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Abstract

Climate Change and Wildland Fire Impacts on Seasonal Snow Measurements

by

Marianne Cowherd

Doctor of Philosophy in Environmental Science, Policy, and Management

University of California, Berkeley

Professor Manuela Girotto, Chair

Snow is a vital water resource, contributing to supply, storage, and predictability for down-
stream uses. Our ability to track snow changes is linked to our ability to understand and
represent the mechanisms behind snow accumulation and ablation as well as our ability to
make useful observations. The relationship between measured snow properties and unmea-
sured snow properties is therefore a crucial gap between the actual water resource present and
our ability to make optimal water management decisions. This work addresses the need to
understand snow measurements and snowpack processes in the face of two prominent sources
of change that challenge traditional snow measurement: climate change and wildland fire.
First, I use an ensemble of Earth system models to show global shifts in the frequency, sever-
ity, and drivers of snow drought around the world. Warm snow droughts, in which a normal
or high precipitation year still leads to a water storage deficit, represent an emerging threat
to water management in many regions of the world. Second, I focus on snow droughts in the
western United States using dynamically downscaled climate projections. This analysis of
higher-resolution model outputs identifies spatial variability in snowpack response to climate
change. This finding raises further questions on the use of snow observations at a specific
location to predict values at a nearby location, as is traditionally done with snow pillow
networks in the US and other countries. The strategic but static locations of snow pillows
act as representatives of the state of snow water resources across the regions they are located.
However, these locations may not react to climate change in the same manner as unmea-
sured locations, leading to a paradox: how can we know if the network is representative if
we don’t measure outside of the network? Third, I model the behavior of the snow pillow
networks in the western United States in a future climate projection to estimate how useful
traditional measurements will remain in a warmer future. By comparing the skill of models
ranging from linear regression to convolutional neural networks and with input data from
sparse snow pillow proxies to hypothetical dense snow water equivalent observations, I show
the potential for addressing future snow management challenges. In particular, I show that
explicit two-dimensional spatial correlations are a key component of successful predictions
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under new climates. Finally, I present results from a field campaign in El Dorado County,
California, showing that legacy snow course locations respond to fire in ways that are not
representative of non-snow-course locations. Together, this work shows that the future of
snowpack distributions and measurements will be nonstationary and increasingly driven by
temperature rather than precipitation. Short-term change from wildland fire and long-term
change from climate change demonstrate the need to adapt how we think about snowpack
information, not just snowpack quantity, to disturbance.
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Chapter 1

Introduction

“All things are from water and all things are resolved into water.” - Thales

1.1 Motivation

Climate change is impacting our water resource systems by changing how, where, and when
precipitation falls (Trenberth, 2011); the effectiveness of water storage (Brekke et al., 2009);
and the accuracy with which we can assess water resources (Cowherd et al., 2024). Snow is
a crucial component of the water supply and storage system, accounting for over 70% of the
fresh water resource in the Western United States (Li et al., 2017) and providing trillions of
dollars of value to agriculture and urban systems worldwide (Sturm et al., 2017). In most
places with significant snow-driven water supplies, the storage capacity of snow is historically
much larger than that of human-constructed reservoirs, all without construction or mainte-
nance cost (Mankin et al., 2015) or the environmental tradeoffs associated with constructed
reservoirs. As global temperatures rise, snow volumes are declining (Aragon & Hill, 2024;
Cowherd et al., 2023; Gottlieb & Mankin, 2024; Hale et al., 2023), decreasing in variability
(Marshall et al., 2019), yielding less streamflow forecasting predictability (Livneh & Badger,
2020), and becoming less predictable from current observational networks (Cowherd et al.,
2024). Low, variable, and unpredictable snow means that not only are we threatened by
under-supply of fresh water from snowpack, but we also may become worse at managing the
snow resource we do have in future climates.

Water-related decision making, primarily by undertaken by government agencies, relies
on accurate and interpretable snow information. This entails synthesizing ground-based
observations of snow depth and water equivalent with satellite and reanalysis estimates of
weather variables through empirical, process-based models to produce streamflow forecasts.
The observation-to-management pipeline requires an understanding of the processes that
drive snowpack accumulation and ablation as well as the scales of variability in time and
space. Any underlying change to components of this pipeline, especially in decades-long
snowpack statistics (i.e., snow droughts) and the relationship between point measurements
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and unmeasured surrounding conditions, is a threat to our ability to make accurate water
management decisions.

1.2 Background

1.2.1 Snow measurements

Snowfall and subsequent evolution of snow on the Earth surface produce the snowpack we
observe at a given point in space and time. The primary properties of a snowpack that are
important for hydrology and climate forcing are fractional snow-covered area (fSCA), albedo,
snow depth, and snow water equivalent (SWE). These properties vary greatly in observability
and are therefore reported at vastly different scales and resolutions. All snow property
retrievals are affected by counfounding factors in sensor observations, including atmosheric
property heterogeneity, slope angle effects and terrain shading in complex terrain, vegetation,
and signal-masking in the passive microwave range by liquid water in the snowpack. These
interferences vary significantly in space and time: atmospheric models are calibrated at low
elevations and require updates for mountain regions, slope effects are more meaningful in
mountains, terrain shading depends on the look angle of a satellite relative to the relevant
features, canopy cover is highest at mid-latitude and -elevation while tussocks impact snow
depth estimates in tundra regions, and wet snowpacks are more common in local springtime
at low-latitude and -elevation.

In general, fSCA is the most straightforward to observe using multispectral remote sensing
and is therefore the most available snow-related quantity everywhere on Earth, frequently,
and at high spatial resolution (Bormann et al., 2018). Albedo is similarly available, but the
higher need for spectral precision and high sensitivity to confounding factors make albedo
data much more uncertain.

Snow depth requires moving from two dimensions to three, and is therefore more limited
in the current technological landscape. Ground based measurements (e.g., depth probes,
laser or sonic returns) are accurate, but point-based. Spaceborne lidar (e.g., ICESat-2)
provide swaths of depth observations, but are incomplete in space and time and require
a coregistration processes that is often challenging or unsatisfactory over complex terrain.
Airborne lidar (e.g., Airborne Snow Observatories, Painter et al. (2016)) is more spatially
complete by virtue of being closer to the surface, but is limited to infrequent retrievals over
select US basins. Emerging global, gridded, and frequent snow depth efforts (e.g., CSNOW,
Lievens et al. (2021)) rely on microwave-band remote sensing and promise to fill many
aforementioned gaps, but struggle with degenerate retrievals under wet snow conditions.

Finally, SWE – the water content of a snowpack and the single most important quan-
tity for snow hydrology applications – remains impossible to directly retrieve from satellites.
Ground-based observations remain the standard for high-quality SWE measurements; these
typically come from manual measurements of a snowpack or from in-ground scales called
snow pillows that report real-time snow masses from strategic points. A global SWE obser-
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vation remains elusive; many efforts use a combination of snow depth estimates and ground
measurements to provide modeled gridded SWE products.

Many other properties of snow, while not explicitly discussed here due to their smaller
impact on water availability, do affect the relationship between depth and SWE (i.e., den-
sity), melt speed and variability, and hazard or transport-related snow physics. Snow pits are
a traditional method for conducting standardized snow measurements for many purposes.
Figure 1.1 shows a snow pit from the UC Berkeley Central Sierra Snow Laboratory in Soda
Springs, California, highlighting density measurements using a 10-cm wedge cutter; pits can
also include any selection of observations, including hardness, grain size and type, temper-
ature, and layer identification. For each measurement, a sample of snow of known volume
is removed from a profile normal to the cut-away surface and then weighed to retrieve the
density. There is a finite spatial resolution due to the measurement device and essentially
defined by the measurement device. However, cutter-based density measurements are the-
oretically simple and robust measurements which deliver meaningful information about a
snowpack (e.g., vertical variability and total water content).

In the United States, most operational water management in snowy regions relies on in-
formation from automated snow pillows installed at strategic locations (Serreze et al., 1999).
This network of snow telemetry (SNOTEL) and state-managed snow pillows provides point
measurements of SWE that are then used to update local models of basin-wide SWE. These
stations, most of which were installed in the 1980s and 90s, were placed to provide insight
into interannual snowpack volume variations, not to track the impacts of climate change
on snowpack distribution (Montoya et al., 2014). Interpreting network-based observations
requires that we place them in statistical context. Nonstationarity fundamentally challenges
this (Milly et al., 2008): how can we place new observations in the context of an underlying
natural distribution if that distribution is actively shifting? The types of snowpack change
we observe and expect from climate change – range shift and altered spatial distributions
(Lapp et al., 2005; Mote, 2006) – are not well-observed by point measurements at static
locations (Cowherd et al., 2024; Montoya et al., 2014). Our current ability to predict the
total volume and sub-basin location of snow, therefore, is limited by our understanding of
the drivers of snowfall and the response of snow distribution to climate change.

1.2.2 Change, spatial scales, and nonstationarity

Generally, the larger the distance considered, the higher the inter-annual variability in snow
characteristics (i.e., the lower the correlation between annual values). For example, the mi-
crotopographical impacts on snow distribution within a single slope are generally present
relative to the overall snowfall of the year, as are the moderate-scale impacts of aspect.
However, the total snowfall can be highly variable from year to year. From a measurement
and observations perspective, these points are extremely important when interpreting obser-
vations; we generally expect the relationships between observation sites and the basin as a
whole to persist across years and it is therefore notable when this is not the case. Figure 1.2
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Figure 1.1: A density profile taken in a snow pit at the Central Sierra Snow Lab in Soda
Springs, California, USA in winter 2023. The left image shows the entire snow pit with
density measurements removed. The right shows one density sample removed, highlighting
ice layers within the profile.

Figure 1.2: The relevant scales of snowpack variation.

summarizes the causes and correlations of spatial and temporal scales of variation commonly
observed in snow.

Nonstationarity refers to a system where the statistical characteristics of the distribution
(e.g., mean, standard deviation) change (e.g., in time, in space). In hydrology, a meaningful
amount of predictability depends on temporal stationarity. That is, the relative values of
quantities in a system are preserved when the absolute values change. Stationarity also
implies that additional measurements of a quantity bring our understanding of the mean
and standard deviation closer to the true underlying mean and standard deviation (i.e.,
the central limit theorem for normal distributions). In a nonstationary environment, the
underlying distribution is shifting while we are taking measurements, so not only will the
central limit theorem not lead us to the true mean of the past distribution, but we will also
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be unable to observe the mean of the current distribution. Milly et al. (2008) explores the
applications of hydrologic nonstationarity through the lens of adapting water management to
climate change and human development and elucidates the need for a “successor” framework
within which to manage water in the future.

In this dissertation, I address nonstationarity through the lens of point-scale snow mea-
surements and their responses to both climate change and local wildland fires. Climate
change and fire are substantially different in their temporal and spatial scales: climate change
acts over decades on the entire global climate system while wildland fires occur in weeks to
months within geographically isolated regions of a few million hectares at the very largest.
The mechanisms of impact on snow are also different, with climate driving changes in air and
land temperature, precipitation, and humidity and fire altering the structural and spectral
properties of the land surface and surrounding vegetation. However, the shared challenge of
adapting snow measurements to change and the fact that climate change has increased the
geographic extent of wildland fires to overlap more with seasonal snow connects them.

1.2.3 Climate change and snow

Despite its immense value, the reservoir service of mountains across the West is under threat
from anthropogenic warming and human management decisions. Storing water as snow and
ice depends on one primary payment from humans: maintaining sufficiently cold tempera-
tures. Snow is both influenced by climate change and has a strong global climate feedback.
Global climate change science depends on accurately understanding the snow albedo feed-
back in which a biased-high snow coverage in an Earth system model increases the reflectivity
of the Earth, which decreases the net radiation into the planet and weakens any warming
effect. This in turn makes following years more likely to have widespread snow, complet-
ing the feedback cycle. Accurate albedo (and snow cover) estimates are therefore crucial
to understanding both the actual and potential warming effects of greenhouse gases in the
atmosphere (Hall, 2004).

Changes in snow accumulation and melt under climate change are complicated by con-
tradictory effects: warmer temperatures reduce snowfall fractions and enhance melt, but
the higher atmospheric water-holding capacity with warmer temperatures could also in-
crease snowfall rates (Yamada et al., 2014). Further, much of the mid-latitude snowpack
that provides water to large population centers is sensitive to storm patterns (Immerzeel
et al., 2020). Climate-driven circulation shifts could cause changes in snowfall that are not
predictable from local temperature (Henderson et al., 2018).

April 1, traditionally a sentinel date for interannual comparisons of SWE and a standard
benchmark for operational water supply predictions in the US, now underpredicts peak
SWE in most American basins (Bohr & Aguado, 2001). Rain-on-snow and mid-winter melt
periods, once rare, are now common enough to define a new standard for the shapes of SWE
time series to include punctuated, sharp losses throughout the winter (López-Moreno et al.,
2024; McCabe et al., 2007). A suite of modeling predictions using likely global emissions
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scenarios predicts a transition to a new normal of low- to no-snow winters in the Sierra
Nevada in the coming 30-60 years (Siirila-Woodburn et al., 2021).

The Clausius-Clapeyron relation describes the increase in saturation vapor pressure with
temperature; corresponding observations and theory work have shown a lesser but corollary
relationship between temperature and precipitation (e.g., Vergara-Temprado et al., 2021).
While phase change dominates long-term trends (O’Gorman & Schneider, 2009; Ombadi
et al., 2023), snowfall’s response to climate change involves both thermodynamic and dy-
namic processes (Emori & Brown, 2005), with observations showing locally varied responses
(O’Gorman, 2014; Pfahl et al., 2017). For example, in the California Sierra Nevada, winter
snowfall occurs primarily through large storms whose characteristics depend on atmospheric
circulation patterns - for instance, South Pacific atmospheric rivers bring warmer, wetter
conditions than North Pacific storms (Kim et al., 2013). The interactions between the shift-
ing global energy balance and regional weather patterns are location-specific and result in
trends observable over the course of decades punctuated by interannual and local variability
that may defy overall trends.

