molotch, 2014). Our work shows that changes in these snow cover
regimes can shift the partitioning of catchment water balances, which will be of wider concern

for future water and ecosystem protection measures in snow influenced regions globally.
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Figure 4.5. Re-conceptualization of Figure 4.2b demonstrates the proposed increase in the
fraction of cold season groundwater recharge and low flow water supply, especially for mid-
elevation mountainous catchments under a warming climate due to the expansion of

ephemeral snow conditions.

4.4. Methods

Data. Isotope ratios in precipitation and groundwater in Switzerland were obtained from the
Global Network for Isotopes in Precipitation (GNIP) maintained by the International Atomic
Energy Agency (IAEA), and from the Swiss National Network on Groundwater (NAQUA)
maintained by the Swiss Federal Office for the Environment (FOEN). IAEA under the GNIP
program collects monthly composite precipitation samples at 19 stations in Switzerland and
analyzes the isotopic composition of hydrogen (6?H) and oxygen (6%0), with the samples
dating from 1966 to present. This data contains precipitation phase labels (e.g.: rain, snow,
mixed, etc.), which are however not used here since close to 50% of the samples have no
label. FOEN under the TREND module of NAQUA collected monthly groundwater isotopes at
50 sites during 2007 - 2013. For the present study, seven of these sites were found to be

within headwater catchments and therefore appropriate for our analysis.
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Due to the limited data availability from mountain catchments, we also included an additional
data point from a high elevation alpine catchment (Vallon de Nant, mean catchment elevation
2000 m a.sl.), located in the Vaud Alps in South-west of Switzerland (Figure 4.1) (Ceperley et
al., 2018; Michelon, 2017). Isotope ratios in rain, snowpack and groundwater were sampled

across an elevation gradient from February 2016 to September 2017 (Michelon et al., 2020b).

Daily gridded precipitation and temperature data (resolution 1 km x 1 km) were obtained
from the Swiss Federal Office of Meteorology and Climatology (MeteoSwiss) (MeteoSwiss,
2016, 2017). Daily streamflow data was also obtained for 39 Swiss catchments with
undisturbed streamflow from the FOEN, with catchment areas ranging from 1 to 378 km?
(FOEN, 2012), and mean elevation ranging from 500 to 3000 m a.s.l. We used the common
time period 1961 — 2015 for the analysis. The mean annual precipitation computed from the
gridded meteorological data varies from 850 to 2700 mm/year. Applying an air temperature
threshold approach (see section on Snow model below), snowfall is estimated to vary from

3% to 73% of the annual precipitation.

Mixing model. The Bayesian mixing model HydroMix (Beria et al., 2020) is used to estimate
the ‘cold season recharge ratio’ using stable water isotopes. Cold season recharge ratio is
defined as the fraction of groundwater recharged from precipitation originating during the
cold season (November — April), normalized by the proportion of annual precipitation that
falls as snow. For the characterization of the two sources for the mixing model (i.e. snowfall
and rainfall), only monthly isotopic ratios are available from the GNIP database, and
accordingly, precipitation phase attribution is approximate. Here, precipitation isotopes
collected during the warmer months (May to October) are treated as rain samples, while the
remainder are considered cold season samples that have varying degrees of snow influence.
Similar representations of recharge seasonality have been used by previous isotopic studies

(Beria et al., 2018; Jasechko et al., 2014, 2017; Simpson et al., 1970; Winograd et al., 1998).

Baseflow extraction. Baseflow is considered as the minimum observed daily streamflow over
a 20-day moving window, which is the equivalent of a low pass filter (Spongberg, 2000). The

resulting baseflow time series is further summarized in terms of the maximum baseflow per
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season and per year. The obtained maximum baseflow value per season provides a measure
for the responsiveness of groundwater storage to all liquid inputs (rain and snowmelt) during
that season and is assumed to be a proxy for groundwater recharge. The extracted maximum
seasonal baseflow values are furthermore normalized by total season precipitation to make

the values comparable across catchments.