1.2.4 Wildland fire and snow

Local nonstationary snowpacks can also occur as the result of discrete disturbance to the
land surface, separate from climate or weather variability. These disturbance events, such
as drought, bark beetle kill, logging, and wildland fires, have their own drivers and char-
acteristics, but all create situations where the processes within the vegetation-hydrology
relationship are meaningfully altered in a specific place over shorter time scales – from years
(drought, beetle kill, logging) to months (wildland fire). These events provide a useful com-
plement to climate change when considering changing snowpack patterns and strategies for
strategically measuring seasonal snow. In this work, I and collaborators study one wildland
fire in the western United State as such a case.

Forests are an integral component of the mountain hydrology system because vegetation
and snow interact where they coexist, which is the majority of the seasonal snow zone. Forest-
snow interactions are complex and multidirectional; similar tree disturbance scenarios can
induce opposite responses in snow distribution, amount, and melt timing (Belmecheri et al.,
2016; Gergel et al., 2017). Frequent-fire Western forests are denser than they likely were
at any point in history (Bernal et al., 2022; Knight et al., 2022) because of widespread fire
suppression, so snow that persists until spring melt is heavily tapped by vegetation before
flowing into streams. Warmer temperatures also increase vapor pressure deficit, so more
snow sublimates during the winter, the same vegetation mass transpires more water, and
more surface and soil water evaporates. This, in the context of increasing frequency and
severity of wildland fires (Miller et al., 2009), introduces a major source of uncertainty as to
how forests will modulate snow accumulation and ablation in the future (Attiwill & Binkley,
2013; Boon, 2012). Complexity is also an opportunity: forests present a pathway to address
threats to snow through wildland fire-oriented research and management (Hanak & Lund,
2012).



CHAPTER 1. INTRODUCTION 7

Understanding the wildfire-snowpack relationship is crucial to active water management
in a future increasingly impacted by climate change (Robinne et al., 2021). Current water
distribution decisions are made on incomplete seasonal snowpack information and hydrologic
modeling predictions based on landscapes of the past, yet the occurrence of megafires has
increased in recent years and is expected to continue to increase (Miller et al., 2009; Williams
et al., 2019). Wildfires impact snow hydrology in burn scars, but the behavior of these
mechanisms in large gaps and in high-severity megafire gaps likely differs from that in smaller
or less-severe fires. In particular, despite accounting for a large portion of the world’s burned
area, there is a dearth of empirical data on the impacts of large burn scars on snow hydrology,
even across well observed mountain ranges such as the Sierra Nevada.

1.3 Dissertation structure

The chapters in this dissertation are linked by a common question: how does nonstationarity
in the cryosphere affect human water management?

In Chapter 2, I and collaborators, explore a range of projections for the future of snow
drought from CMIP6. Snow drought, a statistical classification of SWE deficit, is a sentinel
of climate change’s impacts on human hydrology. It is also a lens through which to examine
the role of nonstationarity in environmental and climate sciences. We find that the frequency
and severity of snow droughts are expected to increase around the world and that the role of
temperature (as opposed to precipitation) will increase in turn. Interpreting a temperature-
driven snow drought, for example in a year with normal or above-average precipitation, is an
emerging climate threat that is only understandable when the storage and climate forcing
roles of snow are considered as important independent of total water volume supply.

In Chapter 3, I and collaborators use downscaled climate model data to study how
precipitation and temperature drive snow drought in western US mountain ranges at high
spatial resolution. In this work, the concepts from Chapter 2 are applied at a sufficiently high
resolution as to apply to management-relevant scales. This work finds a higher dependence on
atmospheric water supply in leeward slopes, with the strength of this dependence decreasing
toward the end of the 21st century. In windward slopes and in end-of-century decades, local
temperature is a stronger driver of snow drought. Taken together, these findings signal that
the competing effects of warming on snowfall – a decrease from phase change from rain to
snow and an increase from higher atmospheric water vapor – do shift toward an unbalance
in favor of net lower snow in most regions within the current century.

In Chapter 4, I and collaborators analyze the ability of the current ground-based snow
measurement network to represent future snow conditions. As climate change shifts the
spatial distribution of snowpack, mostly to higher elevations, but also within elevation bands,
the static snow measurement network is less able to provide actionable snow information.
However, algorithmic advances, specifically the use of two-dimensional machine learning
frameworks, can compensate for this skill loss by learning spatial autocorrelations at multiple
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scales. In this chapter, we quantify potential benefits from implementing such algorithms
for distributed snowpack prediction.

In Chapter 5, I and collaborators address a much more discrete source of change: wildland
fire. In this work, we evaluate results from a field campaign in the Caldor Fire burned area
in El Dorado County, California. After the fire, the burned portions of the South Fork
American River basin displayed greater sensitivity to both snow accumulation and ablation
events than unburned regions, including the unburned snow measurement stations in the
basin.

Taken together, these chapters show that change at many scales, from global climate
shift to local wildland fire, affect snowpack statistics and spatial distributions. These shifting
distributions occur in the context of a static measurement network and an empirically driven
decision making context; one or both of these conditions must adapt to the change at hand
in order to continue to make beneficial water management decisions. The pace and scale of
these shifts will increase in the future and have meaningful local variability. The conclusion
summarizes this work and contains remarks on the future of this work. Finally, Appendices
A and B contain supplementary materials for chapters 4 and 5, respectively.

1.4 Methodological notes

The phrase “to the best of our knowledge” implies different methods and levels of certainties
depending on the scale and qualities — both temporal and spatial — at which we hope
to have an answer. In the context of snow, we are able to be the most certain in our
answers when we consider the recent past at short time scales and in areas in which we
have high-quality field measurements. Time travel, the technical details of which are quite
beyond the scope of this dissertation, would allow similar levels of certainty in the distant
past. However, at present, we approximate time travel into the past with the ground–
and remote–based measurement records those who came before us have produced with the
limitations, charms, and quirks of their era. To predict the future, we use large ensembles
of simulations, notably the six iterations and thousands of member models, replicants, and
scenarios of the Coupled Model Intercomparison Project (CMIP). In this work, Earth System
Models (ESMs) participating in CMIP6 are used to approximate current projections of what
the future will look like and to estimate uncertainty of that future. This use of multi-model
spread to estimate uncertainty combines uncertainty from differences in model mechanics
between ESMs with natural inter-annual variability within the model that extends beyond
broader climate trends. Further, the specific scenarios selected represent a choice of expected
future atmospheric carbon dioxide concentrations as the result of policy decisions, as well as
other factors such as aerosol emissions.
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Chapter 2

Evolution of global snow drought
characteristics from 1850 to 2100

1

“Getting an inch of snow is like winning 10 cents in the lottery” - Bill Watterson, via Calvin

2.1 Abstract

Seasonal snow is an integral part of the global water supply and storage system. Snow
droughts impact ecological, agricultural, and urban systems by altering the amount and
timing of meltwater delivery. These droughts are characterized by a lack of on-the-ground
snow (snow water equivalent, SWE) that can be caused by low total precipitation (dry
drought) or low proportion of precipitation falling as snowfall (warm drought), often com-
bined with an early melt. The standardized SWE index (SWEI) ranks the current status of
SWE for a given location compared to a baseline condition and identifies the existence, but
not the cause, of snow drought. In this work, we use estimates of SWE, temperature, and
precipitation from nine coupled model intercomparison project phase 6 (CMIP6) models to
quantify the frequency, severity, and type of snow droughts globally for historical and future
scenarios. Compared to a historical baseline (1850–1900) total snow drought frequency more
than doubles under socio-economic pathway (SSP)2-4.5 and SSP5-8.5; all of the increase in
snow drought frequency comes from an increase in warm droughts. The probability distri-
bution of future SWEI in major snowy basins around the world are likely to be centered on
more negative values, which corresponds to more severe drought and, with only moderate
changes in distribution spread, more frequent drought. CMIP6 simulations pinpoint snow
drought as an emerging global threat to water resources and highlight the need to explore
higher resolution future models that better capture complex mountain topography, wildland
fires, and snow-forest interactions.

1This chapter was published as Cowherd, M., Leung, L.R., & Girotto, M. (2023) Evolution of global
snow drought characteristics from 1850 to 2100. Environmental Research Letters, 18(6), 064043. and is
reproduced here with permission of the authors.
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2.2 Introduction

The direct importance of snow as a water source is concentrated in high-latitude and mid-
to-high-elevation watersheds (Barnett et al., 2005) which feed 1-2 billion people (Immerzeel
et al., 2020; Qin et al., 2020). In contrast to rainfall, snowfall has a hysteresis between
precipitation and runoff, during which it provides two primary services: self-storage of water
and indirect global climate control by increasing global albedo and insulating methane-
storing peatlands. Estimates of the economic value of snow are on the order of trillions of
dollars in the Western United States alone (Sturm et al., 2017).

However, global climate change threatens the future global snow resource by altering
precipitation patterns in space and time and by increasing temperature, which shifts pre-
cipitation from snow to rain and advances melt timing (Daly et al., 2010; Mudryk et al.,
2020; Zhu et al., 2021). Observations of trends to date and modeling of future land-climate
interactions demonstrate the threat of climate change to all of the world’s major mountain
water towers: the Western US (e.g., Cho et al., 2021; Marshall et al., 2019; Rhoades et al.,
2022; Rhoades et al., 2018), the Andes (Bozkurt et al., 2018; Rhoades et al., 2022), the
European Alps (e.g., Coppola et al., 2018), the Pan-Tibetan Highlands (e.g., Immerzeel et
al., 2010; Kraaijenbrink et al., 2021), and the Australian Alps (e.g., McGowan et al., 2018).
Models also predict an increase in the interannual variability of the timing of peak snow
water equivalent (SWE), which corresponds to decreased consistency in melt and stream-
flow timing, as well as a decreased ability of water managers to predict season-long water
availability (Marshall et al., 2019).

Snow droughts are periods of anomalously low snow defined in relation to local historical
SWE volume (Harpold et al., 2017). Snow droughts threaten the water security of snow-
fed watersheds around the world by changing the amount and timing of snowmelt (Siirila-
Woodburn et al., 2021). In conjunction with low total water supply from a meteorological
drought, a snow drought imparts additional challenges by changing the timing of downstream
water availability, often advancing spring melt, especially in lower-elevation regions of a
watershed (Segura, 2021). Snow droughts may also coincide with and contribute to other
types of droughts such as meteorological droughts (i.e., lack of precipitation) and hydrological
droughts (i.e., lack of water in a system). However, when compared with other drought
types, snow droughts present a unique challenge in that the occurrence of the drought and
the impact of the drought may be separated in time. Further, multi-year snow droughts have
compounding impacts, and snow droughts interact with other ecological processes, including
temperature-mediated evaporation rates and vegetation death from drought and wildland
fires (Bales et al., 2018).

Snow drought is the result of the many processes involved in snow accumulation and
ablation, making some common metrics for drought, such as total precipitation and soil or
streamflow water deficit, necessary but insufficient for identifying snow drought. Understand-
ing the proximate cause of snow drought leads to insight into mechanisms for preventing and
managing future droughts. However, precise and unanimous definitions of snow drought,
including how to best describe its existence, cause, and impacts, vary between science appli-
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cations. Gottlieb and Mankin (2021) conducted an intercomparison of snow drought metrics
based on a suite of observational and reanalysis snow products to show differences in iden-
tification of commonly used metrics. Namely, while all definitions of snow drought use local
SWE as the sole value of interest, some definitions use metrics including peak SWE per-
centile (Rhoades et al., 2022; Siirila-Woodburn et al., 2021), binary peak SWE comparison
to the climatological mean (Dierauer et al., 2019), April 1 SWE comparison to the climato-
logical mean (Harpold et al., 2017), Snow Water Equivalent Index (SWEI) score on the US
Drought Monitor scale (Huning & AghaKouchak, 2020), and peak SWE amount and timing
(Margulis et al., 2016b; Marshall et al., 2019).

Global observations of SWE from satellite remote sensing are available with global cov-
erage beginning in the late 1980’s and regional reanalysis-based estimates are available from
the mid 1900s’s (e.g., Muñoz-Sabater et al., 2021). From these records, a global trend of
increasing snow droughts, especially in some mountainous regions with large agricultural
importance, is clear, although there is large variation between high-snow regions (Huning
& AghaKouchak, 2020). Extending the observed global spatial variations from the recent
past to the modeled future places regional snow drought trends (e.g., Dierauer et al., 2021;
Immerzeel et al., 2020; Rhoades et al., 2022; Siirila-Woodburn et al., 2021) in the context of
global change.

Observations of snow droughts in the late 1900s and early 2000s indicate three primary
categories of snow drought: warm, dry, and warm and dry (Dierauer et al., 2019; Harpold
et al., 2017). Warm snow droughts occur when precipitation falls as rain rather than snow
and is characterized by low on-the-ground SWE in years or months with non-drought levels
of total precipitation (Harpold et al., 2017; Hatchett & McEvoy, 2018). Warm droughts
may not trigger drought ratings on standard meteorological drought metrics, such as the
Standardized Precipitation Index (SPI). However, more of the watershed’s precipitation will
run off, infiltrate, or evaporate rapidly after falling, rather than being stored in-place as
snowpack until melt, which leads to early flows in streams and increased reliance on dams
for storage (Flint et al., 2018). Dry snow droughts occur when abnormally low SWE results
from low overall precipitation (Harpold et al., 2017). The snow percentage may be normal or
even high, but the overall low total precipitation leads to snow drought. Dry snow droughts
are often also identified by SPI and other precipitation–based drought metrics. Defining snow
drought is particularly important when comparing classifications from disparate data sources,
including satellite observations, in situ monitoring, and climate models in the context of
known biases and random error.

The global warming trend, particularly the potential elevated warming at higher altitudes
(e.g., Palazzi et al., 2019; You et al., 2019), and expected approximately monotonic contin-
uation of that trend into the future provide a clear mechanism for increasing warm snow
droughts in the future. The speed of this increase in different regions as well as changing
spatial and temporal patterns, however, is uncertain. Identifying the characteristics of the
expected drought increase, including spatial patterns, frequency, magnitude, and duration
of future snow droughts, lends additional nuance and provides a framework for response to
hydrologic change at the level at which it is managed.
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In this study, we leverage a suite of CMIP6 SWE simulations (Eyring et al., 2016) to track
and describe the emergence of snow droughts around the world in the recent past (1850-2015)
and in future (2015-2100) climate scenarios. We apply frameworks for describing warm and
dry snow droughts (Dierauer et al., 2021; Heldmyer et al., 2023; Huning & AghaKouchak,
2020) to CMIP6 model outputs and use a multi-model ensemble to track trends in global
and regional SWE and identify changes in the frequency and character of snow droughts in
major basins around the world.

2.3 Methods

2.3.1 Data

We use CMIP6 climate model data from nine models that provide historical and future simu-
lations under both SSP2-4.5 and SSP5-8.5. The list of models and data citations are in Table
2.1. The historical runs of CMIP6 models simulate global climate variables from 1850 to 2014
using prescribed CO2 from recorded data and other natural and anthropogenic forcings, and
each model is evaluated against relevant observational and reanalysis datasets (references
in Table 2.1). Future climate scenarios (from 2015-2100) for each model are forced by CO2

levels and other forcings from the Shared Socio-Economic Pathway (SSP) standard (Gidden
et al., 2019; Meinshausen et al., 2020). The equilibrium climate sensitivity (ECS in Table
2.1) represents the change in temperature predicted from a doubling in the atmospheric CO2

concentration and can be used to compare climate models. In this work, we use data from
two SSPs representing a range of possible future climates: SSP2-4.5 and SSP5-8.5. SSP2-4.5
is an intermediate emissions scenario in which greenhouse gas emissions maintain current
levels through 2050 and then decrease. SSP5-8.5 is a very high-emissions, high-fossil fuel
development scenario for the global climate that would result in approximately 4◦C warm-
ing by 2100. Both SSP2-4.5 and SSP5-8.5 contain assumptions about how human activity
in the future will impact the global environment; the selection of these two scenarios here
explores a range of possible future snow drought conditions and demonstrates the sensitiv-
ity of model–generated predictions to these assumptions. To maintain consistency between
models, we only analyzed CMIP6 simulations through the end of the century (2100) even if
longer-term simulations were available for some of the models.

Kouki et al. (2022) show a wet bias in SWE across the Coupled Model Intercomparison
Project Phase 6 (CMIP6) models when compared to satellite and observational data, with
large inter-model variance in the size of the bias. Temperature and precipitation bias explain
some, but not all of the wet bias in SWE. Despite biases in modeling SWE, the impacts of a
warming climate may still be credibly simulated by CMIP6 models because of the established
link between temperature and SWE in the historical data. Using absolute measures of SWE
combined with relative drought statistics allows the impacts of global change to be examined
through comparisons to an established baseline.

For the snow drought analysis, we used monthly values of the standard CMIP6 variables
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Table 2.1: List of models used in this study for all variables and all of the historical, SSP2-
4.5, and SSP5-8.5 experiments. The model name shown is the full CMIP6 acronym for
the specific model version. All model outputs are monthly resolution. aCommonwealth
Scientific and Industrial Research Organisation; bBeijing Climate Center; cNational Cen-
ter for Atmospheric Research; dNational Oceanographic and Atmospheric Administration
Geophysical Fluid Dynamics Laboratory; eInstitut Pierre-Simon Laplace; fJapan Agency
for Marine-Earth Science and Technology, Atmosphere and Ocean Research Institute (The
University of Tokyo), and National Institute for Environmental Studies; gMeteorological
Research Institute; hJoint Weather and Climate Program: Met Office and National Envi-
ronmental Research Council.

Institution Model ECS [◦C] Citation
CSIROa ACCESS–CM2 3.3 Dix et al. (2019a,b,c)
BCCb BCC–CSM2–MR 4.1 Wu et al. (2018), Xin et al (2019a,b)
NCARc CESM2–WACCM 5.3 Danabasoglu (2019a,b,c)
NOAAd GFDL–ESM4 4.1 Krasting et al. (2018), John et al. (2018a, b)
NOAA GFDL–CM4 5.0 Guo et al. (2018a,b,c)
IPSLe IPSL–CM6A–LR 5.0 Boucher et al. (2019a,b, 2021)
MIROCf MIROC6 3.7 Tatebe et al. (2018), Shiogama et al. (2019a,b)
MRIg MRI–ESM2–0 4.0 Yukimoto et al. (2019a,b,c)
JWCRPh UKESM–1–0–LL 5.3 Tang et al., (2019), Shim et al. (2020, 2021)

for SWE (‘snw’, in kg m−2, equivalent to mm), precipitation (‘pr’, in kg m−2 s−1), and near-
surface (2-m) air temperature (‘tas’, in Kelvin). For each model, we computed the average
of all ensemble members available at download time. Intra-model variability of SWE (i.e.,
the standard deviation of all parallel ensemble runs) of the SWE variable is small relative
to inter-model variability (Kouki et al., 2022), long-term trends, and the absolute values of
the model results. All model outputs were accessed using Pangeo software tools in python
and regridded from the native resolution to a 160x320-pixel (1.125–degree) global grid using
the conservative regridding algorithm in the xESMF package in python. Native resolution of
model outputs varies slightly between models.

2.3.2 Drought definitions

We collate SWE from each of the CMIP6 models listed in Table 2.1 to compute snow drought
statistics globally from 1850 to 2100 and under each SSP2-4.5 and SSP5-8.5 for each model
individually and compute the multi-model mean. Regions with low (<10 mm cumulative
SWE per year) SWE were masked, as were glaciated or ice sheet-covered regions with more
than 10 percent land ice covered (from the ‘stfgif’ variable in CMIP6 outputs). We then
calculate SWEI for each pixel to characterize the existence of snow drought in a given location
at a given month. SWEI is a statistical metric calculated from monthly SWE values (Huning
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& AghaKouchak, 2020):

SWEI = ϕ−1
[
p
( 0∑

k=−2

SWEk

)]
(2.1)

where ϕ−1 is the inverse normal distribution and p is the Gringorten plotting position
(Gringorten, 1963):

p =
i− 0.44

N + 0.12
(2.2)

where i is the ith term in the ranked list of all three-month cumulative SWE summations,
and N is the total number of summations in the sample. This produces a scaled value
representative of the relative extremity of the snowpack water storage at a given pixel for a
given time frame. For further analysis of trends, distributions, and classification, we selected
the SWEI for the month of peak SWE for the year for each pixel; all further mention of annual
SWEI refers to this. In this study, we construct the plotting distribution with respect to a
baseline time period of 1850–1900 for a given pixel, i.e., the mean SWEI in that period is
0 and all other years are relative to that period. The value of SWEI for a year is sensitive
to the selection of a baseline time frame; the baseline time frame in this case was selected
to illustrate the trend in SWE starting in the 1900’s. Acknowledging this non-stationarity
permits comparisons on the magnitude and direction of change over time, not the exact
predicted values for on-the-ground snow mass.

Classifications of snow drought categories, following Dierauer et al. (2019) and Shrestha et
al. (2021) assign a category to a given snow drought. The 3-month cumulative temperature
anomaly (anom(T )) and 3-month cumulative precipitation anomaly (anom(P )) are pixel-
wise difference from the 1850–1900 monthly mean, where the value for each month is the
cumulative sum of the preceding 3-month period. We set -0.8 as the cutoff for defining a
snow drought, as in Shrestha et al. (2021) and use sign of (anom(P )) and (anom(T )) to
categorize droughts as warm and/or dry:

SWEIj < −0.8 and anom(T ) > 0. and anom(P ) ≥ 0. : warm

SWEIj < −0.8 and anom(T ) > 0. and anom(P ) < 0 : warm and dry

SWEIj < −0.8 and anom(T ) ≤ 0. and anom(P ) < 0. : dry

SWEIj < −0.8 and anom(T ) ≤ 0. and anom(P ) ≥ 0. : neither

(2.3)

For each model, we conduct classification on a yearly basis, using the SWEI, anom(P ) and
(anom)T for the month of peak SWE for each year. This peak annual metric was selected
to match the time scale of snow water management while allowing each pixel to have an
independent climatology. Classifications are computed separately for each model (i.e., the
SWEI computed from a model are classified using that model’s anom(T ) and anom(P )), and
resulting statistics are averaged to produce multi-model statistics.
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Figure 2.1: Global average snow water equivalent index (SWEI) multi-model mean for nine
CMIP6 models for historical (black), SSP2-4.5 (blue), and SSP5-8.5 (red). The 95% confi-
dence interval in the multi-model mean for each experimental era is shaded.

2.4 Results and Discussion

Under SSP2-4.5 and SSP5-8.5, annual SWEI is predicted to decrease and the frequency of
snow droughts is predicted to increase in most regions of the world. Figure 2.1 shows the
multi-model mean SWEI in historical and future scenarios with 1850–1900 as the baseline
distribution of SWE in a given grid cell. The SWEI values within the baseline thus, by
construction, oscillate around zero. While both climate scenarios show a continuation of the
decrease in SWEI that historical simulations indicate starting around 1980, the two model
scenarios diverge in SWEI predictions for the first time around 2040 and continue diverging
through the end of the model era in 2100. In addition, global, annual means do not predict
snow drought occurrence at a given location or month, but rather predict distributions of
SWEI values in the future global climate.

The global SWEI trends in Figure 2.1 have a smaller confidence interval (i.e., more
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Figure 2.2: Distribution of SWEI in major global water tower basins (maps inset) from the
multi-model mean of historical (black, 1850-2014), SSP2-4.5 (blue, 2015-2100), and SSP5-
8.5 (red, 2015-2100) simulations. Each distribution is a fitted normal distribution to the
values of SWEI for grid cells within the basin for the ten-year period inclusive of the first
year and exclusive of the terminal year. The location of the mean of the distribution for
the decades that include the end of the baseline period (1850-1900; black), the end of the
historical experiment (2005-2015; gray), and the end of the future climate scenarios (2090-
2100; blue and red for SSP2-4.5 and SSP5-8.5, respectively) are indicated as crosses above
the distributions.
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agreement between models) than the SWE values in the models, as the change over time is
related to each model’s sensitivity to climate in driving changes in snow processes, separate
from the time-independent biases known in many models.

Figure 2.2 shows the distribution of SWEI for each decade from 1850 to 2100 in major
global snow-dominated basins. There are no major trends over the historical period, as
shown by the overlap of black lines in all panels. The mean SWEI values for the end of each
time period — baseline, historical, SSP2-4.5, and SSP5-8.5 — are indicated by crosses above
the distributions and show a small shift in distributions between the baseline and historical
periods followed by significant shifts by end-of-century in future climate scenarios. In all
basins, the distribution of SWEI values shifts to a more negative mean in both SSP2-4.5 and
SSP5-8.5. Four basins, the Pacific Northwest, Alps, California Basin, and Colorado Basin,
show no meaningful change to the width of the SWEI distribution (i.e., standard deviation),
while the Pan-Tibetan Highlands show an increased spread and the Andes show a decreased
spread. Individual models (not shown) predict similar patterns, but with more variance in
the change in width of SWEI distributions.

Figure 2.3 shows averages of snow drought frequency for the Northern Hemisphere and
the Andes for the baseline period of 1850-1900 (left) and the change between the baseline and
1960-2010 (center left), 2050-2100 under SSP2-4.5 (center right), and 2050-2100 under SSP5-
8.5 (right). The total snow drought distribution (panels m–p) is the sum of the warm (panels
1-d), warm and dry (panels e–h), and dry (panels i–l) columns. The baseline frequencies
are shown as occurrence per year of single-year snow drought while subsequent time periods
are the difference (i.e., P (SWEI< −0.8)category,t − P (SWEI< −0.8)category,baseline for time
period t). The frequency of snow droughts is predicted to increase in all snowy regions of
the northern hemisphere and the Andes, by an average of 0.31 ± 0.25 (0.39± 0.22, error
is the intermodel standard deviation) by 2100 for SSP2-4.5 (SSP5-8.5) compared with the
historical baseline. The global increase in snow droughts represents an increase over most
of the area of historical seasonal snow, with the notable exception of northeast Asia, which
shows a decrease in all forms of snow drought in both future climate scenarios. That region
had the highest historical rate of snow drought and is also projected to have increased snow
in the future due to precipitation increases and protection from above-0 warming at high
latitudes. Finnegan and Miller (2022) found increases in snowfall and snow cover extent
between 60 and 70◦ N in this region in RCP8.5 climate projections, despite general warming
trends and threats to permafrost insulation.