Snow model. Catchment-average snowfall is estimated from area-averaged precipitation and
air temperature time series by applying a linear transition from 100% snowfall at
temperatures below -1 °C to 100% rainfall at temperatures above 1 °C (Jennings and Molotch,
2019). To obtain estimates of snowmelt, a simple snowpack evolution model is used. The

snow water equivalent (SWE) of the snowpack (hs) is computed as:

dhg(t)
Ll = P () — M, (1), 4.1

where Ps [mm d?] is snowfall at time step t (daily time step) and Ms [mm d] is snowmelt,

which is computed using a degree-day approach (Hock, 2003):

T(t)—T,), ifT(t)>T,
M.(¢) = [%s( m m 4.2
s(t) { 0 otherwise

where a; [mm °C1d!] is the degree-day factor and T, is the snowmelt temperature threshold
(set to 0 °C). The total liquid water input to the subsurface resulting from melt and rainfall is
termed as equivalent precipitation (PEQ). Such a simple degree-day melt estimation method
has been shown to be very effective at capturing melt rates in temperate climates (Ohmura,
2001). In hydrological applications, degree-day factors are usually calibrated on observed
streamflow (Schaefli et al., 2014); here we set as =2.5 [mm °C1d!] for the sake of simplicity,

a value that is commonly obtained for snow dominated catchments.

To analyze snow melt effects on groundwater recharge, we consider the stochastic
streamflow modelling framework developed by Botter et al., (2007). In this framework
streamflow is considered to be the result of censored stochastic rainfall inputs, where average

streamflow is the product of average rainfall on rainy days and the frequency of streamflow
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generating events (Santos et al., 2018; Schaefli et al., 2013). In the context of the present
study, the input process of interest is PEQ. For the estimation of PEQ frequency and intensity,

we consider only days with PEQ > 1 mm.

4.5. Appendix
L * Spring baseflow
1751 A A Summer baseflow
e Autumn baseflow
15.0 4 A
A
= AA
o
= 12.5-
]
(V)]
@©
O 10.0
z ‘“a
O 7.5+
(V)]
a . *, * &
V1 50 ° x &
..
** ® # *
dope K Yo
B * A o * AFax *
251 « * S o
Iy e ;' A “* .h A 3 A!: f
& A
0.0 A
0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

Winter baseflow

Figure 4.S1. Winter baseflow plotted against spring, summer and autumn baseflows for all

the 39 catchments spread across Switzerland.

Author contributions: The paper was written by HB with contributions from all co-authors. HB
and BS formulated the hypothesis of this study with substantial inputs from JRL. Data related
to Vallon de Nant were collected and archived by AM and NCC who also provided critical

feedback during the data analysis and writing phase of this study.
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Concluding remarks

The key objective of this project was to use naturally occurring environmental tracers such as
stable water isotopes, along with other hydrometeorological variables to improve the
understanding of snow hydrological processes in the Swiss Alps. In order to achieve this, | first
did a comprehensive review on how stable water isotopes have been used in snow hydrology
within existing literature, described in the first chapter. This review provides insights into how
different snow hydrologic processes modify the isotopic ratio of precipitation, and revealed
that stable water isotopes can be used to trace the journey of a snow particle along its entire
hydrologic life cycle. These insights led to the development of a novel mixing modeling
framework, described in the second chapter, where hydrologic metrics, such as the
proportion of streamflow derived from snowmelt, can be estimated using stable water
isotopes. The mixing model was shown to be robust in different hydrological scenarios, while

also addressing common field limitations such as that of small samples sizes.

Such mixing models and other hydrograph separation methods have been previously used to
estimate a number of hydrologically relevant metrics such as pre-event water fraction,
proportion of snow recharging groundwater, etc. However, these metrics have not been used
within a hydrological model. Consequently, in the third chapter, a novel hydrologic modeling
framework was developed where metrics such as pre-event water fraction are directly used
to calibrate rainfall-runoff model, along with streamflow. Incorporating stable water isotopes
within the model domain significantly improves the representation of dominant hydrologic
processes occurring in mountainous landscapes, allowing for more reliable hydrological

predictions.