The majority (>99%) of this modeled increase is due to an increase in warm drought
or warm and dry drought. Dry drought alone is predicted to decrease by an average of 3.2
(3.5)%. Of the increase in drought, 68% ±16 (87 % ± 22) is attributed to warm drought
alone. Warm and dry droughts account for the remaining increase in drought, although
the spatial distribution of warm and dry drought is much more varied than of warm or dry
drought, with the majority of the warm and dry drought increase occurring in the Alps and
parts of the Himalaya, with decreases in northern North America and eastern Asia. The
Pan-Tibetan Highlands are the only region to see an increase in dry drought, possibly due
to historical very low rates of dry drought. In historical model runs, more than 95% of
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Figure 2.3: Frequency (occurrence per year) for the baseline period (left) and difference from
this frequency in 1965-2015 (left center), 2050-2100 under SSP2-4.5 (right center), and 2050-
2100 under SSP5-8.5 (right). Each row corresponds to a category of snow drought: warm
(a–d), warm and dry (e–h), dry (i–l), and all categories (m–p) from the intermodel mean of
snow, temperature, and precipitation as in Equation 2.3. Snow droughts with neither warm
nor dry conditions accounted for a small proportion of total snow droughts (<3%) and are
not shown.
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Figure 2.4: Average SWEI of drought years for the baseline period (left) and difference from
this in 1965-2015 (left center), 2050-2100 under SSP2-4.5 (right center), and 2050-2100 under
SSP5-8.5 (right); i.e., SWEIcategory,t – P(snow drought)category,baseline for each time period t.
Negative change (pink) indicates more severe snow droughts in the relevant period than in
the baseline period. Each row corresponds to a category of snow drought: warm (a–d), warm
and dry (e–h), dry (i–l), and all categories (m–p) snow droughts from the intermodel mean
of snow, temperature, and precipitation as in Equation 2.3. Only values that are classified
as drought (i.e., SWEI < -0.8) are included.
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snow droughts fit at least one of these criteria (i.e., very few snow droughts are in a year
which is not anomalously warm and/or dry). The remaining ∼5% occurred in regions with
extremely low total snowfall and therefore the drought classification is likely the result of the
plotting position method’s use of relative ranking, rather than relative magnitude to identify
droughts. The largest increases in drought frequency occur in the northern latitudes in the
northern hemisphere and in the extreme north and south regions of the Andes. The Pan-
Tibetan Highlands, which to date have not had large snow droughts in historical observations
or simulations, show more snow droughts in more than half of the years by the end of the
century in the SSP5-8.5 scenario. The spatial patterns of frequency increase are consistent
between SSP2-4.5 and SSP5-8.5, with a moderate range expansion in SSP5-8.5 compared
to SSP2-4.5, especially as both show significant frequency increases in mountainous areas
around the world. Work on previous versions of the CMIP6 models used in this study,
when used to drive local hydrologic models in the American Southwest (i.e., overlapping the
Colorado and California basins) show increases in below–10th–percentile snow years of more
than 200% by end of century (Cayan et al., 2010).

Figure 2.4 shows the average severity of snow droughts in the baseline period and the
difference between each subsequent time period and the baseline, as in Figure 2.3. Average
severity indicates the expected SWEI value for a year given that there there is a drought of
the relevant category while frequency (Figure 2.3) implies the probability of drought of the
category. Negative change in severity (pink) indicates that the average snow drought is more
severe than the average snow drought in the same pixel in the baseline period. Only years
in which a snow drought occurs (i.e., SWEI <-0.8 and of the specified type) are included in
severity metrics. Snow droughts historically have been approximately equally severe whether
dry or warm. Under SSP2-4.5 and SSP5-8.5, warm and warm and dry droughts increase in
severity more than dry droughts. SSP2-4.5 shows smaller increases in all parts of the world
than SSP5-8.5. Notably, regions with expected increases in frequency (Figure 2.3) show
a corresponding increase in severity; these patterns are similar in SSP2-4.5 and SSP5-8.5,
but larger magnitude in SSP5-8.5. By end-of-century, the average change in snow drought
severity is -0.17±0.32 (-0.79±0.30) in SSP2-4.5 (SSP5-8.5). As with frequency, there is no
notable increase in the severity of dry snow droughts but there is an increase in warm and
dry droughts and warm droughts, with hotspots in North American mountains and northern
latitudes, the Andes, and the Pan–Tibetan highlands, and moderate increases in severity
in the Alps. When combined, Figures 2.3 and 2.4 show an increase in the frequency and
severity in snow droughts in the Northern Hemisphere and Andes since the 1850-1900 period,
with the largest changes in severity and frequency occurring in the same locations. Table
2.2 shows the average of all pixels considered for each panel in Figures 2.3 and 2.4. The
relative frequency of snow drought types over time has transitioned from slightly more dry
than warm (1850-1900) to slightly more warm than dry (1960-2010), and is predicted to
continue to much more warm than dry in both future climate scenarios. The severity of
snow droughts of all types is approximately equal, with warm droughts increasing in severity
slightly faster than other types.

The coarse resolution of global models precludes sensitivity to local patterns, including



CHAPTER 2. EVOLUTION OF GLOBAL SNOW DROUGHT CHARACTERISTICS 21

Table 2.2: Frequency and severity of warm , warm and dry, dry, and all snow droughts for
each era and experiment shown in Figures 2.3 and 2.4. Neither warm nor dry snow droughts
compose a small proportion of snow droughts and are not shown in the table.

1850-1900 1960-2010 SSP2-4.5 SSP5-8.5
Frequency

Warm 0.038 0.041 0.297 0.453
Warm and dry 0.027 0.027 0.120 0.062
Dry 0.043 0.035 0.010 0.002
All 0.133 0.124 0.438 0.519

Severity
Warm -1.200 -1.207 -1.462 -1.478
Warm and dry -1.203 -1.216 -1.459 -1.437
Dry -1.218 -1.201 -1.426 -1.385
All -1.180 -1.179 -1.457 -1.477

fine-scale response to topography within the model. However, multi-scale modeling work has
shown that coarse-resolution models generally reproduce regional patterns in precipitation
and temperature (Ukkola et al., 2020). Further, SWEI is a relative index, not a predictor of
a specific value of SWE on a certain date at a location.

2.5 Conclusions

Global fully coupled models in CMIP6 predict consistently, dramatically decreasing SWEI.
In most regions, including the world’s major water towers, SWEI distributions were relatively
stationary from 1850–1900; satellite and in situ data from some of these regions over some
time frames supports a general historical stationarity. Since 1950, snow drought severity
and frequency has slightly increased and SWEI distributions are predicted to shift further
negative, toward more frequent and severe snow drought, in 2015-2100. This trend, while
not surprising given the known global temperature increase, motivates the consideration of
defining a drought in the context of an evolving baseline. In this study, we put current and
future changes in the context of a static historical baseline rather than the moving–window
approach that, while frequently used operationally, can obscure long–term trends in favor of
highlighting short-term variability (Milly et al., 2008).

Previous work on snow disappearance rates has focused on high-resolution predictions
that accurately represent the role of topography in distribution of precipitation and energy
transfer. This global, low-resolution analysis contextualizes local predictions in global and
regional trends. In particular, the emergence of warm droughts as a dominant snow drought
category in most regions of the world in the future indicates that the snow droughts of the
future may have different characteristics than those of the past. Historically, snow droughts
have been more dry than warm in continental climate zones (Dierauer et al., 2019). In
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maritime climates, where the elevation of the snow-rain transition has larger variability, snow
droughts have historically been warm or both warm and dry, but at lower frequency than in
future predictions. In recent decades, dry and warm snow droughts contribute approximately
equally to snow drought frequency in most regions, although warm snow droughts are more
severe on average. Under SSP2-4.5 and SSP5-8.5, dry snow droughts are predicted to slightly
decrease in most areas while warm snow droughts significantly increase in the majority of
the historically snowy areas of the world. This analysis of climate models shows that from
1850 to the present day, snow droughts have shifted from drier to warmer, and that trend is
predicted to continue in the future.

Snow drought should be considered parallel to meteorological drought, i.e., meteorological
drought can produce snow drought but it is not necessary for snow drought. Meteorolog-
ical droughts are predicted to increase in CMIP6 simulations with similar trends as the
snow drought trends shown here (Ukkola et al., 2020). Warm snow droughts create both a
challenge and an opportunity: lack of concurrent meteorological drought may lead to un-
derestimation of the severity of the drought, but the water missing from snowpack is more
likely to be locally available than in the case of a dry snow drought. Further, warm snow
droughts have been observed to produce lower precipitation–streamflow ratios in the United
States (Berghuijs et al., 2014) and Central Asia (Li et al., 2020). The low-precipitation
high-temperature conditions that cause warm and dry snow droughts also correspond to
more extreme streamflow deficits than either condition in isolation (Dierauer et al., 2018).
In other words, snow droughts in the future may be less likely to co-occur with meteorological
droughts, but are likely to be more frequent and severe, with potentially higher streamflow
impacts. The impacts of climate change on water storage within the hydrological system are
many and strong (Christensen et al., 2004). Whether a snow drought is warm, dry, or both,
is important in the context of interactions with other types of droughts and therefore the
agricultural and societal impacts of drought.

2.6 Open Research

The CMIP6 model results used in this work are available from the Earth System Grid
Federation and were accessed using the pangeo package for python. The code for this
project is available at https://github.com/mariannecowherd/snow drought.
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Chapter 3

Surface and atmosphere drivers of
snow drought are
topography-dependent

1

“The object of the engine is in fact to give the utmost practical efficiency to the resources
of numerical interpretations of the higher science of analysis, while it uses the processes and
combinations of this latter.” – Ada Lovelace

3.1 Abstract

In regions reliant on snowfall for water resources, warming temperatures diminish the storage
capacity of snowpack, leading to an increased threat of snow droughts. To understand the
implications of climate change on snow droughts in the Western United States, we examine
nine dynamically downscaled Earth system models at 9 and 45km resolution from 1980 to
2100 to quantify projected snow drought frequency, type, and severity under the SSP3-7.0
scenario. Snow drought frequency increases on average in most parts of the region, with
an increasing proportion of snow droughts co-occurring with warm temperature anomalies.
However, higher elevation (above 3000 m a.s.l.) regions of the Sierra Nevada show slight
increases in peak snow with increases in temperature on the order of centimeters per degree
of warming. We use linear models to quantify the sensitivity of modeled snowfall to vapor
transport and temperature. Vapor transport is a stronger driver of snowfall trends and
interannual variability along eastern (leeward) slopes of the major mountain ranges in the
Western United States, while temperature dominates the signal on the western (windward)
slopes. Lastly, we show that the regional sensitivity of snowfall to vapor transport decreases
and the sensitivity to temperature increases throughout the 21st century.

1This chapter was submitted for publication as Cowherd, M., Rahimi, S., Vargas Zeppetello, L., and
Girotto, M. in 2024 and is reproduced here with permission of the authors.
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3.2 Introduction

The global supply of fresh water for economic and ecological activity is under threat from
climate change (Konapala et al., 2020; Vorosmarty et al., 2000). This threat is exacerbated
in regions that rely on snowfall for water resources. In many of the most populous and
agriculturally active regions of the world, snowpack is an important water storage source
(Immerzeel et al., 2010), as a large portion of available freshwater originates as snow and
the storage capacity of artificial reservoirs is often insufficient to meet demand (Christensen
et al., 2004; Oki & Kanae, 2006; Pedro-Monzońıs et al., 2015).

In the Western United States (WUS), snow provides ∼53% of the total freshwater runoff
per year (Li et al., 2017) while simultaneously providing natural water storage in winter
months. In years of meteorological drought (i.e., low precipitation) snow water storage still
provides delayed release of stored water, the effects of which are only sometimes included
in other drought metrics (Staudinger et al., 2014). Snow droughts are therefore a critical
category of drought to track.

Defining snow drought independently of meteorological or streamflow drought is useful
and relevant in snow-fed catchments, as it reflects the expected within-water-year availability
of snowmelt. Further categorizing snow droughts by their causes – high temperature (warm),
low precipitation (dry), or both (warm and dry) – allows for identification of when snow
drought and meteorological drought do or do not coincide and provides insight on the impacts
of the snow drought (Cowherd et al., 2023; Harpold et al., 2017; Hatchett & McEvoy,
2018). In particular, warm snow droughts may not be identified as potentially hazardous
water resource years by tracking traditional precipitation-dependent drought metrics, such
as the standardized precipitation index, but lead to lower than expected snow accumulation
and consequently spring and summer streamflow. High precipitation during a warm snow
drought can lead to higher risk of rain-on-snow events, which may in turn increase flood risk
while complicating spring melt modeling (Andradóttir et al., 2021). López-Moreno et al.
(2021) found that snowmelt during rain-on-snow events increases by on average 16% per
degree of warming, independent of an increase in the frequency and spatial extent of those
events. In contrast, the water management and ecological impacts of dry snow droughts (i.e.,
through low year-round streamflow, decreased artificial reservoir storage, low soil moisture,
and reduced groundwater recharge) are more straightforward to predict than warm droughts,
yet difficult to manage (Argus et al., 2017; Dierauer et al., 2019; Harpold et al., 2017).
Snow drought years are expected to increase in frequency and severity in future climates,
mostly due to rising mean temperatures (Cowherd et al., 2023; Dierauer et al., 2021; Siirila-
Woodburn et al., 2021). At the same time, some higher latitudes regions have observed snow
increases under recent warming, likely due to increased total precipitation (Box et al., 2019;
Cohen et al., 2012).

Snow drought is an inherently heterogeneous, multi-scale problem (Roberts-Pierel et
al., 2024; Shrestha et al., 2021). Earth System models (ESMs) primarily run at spatial
resolutions over 100 km over land, thus representing the regional conditions that produce
smaller-scale, heterogeneous snow droughts and deluges. Especially in the WUS, where most
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seasonal snow is found in mountain regions with complex topography, a 100-250 km grid cell
cannot represent realistic patterns. For example, the Sierra Nevada rain shadow effect that
deposits precipitation from Pacific Ocean-originating atmospheric rivers on the windward
(western) slope of the mountain range, leaving the leeward (eastern) side high and dry, occurs
on a scale of under 100 km (Leung & Ghan, 1998; Rhoades et al., 2016). This orographic
pattern in the Sierra Nevada has already been observed to change as precipitation changes
phase due to warming (Pavelsky et al., 2012), but the impacts of even greater climate shifts,
such as those expected by the end of the 21st century, are unknown (Hawkins & Sutton,
2011). In addition, snow drought definitions are sensitive to baselines (e.g., pre-industrial,
the prior 30 years) and the processes of underlying natural variability at those time scales.

Defining snow drought by peak SWE incorporates both accumulation and ablation and
is insensitive to changes in peak timing. However, warmer climates are expected to produce
snow time series with many midwinter peaks (Harpold & Brooks, 2018; Marshall et al.,
2019), motivating an examination of total snowfall in addition to peak SWE (e.g., Aragon
& Hill, 2024; Marshall et al., 2019; Musselman et al., 2017). The increase in saturation
vapor pressure is responsible for increased precipitation under climate change scenarios and
could lead to a decrease in dry snow droughts, as long as part of the region is below freezing.
Warming increases the rainfall fraction of a given precipitation event and the snow-to-rain
transition elevation, and could lead to an increase in snow droughts. The potential for
warmer climates to increase snowfall (or cold-season precipitation of any phase) has not
manifested in observations to date but is projected to appear in the 2060s or beyond in the
Western US (Williams et al., 2024), with large variations by region (Krasting et al., 2013)
and model uncertainty.

Ensembles of ESM simulations provide a window into the possible climate conditions
and dynamics of a future impacted by elevated atmospheric carbon dioxide concentrations.
However, most global, long-term Earth system modeling projects contend with irreducible cli-
mate uncertainties: internal climate variability, structural uncertainty from different choices
within each ESM, and scenario uncertainty from the difference between the hypothesized
and actual future (Hawkins & Sutton, 2011). As shown in Hawkins and Sutton (2011),
the contribution of each type of uncertainty to projection uncertainty changes with output
variable and in time. There is also an inherent computational trade-off between finer spatial
resolution and computing expense. Post-ESM-run bias correction is an effective approach
to constrain the outputs of global models (Risser et al., 2024); the challenge of resolution
can be addressed through downscaling raw ESM outputs. This is generally conducted either
by establishing correlations between historical higher-resolution distributions of quantities
of interest and their native-resolution ESM counterparts (i.e., statistical downscaling) or
by using a ESM outputs to force higher-resolution simulations of a regional climate model
(RCM) for a smaller domain (i.e., dynamical downscaling, Ekström et al., 2015). Dynamical
downscaling explicitly simulates feedbacks within the model and does not explicitly prescribe
stationarity into future experiments (Walton et al., 2020; Xue et al., 2014). Taken together,
dynamical downscaling and bias correction are possible and promising methods for preserv-
ing the information conveyed by a ESM while attaining high-resolution realism (Wang et al.,
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2004; Xu et al., 2021; Zhao et al., 2020).
For snow applications, dynamical downscaling with the Weather Research and Forecast-

ing (WRF) model as the RCM applied to ESMs (Rahimi et al., 2024a) and reanalysis (He
et al., 2019; Rahimi et al., 2022) show good agreement, but reflect the known biases of both
the ESM and reanalysis products when compared to ground-based measurements (Broxton
et al., 2016; Risser et al., 2024). Dynamical downscaling is based on regional climate model
dynamics and therefore has the potential to change both the values and trends in a given
variable compared to the raw ESM output (Xue et al., 2014). For extreme events, such as
snow droughts or deluges (Marshall et al., 2024), both the value and the trend are impor-
tant in making predictions of future changes based on Earth system models. Future snow
drought estimates at low resolution reflect the general atmospheric patterns that typically
produce warm or dry snow droughts (e.g., Cowherd et al., 2023). Dynamical downscaling
in addition to bias correction is particularly suited to studies of mountainous seasonal snow
as hypsometry implies that most midlatitude snowy areas are relatively small in horizontal
space (Rahimi et al., 2024b).

In this study, we use dynamically downscaled outputs from an ensemble of WRF simula-
tions to understand high-resolution (45- and 9-km), snow drought predictions for the WUS
to address the following questions: How will the frequency, severity, and category of snow
drought change in the future based on an aggressive but plausible emissions trajectory?
How is snowfall sensitive to temperature change at different starting temperatures? Since
temperature can increase atmospheric water vapor capacity and also increase the fraction of
rain, how do these effects combine and manifest in models of snowfall and as a function of
elevation? In Section 3.3, we describe the downscaled ESM ensemble for four WUS domains
and define the snow drought metrics and categories used for the rest of the work. In Section
3.4.1 we explore how snow drought frequency, severity, and type change in future climate
scenario under Shared Socioeconomic Pathway 3-7.0 (SSP3). In particular, we compare out-
puts at various resolutions to understand the sensitivity of snow drought trends to modeled
output. In Section 3.4.2, we consider regional and topographical drivers of snow changes in
mid-century and end-of-century warming scenarios, including over the Great Basin divide.
In Section 3.4.3, we construct a simple model of interannual snowfall variance driven by
vapor transport and surface temperature. In Section 3.6 we consider these results and their
limitations in the context of previous and potential future work.

3.3 Data and Methods

3.3.1 Data

This study uses the Western United States Dynamically Downscaled Dataset (WUS-D3,
Rahimi et al., 2024a), wherein output from an ensemble of nine Coupled Model Intercom-
parison Project 6 (CMIP6) ESMs have been dynamically downscaled to the Western US
with the regional climate model Weather Research and Forecasting Model (WRF, Powers
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et al. (2017)). Table 3.3.1 reports each ESM specification used here. Native ESM outputs
were bias corrected following Bruyère et al. (2014) as detailed in Rahimi et al. (2024b), in
which the ESM outputs are decomposed as a historical climatological mean plus a deviation
from that mean, then compared to the same construction from the ERA5 reference of the
same output. The monthly difference between the ESM and reference climatological means
is considered bias and is removed to produce forcing data for WRF model runs over the
WUS. The transient evolution of chemical emissions and land-use/land coverage are implic-
itly included in the native ESM outputs through their effects on temperature, humidity,
and winds. All pre-2015 ESM experiments in this project use historical CMIP6 emissions,
while 2015-2100 experiments follow the SSP3-7.0 emissions trajectory. SSP3-7.0 is a scenario
introduced in CMIP6 with high aerosols and 7 W m−2 radiatie forcing by 2100 due to low-
mitigation and increasing CO2 emissions through end-of-century (O’Neill et al., 2016). The
downscaled data set for this scenario therefore represents a range of plausible futures within
the SSP3-7.0 framework. Downscaling through WRF produced multiple, higher resolution
outputs than the parent ESMs as well as a rich suite of output variables.

The WUS-D3 methodology and snow output have been previously compared to observa-
tional and reanalysis data (Rahimi et al., 2024b; Rahimi et al., 2022). These studies found
that the 9-km bias-corrected simulations compare well to the snow telemetry (SNOTEL)
snow pillow network in the WUS, with only slight offsets in peak amount and melt timing
when comparing SNOTEL data to the grid cells that contain the SNOTEL station. We
therefore expect the results from these models to represent some of the best available pre-
dictions of climate dynamics for the WUS while overcoming some of the known challenges
in Earth system modeling, namely wet-bias feedback and problems associated with coarse
resolution. While higher resolution products for small regions are available and can be much
more closely validated, the full WUS simulations produced from dynamical downscaling allow
for a comprehensive comparison across regions of the WUS. Figure 3.1 shows the domains
used in this study: a large domain including the entire WUS, parts of Canada and Mex-
ico, and the eastern Pacific Ocean at 45-km grid length and a subset over the continental
WUS at 9-km grid length. The two additional subdomains over the US Sierra Nevada and
the Middle Rockies, outlined in black, indicate the US Environmental Protection Agency
ecoregion boundaries of two mountain ranges studied here in further detail.

3.3.2 Definition of snow drought

We use the Standardized Snow Water Equivalent Index (SWEI) as a metric for the relative
SWE condition at a given grid cell in a given year. SWEI, as defined in Huning and AghaK-
ouchak (2020), is a standardization of SWE observations at a location in time that uses an
empirical plotting position to represent the relative rank of SWE values. We calculate SWEI
on a three-month basis to capture persistence as in Huning and AghaKouchak (2020):

SWEIi = ϕ−1
[
p
( i∑

k=i−2

SWEk
)]

(3.1)
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Figure 3.1: Land elevation [m a.s.l.] for the downscaled model domains at the resolution
indicated by domain. The 45-km domain (red) encompasses all of the Western United States
and portions of Canada, Mexico, and the eastern Pacific Ocean. The 9-km domain (orange)
includes the Western United States. Hydrologic Unit Code level 2 basins are overlain in light
blue. The Sierra Nevada and Middle Rockies mountain ranges are outlined in black.
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Table 3.1: ESM specifications for the ensemble of simulations used in the study. References
and resolution reflect the raw ESM runs for historical and SSP3-7.0 from the CMIP6 ensemble
and are expressed as latitude-longitude near the equator.

ESM Variant Resolution [◦] References (historical; SSP3-7.0)
ACCESS-CM2 r5i1p1f1 1.25×1.25 Dix et al., 2019a, 2019b
CanESM5 r1i1p2f1 2.8×2.8 Swart et al., 2019a, 2019b
CESM2 r11i1p1f1 0.94×1.25 Danabasoglu, 2019a, 2019b
CNRM-ESM2-1 r1i1p1f2 1.4×1.4 Seferian, 2018; Voldoire, 2019
EC–Earth3 r1i1p1f1 0.7×0.7 EC-Earth-Consortium, 2019a, 2019b
EC–Earth3-Veg r1i1p1f1 0.7×0.7 EC-Earth-Consortium, 2019c, 2020
FGOALS-g3 r1i1p1f1 2×2 Li et al., 2019b, 2019c
MPI-ESM1-2-LR r7i1p1f1 1.9×1.9 Pongratz et al., 2019;

Wieners et al., 2019
UKESM1-0-LL r2i1p1f2 1.25×1.25 Good et al., 2019; Tang et al., 2019b

where ϕ−1 is the inverse normal distribution as a quantile function and p is the Gringorten
plotting position, p = i−0.44

N+0.12
, where i is the ith term in the ranked list of all annual peak

SWE values, and N is the total number of years in the sample. We further restrict the SWEI
calculations to only reflect the peak SWE volume for a given water year, as in Cowherd et al.
(2023) in order to focus on measuring the impacts of winter-season snow processes.

In this study, we use the 30-year period from 1980-2010 as the baseline due to the time
period covered in WUS-D3. As the choice of baseline controls all calculated metrics for
future droughts, it is important to consider SWEI values as relative to a baseline, not as
absolute indicators of what might be considered a drought by any given management agency
in the year in which it is reported.

As with the widely used standardized precipitation index that defines meteorological
droughts, SWEI cutoffs are used to categorize the existence of snow droughts: SWEI values
of less than -0.8 indicate the presence of a snow drought. The frequency of snow drought
is the fraction of years in a given time frame with SWEI<-0.8; the value of SWEI is the
severity, with more severe SWE deficit indicated by more negative SWEI. Variations in
SWEI indicate the severity of a drought in terms of volume of SWE missing, not in storage
time; accumulating sequential SWEI values indicate multi-year snow drought. Conversely
high positive SWEI values indicate relatively wet SWE years, which can be caused by high
precipitation and/or low temperatures (e.g., Marshall et al., 2024).

All snow droughts were categorized as warm, dry, or warm and dry by their co-occurrence
with temperature and/or precipitation anomalies from the downscaled outputs, accumu-
lated between October and April of each water year. The precipitation and/or temperature
anomaly values were defined as the difference from the average winter cumulative value at
that pixel for 1980-2010 (the same baseline as used in the SWEI calculations), for a given
ESM. These categories, as qualitatively described in Harpold et al. (2017), indicating the
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correspondence between the main meteorological drivers of snow drought (i.e., temperature
and precipitation) and on-the-ground snow deficit.

Next, we defined a global temperature change time series using the global mean raw
ESM 2-meter air temperature field (‘tas’). The change from 1980-2010 baseline in global
average temperature was used to normalize changes in peak snow volume and frequency of
snow drought per degree of warming. Normalized change per degree of warming allows for
inter-decade and inter-SSP comparison of snow changes. However, near-range changes (i.e.,
before 2040) suffer from near-zero denominator and cannot be examined with this metric;
rather, SWEI is more meaningful.

3.3.3 Topographic controls on snow change

In addition to varying in time, snow drought varies in geographic and topographic space.
We use the WRF elevation for each resolution to examine geographic variance in snow
drought frequency and severity. In particular, to examine how high-resolution future Earth
system models, we considered two sub-domains, Sierra Nevada and Middle Rockies, as shown
in Figure 3.1. Then, at each grid cell, we compute end-of-century change in peak SWE
per degree of global temperature change (∆SWE∆T−1) in mm C−1. We then compare
∆SWE∆T−1 across elevation bands at both 45 km and 9 km resolutions.

3.3.4 Temperature-driven mechanisms of snowfall change

Snow drought trends are driven by both precipitation and temperature anomalies; this is
explicit in our snow drought categorization framework. However, the warm vs. dry snow
drought framework implicitly combines two mechanisms through which temperature changes
snow accumulation: 1) increasing the saturation vapor pressure of the atmosphere, and 2)
changing hydrometeor phase from snowfall to rainfall.

We disentangle the contributions of increased temperature to snow accumulation by mod-
eling the dependence of snowfall interannual variability to zonal integrated vapor transport
(IVT) and local positive degree days (PDD). IVT, a vector representation of full-column
atmospheric water vapor transport, represents the volume of water vapor in the atmosphere
as well as its convergence (Rasmusson, 1967). PDD reacts to global warming on large time
or spatial scales and represents local weather and topography at the grid cell level.

We use the zonal IVT from the 3-dimensional ‘ivt’ variable in WRF, approximating
the atmospheric water vapor flux convergence. Water-annual wintertime (set to November
1–April 1) PDD sums for each grid cell and represents the local interannual variability in
surface temperature. We then fit a set of three linear models for each pixel:

SF = a× IV T + c, (3.2)

SF = b× PDD + c, (3.3)

and
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SF = a× IV T + b× PDD + c (3.4)

where SF is annual snowfall and a, b, and c are fitting parameters. Eq. 3.2 models snowfall
as a linear function of IVT, Eq. 3.3 models snowfall as a linear function of PDD, and
Equations 3.4 models snowfall as a linear combination of both. We then repeat this process
with a detrended anomaly for SF , IV T , and PDD. The normalized detrended anomaly of
a term X, indicated X ′, is computed by first removing a linear trend from the data and then
takingX ′ = minmax(X−X(t)) for a given scalarX whereX(t) is the linear trend of the data
and minmax is the rescaling to a range of [0,1]. The trend removal, when applied across the
30-year analysis period, removes the signal from long-term warming, leaving only interannual
deviations. Trend removal, anomaly calculation, and linear models are all computed over a
moving 30-year window for each pixel individually. We then quantify performance of each
model on a pixel-by-pixel basis, within the 30-year time window, with an R2 correlation
coefficient. In each case, the R2 value represents the fraction of annual snowfall variance
that can be explained as a linear function of IVT, PDD, or both combined. In the detrended
case, these models only track the interannual variability independent from the underlying
long-term trend.