In the final chapter, | develop a new modeling framework to show that climate change may
increase groundwater recharge in the Swiss Alps, especially in regions where the nature of
snowpack is intermittent or is likely to become more intermittent in the future because of a
warming climate. This finding is based on two distinct datasets (streamflow and stable water

isotopes) collected over different parts of Switzerland, and is explained using a novel
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analytical framework that quantifies groundwater recharge as a function of frequency and

intensity of rainfall and snowmelt.

| now summarize the main questions posed in this thesis along with a short answer for each

of them.

Summary

Obj. 1: To identify ways in which stable water isotopes have been used in snow hydrology

Stable water isotopes have mainly been used to better characterize different snow hydrologic
processes such as metamorphism, sublimation, interception, and melt; and how these
processes modify the isotopic composition of snowpack and snowmelt. Snow metamorphism
homogenizes snowpack isotopic composition, reducing the variability in isotopic composition
from the onset of snowfall to the final snowmelt. Also, snowmelt during the early melt season
is more depleted in heavier isotopes which in due course of the melt season, becomes more
enriched. Snow sublimation enriches the isotopic composition of the residual snowpack in
heavier isotopes, having a similar effect as evaporation. Also, the fact that there is a general
seasonality trend in precipitation isotope ratio can be leveraged to examine seasonal

dependence of stream runoff or groundwater recharge.

Obj. 2: Develop a mixing model that works with the common limitations in isotope hydrology

A Bayesian mixing model was developed which gives reliable results for mixing applications
with small sample sizes (<20-30 samples), which is especially useful in data scarce
environments. The mixing model was rigorously tested with a number of synthetic and real
case studies. Composite likelihood functions were introduced that allow weighting samples
by their relative amounts and address a very important and often overlooked bias which
arises due to unweighted mixing. Finally, due to the flexible modeling framework, additional
model parameters that account for source modification processes (such as sublimation,

interception, etc.) can be easily incorporated in this model.
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Obj. 3: Develop a novel approach of integrating stable water isotopes within continuous

hydrological model

A novel coupling framework was developed where pre-event water fraction estimates
derived from the Bayesian mixing model (described in Chapter 2) are directly used to calibrate
a semi-distributed conceptual rainfall-runoff model. The model was rigorously tested over
two summers at Vallon de Nant catchment. This unique modeling approach allows to

explicitly parameterize celerity and velocity behavior of a catchment.

Obj. 4: To quantify the impact of climate change on groundwater recharge in the Swiss Alps

The role of snow cover ephemerality (or intermittency) on groundwater recharge was
explored within the Swiss Alps. Using a combination of different data sources (isotopic and
streamflow) spread across the Swiss Alps, it was found that climate change will lead to
increase in groundwater recharge. The increase in groundwater recharge might lead to lower
summer flows in river networks, which will then decrease the net ecosystem productivity and

reduce the habitat availability for the marine ecosystem.

Potential topics for future research

Most of this work relied on stable isotope ratio of 80/'0 and ?H/H in water. With recent
technological advancements, 70/*0 measurements have also become more widely
available. However, 70/®0 has not been used in isotope hydrology. 170/*®0 is known to be
relatively insensitive to temperature, but sensitive to humidity (Angert et al., 2004; Berman
et al.,, 2013), which means O17-excess can be used with d-excess to constrain kinetic
processes like evaporation and sublimation. This hypothesis should be tested in future
research, to see if O/0 can be used to better constrain sublimation or evaporation

processes.
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One of the key novelties of this work is the conceptualization of a piston-flow parameter that
constrains both the celerity and velocity behavior of catchments, and promises to be a
potential catchment hydrologic signature. Future research should test this hypothesis over a
larger number of catchments, and link the piston flow parameter with geomorphological

attributes of a catchment.

Another major finding of this thesis is the impact that ephemeral snowpacks have on
groundwater recharge dynamics in the Swiss Alps. The regional footprint of such ephemeral
snowpacks is projected to increase globally because of higher winter air temperatures in a
warmer climate (Petersky and Harpold, 2018). Consequently, future work should explore the

impact of this change on groundwater recharge in other parts of the world.
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