3.4 Results

3.4.1 Temporal and spatial snow drought trends

Downscaled climate simulations across the WUS show increases in snow drought frequency
and severity throughout the 21st century. Figure 3.2 shows, for the Sierra Nevada and Middle
Rockies regions, the fraction of land area in drought, normal, or wet conditions, averaged be-
tween all ESMs used in this study. For each of the 45-km (left) and 9-km (center) grid length
ensembles, the proportion of land area in snow drought (red, orange, or yellow) or normal-to-
wet (light gray, dark gray, or purple), is shown over the time domain of the model ensemble.
The expansion of snow drought categories in later years reflects increasing frequency of snow
droughts across the region as well as the expansion of snow drought conditions into new
areas. Categorization of snow drought condition follows the SWEI-based cutoffs described
in Section 3.3.2, with non-drought conditions split into low normal (-0.8<SWEI≤0), high
normal (0≤SWEI<0.8), and wet (0.8≤SWEI). This split reflects percentile-based catego-
rization in prior work (e.g., Siirila-Woodburn et al., 2021) while maintaining reference to a
drought-specific metric.

In both regions, historical snow drought proportion is, by construction, low at all res-
olutions. Increases are mostly due to warm and warm and dry snow drought; total dry
snow drought area slightly decreases in this time frame. The right column (c, f) for both
regions shows the fraction of total snow drought in each category, i.e., the probability that
a snow drought is caused by precipitation, temperature, or both given that a snow drought
occurs in that year. While the historical fraction of dry snow drought is higher in Middle
Rockies than in Sierra Nevada, this value in both regions decreases to near zero at the end
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Figure 3.2: Annual percentage of land in snow conditions defined by SWEI: wet (purple,
SWEI > 0.8), high normal (light gray, 0 < SWEI ≤ 0.8), low normal (dark gray, -0.8 < SWEI
≤ 0), snow drought by category(warm: red, warm and dry: orange, or dry: yellow; SWEI
≤ -0.8). Panels a-c show results for the Sierra Nevada and d-f show the Middle Rockies.
Panels c and f show the proportion of the total snow drought in a given year contributed by
each snow drought type.

of the century (Figure 3.2c, f). By then, approximately 60% of snow droughts are warm
and dry, with the remaining 40% corresponding to temperature anomaly alone. In other
words, temperature dominates the snow drought signal but aridity still plays a meaningful
role. The 45- and 9-km products show similar proportions of the total area in each category
of SWEI throughout the time domain (Figure 3.2a,b,d,e), indicating that droughts statistics
are moderately insensitive to coarsening resolution at these scales.

Figure 3.3a shows baseline snow drought frequency as fractional chance of a drought
occurring in a given year from 1980-2010 (the baseline period). Panels b and c show the
ensemble average change in snow drought frequency for 2030-60 and 2070-2100, respectively.
Panels d-f show the standard deviation of the frequency in each time period, computed across
the 30-year time period and across all ESMs. Overall snow drought frequency increases by
the end of the century in all regions of the WUS. Frequency in all cases includes snow
droughts from all causes – warm, dry, and both. The uncertainty, as estimated by the
standard deviation amongst ESMs, however, increases at mid-century compared to baseline,
then decreases by the end of the century. This variance includes structural and internal
variability but not scenario uncertainty. The contracting range of drought frequency at end-
of-century is likely due to the insensitivity of the frequency metric to increasingly severe snow
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Figure 3.3: Baseline snow drought frequency (a) and change in mid-century (b) and end-
of-century (c) 9-ESM mean at 9-km grid cell size. Panels d-f show standard deviation of
drought frequency across the Western US for the same time periods as in a-c.

drought. As regions begin to experience more snow drought in the middle of the century,
frequency can vary due to structural and internal variability. However, once a location is in
a state of essentially permanent snow drought, internal variability does not affect frequency.

The frequency of snow droughts (defined by SWEI ≤ -0.8, Section 3.3.2) alone does not
convey the snow water supply deficit. The severity, defined as the average SWEI value for
snow drought events indicates the degree of deficit for the baseline period (Figure 3.4a)
and the change in severity in future models (Figure 3.4b, c). The associated multi-model
uncertainty, following the structure of Figure 3.3, is shown in panels d-f. A negative change
indicates a more severe snow drought (i.e., pink pixels in panels b and c). While most
regions experience more severe snow droughts at mid- and end-of-century, some regions
show consistent decrease in severity. The standard deviation of the severity of snow droughts,
shown in Figures 3.4d-f, increases with time. This increase shows the combined effects of
structural and internal variability, in contrast to the decreased uncertainty in end-of-century
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Figure 3.4: Baseline snow drought severity measured by SWEI value (a) and change in
mid-century (b) and end-of-century (c) 9-ESM mean at 9-km grid cell size. Panels d-f show
standard deviation in terms of drought frequency across ESMs and years for the same time
periods as in a-c.

frequency.
The overall distribution of SWEI, by construction of the baseline period, shifts away from

a distribution centered on zero toward more negative values by end-of-century in both study
regions (Figure 3.5. This distribution shift is more extreme in the Sierra Nevada than in the
Middle Rockies, but both regions see meaningful transition toward lower SWEI. The Sierra
Nevada distribution (Figure 3.5a) has a higher spread within the snow drought range at
end-of-century (pink lines) than the Middle Rockies (3.5b). Under such a distribution shift,
if the definition of snow drought shifts with the distribution, then lower absolute values of
peak SWE are allowable before triggering a drought designation.

Figure 3.6 shows, for the same time and spatial domains as in Figure 3.2, the change
in annual winter-only (October-April) volume of snowfall (a,d) and rainfall (b,e), using 45-
km (dashed lines) and 9-km (solid lines) grid length simulations. Sierra Nevada snowfall (a)
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Figure 3.5: SWEI distribution for the Sierra Nevada (a) and Middle Rockies (b) only in the
snow drought range (SWEI ≤-0.8), for 1980-2010 (yellow), 2030-2060 (blue), and 2070-2100
(pink).
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decreases by 132 ± 14 mm in the 9-km outputs but only 82 ± 8 in the 45-km ouputs by 2100.
Middle Rockies snowfall (d) decreases by 74 ± 20 mm in the 9-km outputs and 73 ± 12 mm
in the 45-km outputs. The orientation and size of the Sierra Nevada range relative to the
grid makes it so that the 45-km downscaling product is insufficient to resolve the topography
of the ridge, as seen in a comparison of Figures 3.7a and c. In the Middle Rockies, the region
of high elevation is larger and broader in shape, i.e., the topographic variability within a
grid cell is less sensitive to resolution. Therefore, while higher-resolution ouputs enhance
the details of location-specific trends, region-level statistics in the Middle Rockies are not
significantly impacted by moving from 45-km to 9-km grid cells. Model resolution impacts
Sierra Nevada projections more than Middle Rockies projections for snowfall. The rainfall
signal has a much higher inter-model uncertainty, especially in the 9-km outputs. Sierra
Nevada rainfall (b) increases by 130 ± 89 mm in the 9-km outputs and only 92 ± 50 mm
in the 45-km ouptuts by 2100. Middle Rockies rainfall (e) increases by 81 ± 43mm in the
9-km outputs and 73 ± 40 mm in the 45-km outputs.

Figures 3.6c and f show the change in the proportion of precipitation that falls as snow as a
function of the total precipitation change using 9-km data. The change in total precipitation
is calculated as the regional-mean change from the 1980-2010 baseline period and is plotted
against the snowfall-to-rainfall ratio for each region at 9-km. This relationship is ambiguous
and that ambiguity is dominated by precipitation change uncertainty.

The snowfall to rainfall ratio is directly controlled by the temperature trend in WRF.
From 1980 to mid-century, precipitation trends are positive while the snowfall to rainfall
ratio decreases (Figure 3.6c,f); in some models, the increase in total precipitation partially
compensates for the smaller fraction of precipitation that falls as snow. By 2100, the snow-
fall:rainfall ratio is 0.14±.02 (0.30±0.01) in Sierra Nevada (Middle Rockies). The corre-
sponding decade’s drought frequency is 41% (35%) higher than 1980-2010 for all types of
droughts in the Sierra Nevada (Middle Rockies) region, as shown in Figure 3.2. Over that
same time period, the percentage of droughts that occurred during a dry but not warm year
dropped from 40% (54%) to 1% (2%) in the Sierra Nevada (Middle Rockies).

3.4.2 Topographic snow drought trends

SWEI, by construction, reflects a different absolute amount of snow in each location for
which it is defined. Spatial patterns, then, should reflect climate-driven change and not
baseline expectations of snow distribution due to elevation or local topography. Figures 3.7
and 3.8 show the multi-ESM mean peak SWE change at end-of-century (2070-2100) per
degree of global warming, ∆SWE ∆T−1, for the Sierra Nevada and Middle Rockies domains
respectively. The global temperature signal, ∆T , from the forcing ESM is a proxy for the
level of climate change experienced in a given time frame and is used to normalize other
observed changes.

Figure 3.7a shows the 45-km ∆SWE ∆T−1 for the Sierra Nevada; Figure 3.7b shows
the same but stratified by elevation band. Panels c and d show the same but at 9-km
grid length, highlighting the additional information on future snow changes gained from
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Figure 3.6: Snowfall (left) and rainfall (center) partitioned from total precipitation time
series by temperature for the Sierra Nevada (top) and Middle Rockies (bottom) domains.
Model results are shown at the 45- (dashed) and 9-km (solid) grid length model outputs
as a 10-year rolling mean; colors indicate ESM and multi-ESM means are shown in black.
Historical (1980-2010) mean value horizontal lines are indicated for each resolution. The
snowfall-to-rainfall ratio is plotted against change in total precipitation compared to 1980-
2010 (right) for each domain, with colors indicating the year.

increasing spatial resolution in a geographically narrow mountain range. The Sierra Nevada
is much more varied across its crest than along it; due to the alignment of the WRF grid
cells, this means that most high elevation areas are not represented in the 45-km outputs,
therefore missing regions of ∆SWE ∆T−1 1 above 2500 m a.s.l. The same comparison in the
Middle Rockies (Figure 3.8) shows a smaller difference between resolutions. Higher detail
and some areas of positive ∆SWE ∆T−1 are represented at 45-km because those regions are
naturally broader.

Considering just the 9-km results for both regions (panels c and d), mid-elevations (2000-
2500 m a.s.l.) represent nearly all of the snow loss, both in absolute volume and when normal-
ized by area (Figures 3.7,3.8d). This is likely because those elevations contain more snow than
lower elevations but are more likely to experience to temperatures above 0◦C. Middle-to-high
elevations are also the most sensitive to local snow-albedo feedback (Hernández-Henŕıquez
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et al., 2015). Some of the highest regions of both sides, i.e., above 2500 m a.s.l., peak snow
increases by several tens of mm of SWE in the last three decades of the 21st century in
the 9-km models (Figures 3.7 and 3.8c,d). The 45-km model, in contrast, does not show
any areas of increase, and therefore overestimates snow loss in some areas with significant
snowfall (Figures 3.7 and 3.8a,b).

Coarser products may perform well over large, regional gradients, such as comparing
lowlands to high plateaus. However, multi-resolution modeling of the same region with
the same model does not always show agreement in overall snow volumes or even trends
on aggregate or on sub-grid resolution scales. For example, in Figures 3.7 and 3.8, each
Hydrologic Unit Code (HUC) 6 basin overlaps with one to three 45-km grid cells but up to
30 9-km grid cells.

3.4.3 Temperature controls on snow accumulation

We model the trend and interannual variability in annual total snowfall as a function of IVT,
PDD, or both (Eqs. 3.2, 3.3, and 3.4, respectively) to quantify the relative importance of
each driver on snowfall rates and therefore snow droughts. Figure 3.9 shows the pixel-wise
R2 correlation from modeling normalized snowfall trend as a function of IVT (a), PDD (b),
or both (c). IVT has the highest explanatory power on leeward slopes and in the Rocky
Mountains while PDD is more correlated with snowfall along the windward slope of the
Cascades and Sierra Nevada. PDD is particularly powerful in the windward slope within
the Pacific Northwest. The multiple linear regression of both IVT and PDD (Figure 3.9c)
has less spatial variability than either single linear regression model. The regions over which
IVT and PDD are strong individual predictors of snowfall are relatively complementary. In
particular, leeward slopes of coastal ranges and interior mountain ranges are generally cold
enough to support snowfall but are sensitive to moisture availability. In contrast, windward
slopes are more moisture-saturated and therefore sensitive to temperature variations than
rain-snow transitions. The multiple linear regression accounts for both processes is a better
predictor of snowfall than either individual model.

However, the strength of these model predictions changes in time (Figure 3.9d). Multi-
ESM spatial averages of each model performance show that the IVT and PDD multiple
linear regression (green line) improves in predictive skill near the end of the century. This
improvement generally tracks with the improvement in performance of the PDD-only model
(yellow line). At the same time, the predictive power of the IVT-alone model (blue line)
decreases. This reflects the expanding region over which the rain-snow transition controls
snowfall amount.

The same set of linear models applied to the detrended signal represents the sensitivity of
the snowfall signal to interannual variations, independent of the larger climate signal. Figure
3.10 shows the performance of each set of linear models, as in Figure 3.9. The interannual
variability models show similar spatial trends as the trend models, albeit with slightly lower
overall correlation. The transition to stronger PDD correlation at end of century occurs
slightly later and is less strong, as indicated by the location of the intersection and the
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Figure 3.7: Map of ∆SWE ∆T−1 for the Sierra Nevada region at 45- (top), 9-km (bottom)
grid length. HUC6 basins outlines are shown in gray with windward basins indicated by
solid lines and leeward basins with dashed lines. Panels b and d show the distribution of
∆SWE ∆T−1 across elevation bands for the 45- and 9-km grid length, respectively. Box-
and-whisker plot boxes indicate first and third quartiles; red vertical lines indicate medians;
dots indicate outliers.
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Figure 3.8: Same as Figure 3.7 but for the Middle Rockies.
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Figure 3.9: Map of correlation (R2) for snowfall trend based on IVT (a), PDD (b), or both
IVT and PDD (c). Values shown are averaged between driving ESMs and over the time
period modeled. Each inset bar plot shows the average R2 value for the western (light gray)
and easter (dark gray) boundaries of the Sierra Nevada (left) and Middle Rockies (right).
Uncertainty bounds are standard deviation. The change in time of the spatial mean (d)
shows the IVT, PDD, and IVT-PDD models in blue, yellow, and green lines, respectively.
Shading indicates one standard deviation.
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Figure 3.10: Same as Figure 3.9 but for the detrended snowfall, IVT, and PDD models.

spread between the IVT (blue) and PDD (yellow) lines in Figures 3.9d and 3.10d. While
the specific time of emergence of the transition to temperature-driven annual snowfall is not
possible to determine in a small ensemble, the 9-ESM downscaling experiment used here
suggests 2040-2060 as a transition period for both the trend (Figure 3.9d) and interannual
variability (Figure 3.10d). These mechanisms further underlie the main causes of snow
drought: warm temperatures (PDD-sensitive) and low overall precipitation (IVT-sensitive).

In the Sierra Nevada’s eastern slope, typically within an orographic rain shadow, IVT is
more important throughout the time domain (Figure 3.9 bar plot insets), but this reliance
increases with time even as the IVT signal weakens on average throughout the WUS Figure



CHAPTER 3. SURFACE AND ATMOSPHERE DRIVERS OF SNOW DROUGHT 43

3.9d). The drier leeward slopes respond to the increased fractional precipitation on the
lee side of mountains (Siler & Roe, 2014), especially at higher (colder) elevations. On the
western slope, temperature is a larger driver of interannual snowfall variability through the
end of the century.

3.5 Discussion

The modeled increase in snow drought frequency alone is an expected quantification of
warmer future climates, but does not necessarily imply a prediction of a drought declaration,
as drought declarations typically use a moving baseline approach. In this work, trends in
SWEI are used to reflect shifting distributions of water supply and storage in snowpack, which
are caused by low precipitation and/or high temperatures. The emergence of warm snow
droughts as a more frequent category (Figure 3.2, 3.3) represents years in which low water
storage, not low water supply, may be a freshwater management challenge in the Western US.
The use of temperature and precipitation to define snow drought categories may not always
correspond to upper atmosphere regional temperature or IVT, as regional circulation and
local microclimate produces additional variation. Therefore, we expect analyses of preceding
atmospheric quantities (e.g., Figures 3.9, 3.10) to be more climate sensitive, but slightly less
predictive of snow drought.

Because increasing global temperatures should increase moisture availability while in-
creasing the proportion of liquid precipitation, a potentially contradictory climate response
of snow is possible. In In Figures 3.7 and 3.8, the snow response to global temperature
change is used to quantify the outputs of this balance. At higher elevations, where starting
temperatures are colder, many areas see net gains in snowpack, although the interquartile
range of this response spans both the positive and negative at the highest elevation bands
in both regions studied. The ability of 9-km grid cell model outputs to capture the true
behavior of high-elevation, complex terrain is still limited; the true response at some hor-
izontally narrow high-elevation regions may be diminished by grid cells that also contain
lower-elevation regions. Some of this range is also explainable by the additional component
of orography in determining whether a location is more sensitive to the precipitation quantity
or phase components of the snowfall climate response.

The relative insensitivity to IVT variations on the western slope can be explained by
considering that increases in atmospheric water vapor would weakly impact precipitation
intensity and the extra water would instead persist longer in the system, moving to the
other side of ridge to deposit there instead of increasing local snowfall on the windward
slope. However, it is important to note that these models track both increases and decreases
in snowfall; the values shown here are agnostic to the sign of snowfall change.

The climate projection component of this work comes from eight CMIP6 ESM simu-
lations of the SSP3-7.0 scenario. While climate predictions indicate decreases in snowfall
fraction across all ESMs, the end-of-century total precipitation within each region increases
on average but decreases in at least three ensemble members. The spread in total precipita-
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tion across the ESMs can be interpreted as the structural uncertainty in precipitation change
projections. Further, most of the multi-model spread in total precipitation change comes
from rainfall. The contrast between consistent increases in snow drought and inconsistent
changes in precipitation across models suggests that the increase in snow droughts in the
SSP3-7.0 scenario is largely driven by temperature, rather than by precipitation. Precipita-
tion trends do contribute to changes in peak snow storage, especially in the later half of the
21st century.

The snow-to-rain transition from climate change is not only a direct product of tem-
perature increase, however, as humidity and pressure both impact hydrometeor phase (Dai,
2008; Jennings et al., 2018). In the WUS-D3 configuration, Noah MP is directly coupled
to WRF (Rahimi et al., 2022) and precipitation is classified as snow or rain following the
temperature thresholds of (Jordan, 1991). While a full examination of this nuance is not
possible using Earth system model outputs as the snow-rain transition is prescriptive, our
results lend general guidance to the types of regional snow drought patterns that could de-
velop in future decades. Efforts were made during the modeling phase (Rahimi et al., 2024a)
to address pixel-size representation of known ground measurements, especially within the
SNOTEL network, but it is still not possible to evaluate subgrid variance in snow drought
in the current modeling framework.

3.6 Conclusions

In this work, we evaluate predictions of future snow drought occurrence and category in
a high-resolution, bias-corrected, multi-model ensemble. As in previous studies (Cowherd
et al., 2023; Dierauer et al., 2019; Dierauer et al., 2021), these findings project an increase in
snow drought frequency in future decades, with a greater fraction of future snow droughts
co-occurring with high temperatures than with low precipitation. In other words, the snow
droughts of the future are more likely to be warm than dry. This increase is clear in time
series across the 9-ESM ensemble and at all resolutions modeled, for the WUS as a whole
and for the two domains of focus in this work. Those trends, shown in Figure 3.2, also
correspond to a change in snow drought type from mostly dry to mostly warm. As found
in Cowherd et al. (2023), historical snow droughts are associated with a dry precipitation
anomaly in more than 80% of cases before 2014. Between these studies, despite regional,
resolution, and climate scenario differences, the transition to a snow drought profile with
fewer dry snow droughts is clear and consistent. By 2100, more than 90% snow drought
coincide with a warm temperature anomaly, with about half of those also corresponding to a
dry precipitation anomaly. We only consider one time point per water year, the peak SWE,
in order to capture a pre-spring streamflow metric of the available water resources as well
as a proxy for storage. Additional work, such as exploring time-integrated volume storage
within a water year as a quantity of interest for snow drought definitions (Aragon & Hill,
2024), would further capture both the water volume and storage services of snow.

Next, the multi-resolution downscaling permitted comparison between spatial scales of
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snow trends. In both regions studied here – Sierra Nevada and Middle Rockies – the 9-km
results show less negative change in SWE per degree of global warming at high elevations in
the Western United States (Figures 3.7, 3.8). In the Sierra Nevada, the highest elevations see
a positive change in peak SWE with warming; in the Middle Rockies, some high elevation
areas see an increase. High elevation offset of mid- and low-elevation snow loss, or the
trade-off between warming-driven precipitation increases and phase change, is a short-to-
moderate-term effect; the timing of transition in a given region depends on latitude and
hypsometry.

Lastly, we explore the reasons for this pattern from a statistical perspective. The impacts
of temperature change on snowfall fraction (Figure 3.6c,f) are uncertain in current Earth
system models, largely due to uncertainty in total precipitation. The linear regression models
do not directly represent dynamical mechanisms for change, such as altered storm tracks
or frequency of atmospheric rivers. However, the WUS-D3 does include global circulation
change via the parent ESMs, so the data used for the regression is impacted by dynamical
change. Further, uncertainty in the sign of regional total precipitation change is an ongoing
challenge in Earth system modeling (e.g., Meehl et al., 2007). Statistical covariance of
short-term snowfall anomalies with surface temperature anomaly and vapor transport trends
(Figure 3.9) and anomalies (Figure 3.10) shows geographic variance in the importance of
those mechanisms in explaining future snow patterns. This analysis focuses specifically on
interannual deviation from the local mean trend, not on changing mean snowfall. However,
this analysis is limited by reliance on model physics to both cause and explain the outcomes.

Hydroclimate simulations at many scales – from gauging station to global – highlight the
water supply and timing challenges we may face in the future. Snow’s role as source and
storage in the hydrologic system means that snow drought is an important driver of other
types of droughts (Barnhart et al., 2016; Van Loon & Van Lanen, 2012) and of drought pre-
dictability. In parallel to the drought risk studied here, drought predictability is threatened
under warmer climates (Cowherd et al., 2024; Livneh & Badger, 2020). Further work on ex-
treme hydroclimate events – both high and low snowfall – will further clarify the connections
between the mechanisms for climate-driven mean and extreme change.

3.7 Open Research

The WUS-D3 used for this project are publicly available at Rahimi et al. (2024a). US EPA
Level III ecoregions were retrieved from
https://www.epa.gov/eco-research/level-iii-and-iv-ecoregions-continental-united-states. The
code for this project is available at https://github.com/mariannecowherd/wus-snow-drought/.
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Chapter 4

Climate change-resilient snowpack
estimation in the Western United
States

1

“The real world is neither linear nor stationary; thus the inadequacy of the linear and sta-
tionary data analysis methods that strictly adhere to mathematical rigor is becoming glaringly
obvious.” - Norden E. Huang

4.1 Abstract

In the 21st century, warmer temperatures and changing atmospheric circulation will likely
produce unprecedented changes in Western United States snowfall (Lute et al., 2015; Mar-
shall et al., 2019; Siirila-Woodburn et al., 2021), with impacts on the timing, amount, and
spatial patterns of snowpack (Barnett et al., 2005; Huning & AghaKouchak, 2018; Huss
et al., 2017; López-Moreno et al., 2017). The ∼900 snow pillow stations are indispensable to
water resource management by measuring snow-water equivalent (SWE, Pagano et al., 2009;
Serreze et al., 1999) in strategic but fixed locations (Changnon & Kunkel, 2006; Oyler et al.,
2015). However, this network may not be impacted by climate change in the same way as the
surrounding area (Livneh & Badger, 2020) and thus fail to accurately represent unmeasured
locations; climate change thereby threatens our ability to measure the effects of climate
change on snow. In this work, we show that maintaining the current peak SWE estimation
skill is nonetheless possible. We find that explicitly including spatial correlations—either
from gridded observations or learned by the model—improves skill at predicting distributed
snowpack from sparse observations by 184%. Existing artificial intelligence methods can

1This chapter is adapted from Cowherd, M., Mital, U., Rahimi, S., Girotto, M., Schwartz, A., & Feldman,
D. (2024) Evolution of global snow drought characteristics from 1850 to 2100. Communications Earth &
Environment , 5, 337 and is reproduced here with permission of the authors.
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be useful tools to harness the many available sources of snowpack information to estimate
snowpack in a nonstationary climate.

4.2 Introduction

In North America, mountains comprise ¡25% of the land area yet account for 60% of the con-
tinent’s snowpack (Wrzesien et al., 2018). Scientists and water managers estimate regional
snow water equivalent (SWE) throughout the winter and especially at the end of winter
to predict intra-annual water resources, including streamflow and groundwater recharge (Li
et al., 2019a). There are no direct satellite observations of SWE, and indirect observations
are either sparse in space and time (Margulis et al., 2016a) or used minimally in numerical
simulations and reanalyses (Fang et al., 2022; Pagano et al., 2009). In the Western United
States (WUS), the estimation of this quantity in practice relies heavily, or even exclusively,
on in situ data from the more than 900 (804 excluding Alaska) automated snow pillows
from the snow telemetry (SNOTEL) network and >100 additional state-based snow course
networks (Serreze et al., 1999). These site-based measurements are both rich in information
content regarding snow depth and density and have historically been informative as empir-
ical predictors of catchment-wide SWE (Pagano et al., 2004), especially the end-of-winter
peak of SWE that sets the initial conditions of spring snowmelt (Bohr & Aguado, 2001).

In situ, calibrated, and validated measurements of climate-sensitive observables are gen-
erally more informative about Earth system changes with longer data records (Council, 2004;
Overpeck et al., 2011; Schneider et al., 2013). However, this implies stationarity in the spa-
tial and temporal distributions over which those measurements sample (Milly et al., 2008).
SNOTEL stations, most of which were installed in the 1980s, were intended to monitor the
seasonal patterns of snow quantities and their interannual variability within a 20th-Century
mountainous hydroclimate, not to monitor the change in that same hydroclimate. Moving
the network is logistically impractical (Changnon & Kunkel, 2006), so the anthropogenic
warming-induced snow change in the 21st century will fundamentally reduce the sensitiv-
ity of the SNOTEL network’s ability to predict drought at a management-relevant scale
(Livneh & Badger, 2020). Punctuated sensitivity degradation is likely to occur during pe-
riods of maximized aridity characterized by dry and warm spells; it is exactly these times
when water security across the region will be most strained (Cook et al., 2018; Cowherd
et al., 2023).

In this work, we estimate the magnitude of WUS SNOTEL and California Cooperative
Snow Survey (CCSS) snow pillow network sensitivity degradation in a climate-changed world
and explore new approaches to interpreting the information available in observational net-
works. We do so by analyzing high-resolution WUS climate projections to determine when
and where novel snow patterns may emerge in the 21st century and then how in situ and
remote sensing systems are sensitive to such patterns. We use the Western United States Dy-
namically Downscaled Dataset (WUS-D3) (Rahimi et al., 2024a), a nine-member ensemble
of global climate models (GCMs) from the 6th phase of the Coupled Model Intercomparison
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Figure 4.1: a) The locations of WUS snow pillow stations (black crosses) and HUC2 water-
sheds (dark blue lines). b) Upper Colorado River Basin 1981–2014 average peak SWE. c)
Same as b) but for winter season cumulative precipitation. d) Same as b) but for winter sea-
son positive degree days. e) Annual- and GCM-average time series of peak SWE (solid lines)
for the entire WUS domain as defined in a) (black), snowy regions (red, >100 mm average
peak SWE from 1980 to 2000 to conservatively include ephemeral and seasonal snowpacks)
and at the locations of SNOTEL sites (blue) with the WUS-SR product (dotted lines)17.
The standard deviation of the 9 GCMs is shaded for each respective area. f) Same as e) but
for winter cumulative precipitation. g) Same as e) but for annual positive degree days.

Project (CMIP6) (Eyring et al., 2016), which is dynamically downscaled with the Weather
Research and Forecasting (WRF) model (Powers et al., 2017). This projection ensemble
allows for high-resolution evaluation of snowpack outputs that evolve in time according to
model physics. Figure 4.1 shows the WUS-D3 solution domain with locations of current
WUS snow pillow sites. Insets show historical (1980–2014) and Shared Socioeconomic Path-
way (SSP) 3-7.0 (2015–2100) ensemble-mean annual maximum SWE, annual cumulative
precipitation, and positive degree days for an example subregion with complex terrain in the
Rocky Mountains. SSP 3-7.0 is a high but plausible emissions trajectory covering 2015–2100
(O’Neill et al., 2016). This figure shows that snowpack has already declined and the temper-
ature has already increased in the WUS, as seen by both downscaled models and reanalysis
(Clow, 2010; Initiative, 2015; Mote et al., 2018; Rahimi et al., 2022). Snowpack declines and
temperature increases are expected to continue, albeit unevenly, across the WUS.
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4.3 Methods

4.3.1 Downscaled regional climate models

In this work, we use WUS-D3 (Rahimi et al., 2024a), a nine-member ensemble of CMIP6
GCMs, dynamically downscaled with WRF (Powers et al., 2017). Each raw GCM was ac-
cessed at its native resolution, and its temperature, humidity, horizontal winds, and geopo-
tential fields were bias-corrected (Bruyère et al., 2014). Table A.1 lists each GCM name
and variant used in this ensemble. These bias-corrected fields were then used to drive WRF
simulations on a 45-km outer domain grid. One-way nesting was then used to downscale
the 45-km results to a 9-km grid length inner domain over the Western United States The
SWE field is obtained from directly coupling Noah-MP to WRF following methods in Rahimi
et al. (2024a) and Rahimi et al. (2022). For this work, we use 9-km data, as the domain
of that product covers the entire WUS land region. While this grid cell size can obscure
orographic influences on snowpack, the snow product in the historical simulations of WRF
with the bias correction described above showed skill in being able to reproduce observed
diagnostic fields (Rahimi et al., 2022), including exhibiting skill in largely reproducing the
SWE values found in historical regional snow reanalyses (Margulis et al., 2016a), as shown in
Fig. 4.1. The skill of WUS-D3 SWE is further demonstrated in the snow pillow site-specific
climatology shown in Figure A.1. We justify this bias correction because the biases in the
corrected fields are endemic to CMIP6 GCMs and arise from unrealistic circulation biases in
the northeastern Pacific Ocean. These errors, relative to the European Centre for Medium-
Range Weather Forecasting Reanalysis product—version 5 (ERA5, Hersbach et al., 2020),
are carried forward in future projections and must be corrected to capture realistic WUS
hydroclimate.

We create a historical downscaled dataset covering 1980–2014 by downscaling the histor-
ical experiment of the suite of CMIP6 models analyzed (Eyring et al., 2016) and we create
a dataset that extends from 2015 to 2100 with CMIP6 models that are forced with the
Shared Socioeconomic Pathway (SSP) 3-7.0 emissions scenario (O’Neill et al., 2016). Here,
the SSP3-7.0 simulations provide one scenario through which to explore the nature of future
change in snowpack-related observations.

For this work, we use the ‘snow’ (snow water equivalent in mm), ‘prec’ (total precipitation
in mm d−1), and ‘t2’ (2-m air temperature in K) outputs of WUS-D3. The peak SWE value
at a given pixel is simply the annual maximum at that pixel, which approximately represents
the total snow water storage accumulated in a particular pixel. April 1 has been a historically
useful proxy for peak SWE and has been used in water supply forecasting, but we use peak
SWE here because the regional and temporal drift between true peak SWE and April 1 is
increasing and will continue to increase (Montoya et al., 2014).

The precipitation field was used by summing the precipitation of any phase that occurred
at that pixel for that water year prior to the peak SWE at that pixel. Similarly, positive
degree-day (PDD) values at a given pixel were used as a driver. We calculated this term by
summing the positive-only difference between the 2-m air temperature at that pixel and 0C
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for the same time period. The calendaring convention for this analysis is based on the WUS
water year that begins on October 1 and is named for the calendar year of the following year
(e.g., the water year 1981 is from October 1, 1980 to September 30, 1981 inclusive).

4.3.2 Currently available snow data products

The data combinations evaluated in this work were constructed to reflect actual snow-related
data products. We accessed daily SNOTEL records from the Natural Resources Conserva-
tion Service (NRCS) SNOTEL data repository (Serreze et al., 1999) and other snow pil-
lows from CCSS. For comparisons between these data and the downscaled historical sim-
ulations, we truncated the snow pillow record to the time period that overlapped between
the two datasets: 1980-2014. We accessed the WUS-SR (Fang et al., 2022) SWE data post-
assimilation records from the National Snow and Ice Data Center (NSIDC) and selected
pixel-wise maximum SWE for each water year in the time domain 1985–2014 for comparison
with modeled products in Fig. 4.1. We also used SNOTEL and WUS-SR data to evaluate
the ability of the 9-km downscaled data to represent the performance of the SNOTEL net-
work. Other work has conducted similar comparisons with positive outcomes, including for
statistically downscaled, coarser-grid products (e.g., ref. (Livneh & Badger, 2020)). Figure
A.1 shows daily SWE climatologies for each of the 9-km downscaled, bias-corrected WUS-D3
simulations at pixels containing at least one SNOTEL station from 1985 to 2014, compared
to the same time frame with the SNOTEL record and the same pixels in WUS-SR.

Peak SWE in many watersheds of the WUS is constrained by multiple snow pillow sta-
tions, weather analyses, and satellite data (Barrett, 2003; Fang et al., 2022; Margulis et al.,
2016a). The most comprehensive observations of catchment-scale SWE currently are sub-
orbital: aerial lidar measurements such as the Airborne Snow Observatories (ASO, Painter
et al., 2016) , or stereo-photogrammetric reconstructions of snow height at the end of winter
(Vander Jagt et al., 2015) yield spatially-resolved, cloud-contamination-free SWE products
because those measurements are a powerful constraint on SWE. The uncertainty in peak
SWE from these measurements is driven by uncertainty in snow density (Raleigh & Small,
2017), the difficulty of measuring snow under canopies (Kostadinov et al., 2019), and off-
peak observation timing. Therefore, in situ datasets, particularly from snow pillows, form
the backbone of peak SWE estimation in most regions, as reflected in the snow pillow data
case; sub-orbital observations are modeled in the intensive data case.

Spatially and temporally resolved gridded precipitation fields, derived from a wide range
of observational datasets including ground-based gauges and radars, satellite-based radars
and radiometers, and numerical weather simulation (Pradhan et al., 2022), represent another
key dataset with predictive information on peak SWE in the mountains, as reflected by
the gridded data case. Surface energy budgets strongly influence SWE, and measures of
temperature, such as degree-days, provide practical information on snowpack processes that
would negatively influence peak SWE, including snowmelt (Rango & Martinec, 1995). There
are also numerous satellite datasets that are relevant to, but only loosely constrain peak
SWE in high-altitude complex terrain. For example, the areal fraction of snow is readily
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measured from multi-spectral radiometry on satellite-based platforms such as the MODerate
resolution Imaging Spectroradiometer (MODIS) and Visible Infrared Imaging Radiometer
Suite (VIIRS), but those products do not observe snow depth and density.

4.3.3 Spatial pattern repeatability

The snow pattern repeatability (Sturm &Wagner, 2010) is defined as the average R2 between
the nondimensionalized peak SWE field S; where S = s−µ

σ
and s is the SWE value in a given

grid box, µ is the mean for that time, and σ is the standard deviation of that time step (Fang
et al., 2023); and each of the 20 previous years of the same. The 20-year moving window
gives each analysis year that we analyze a wide range of interannual variability in SWE while
not being directly impacted by a nonstationary climate. The metric S has been applied to
higher-resolution snow data in (Sturm & Wagner, 2010) to demonstrate a high degree of
pattern repeatability between years. This method of calculating pattern repeatability treats
pixels as independent points without a 2-D structure because points in a basin are flattened
for correlation analysis.

4.3.4 Perfect data experiments

The findings presented here, including those in Figs. 3 and 4, are derived from perfect data
experiments (sometimes referred to as observing system simulation experiments, (Errico &
Prive, 2018). In this framework, a number of different data models attempt to predict the
underlying peak SWE value produced by one of the WUS-D3 simulations at a given time
at a given location using predictors based on the atmospheric and surface state from that
same WUS-D3 simulation. These data models range in algorithmic complexity and are
only given incomplete information about the peak SWE of the WUS-D3 simulation that
they are trying to predict. Consequently, synthetic, but realistic errors are added to the
gridded precipitation, temperature, fSCA, and SWE predictors. Additionally, a range of
different variables (see the section Data groups for peak SWE prediction) and algorithms
(see the section Models for peak SWE prediction) were used to predict peak SWE. Finally,
the construction of the perfect data models was designed to ensure that the data models
only used a subset of the predictor variables in each WUS-D3 simulation that reasonably
corresponds to the data that will be available to make a prediction for peak SWE (e.g.,
the prediction of any data model at a given time would not be aware of future predictor
or predictand values). These observing system simulations are idealized but reveal the
challenges, opportunities, and relationships between predictors and a predictand associated
with using different observations and data processing algorithms and are used to assess the
climate resiliency of peak SWE estimation approaches.
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4.3.5 Synthetic gridded data

There are several synthetic, gridded data fields that are included in these perfect data exper-
iments, including the following. The data field for the fractional snow-covered area (fSCA)
is estimated from the distributed SWE field reported in WUS-D3 in order to correspond to
what an optical spectroradiometric satellite observes (e.g., Landsat or MODIS Normalized
Difference Snow Index (Riggs et al., 1994; Salomonson & Appel, 2006)). By imaging the
same location approximately daily, the satellite instrument datasets skillfully measure snow
fraction in and around peak SWE in spite of cloud contamination. For a given day, if a pixel
has SWE>40 mm, then it is assigned an fSCA value of 1, otherwise 0 (Micheletty et al.,
2022). To account for cloud contamination, the fSCA values are corrupted by randomly
masking out 1/3 of the days between the start of the water year (October 1) and the date
of peak SWE. For days that are considered cloudy, the value of fSCA is determined by con-
sidering the most recent non-cloudy day. The daily fSCA values are then averaged for the
entire snow season to yield a synthetic data field of fSCA corresponding to peak SWE.

The PDD and cumulative precipitation fields are constructed from modeled values of
those same quantities, with error and bias added as calculated between the WUS-D3 his-
torical outputs and products from Parameter-elevation Regressions on Independent Slopes
Model (PRISM) (Daly et al., 2008) followed by a spatial gradient smoothing step (see Figure
A.2).

Lastly, the distributed April 1 SWE in the intensive data modeling case was constructed
to simulate a potential SWE observation either by a future SWE satellite or a modeled
product from a sub-orbital aerial system (e.g., ASO). Due to operational constraints that
limit the windows when aerial data are collected, the exact timing of sub-orbital observations
relative to the peak SWE timing is not guaranteed and cannot be retroactively adjusted to
align with the true date of peak SWE. To account for this variance, we randomly assigned
a date of synthetic sub-orbital observation by sampling from a normal distribution centered
on April 1 of the water year and a standard deviation of seven days.

The synthetic future gridded temperature and precipitation datasets were developed using
a statistical mapping process between the WUS-D3 outputs and historical PRISM data for
the same HUC6 basin. For the 1980–2020 time period, we aggregated PRISM data for
precipitation and temperature over the WUS domain and re-gridded the 4-km product to
the 9-km WUS-D3 grid. For the cumulative precipitation and PDD fields, we then created a
pixel-wise bias and error comparison between the PRISM data and the simulated data. We
then produce synthetic gridded fields for the analysis presented in Figs. 3 and 4 by adding the
same bias and error statistics we diagnosed in the historical WUS-D3 simulations to the 2015-
2100 WUS-D3 simulation. The synthetic error is produced by randomly sampling from a
distribution that exhibits the same bias and error statistics as the WUS-D3 historical output
relative to PRISM. Because each pixel’s future error was randomly sampled independently
from all other pixels, we then applied a spatial smoothing algorithm (Chambolle, 2004),
as implemented in Python’s skimage module (Van der Walt et al., 2014). This smoothing
algorithm captures the spatial correlation structure of WUS-D3 errors relative to PRISM.
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Figures A.2a and c show the synthetic PRISM data for temperature and PDD, respectively,
before the spatial smoothing. Figures A.2b and d show the same quantities after spatial
smoothing. The smoothing algorithm does not change the overall distribution of the absolute
quantities across the region, but rather creates a more realistic synthetic PRISM dataset with
spatial distributions that represent what an actual PRISM dataset may look like in a future
year. Due to the spatial domain of the PRISM data set, we truncated basins that cross the
US–Canada border to only include pixels within the US, as it was impossible to estimate
the bias and error needed to generate synthetic PRISM PDD and cumulative temperature
fields in Canada.

4.3.6 Data groups for peak SWE prediction

These synthetic observational datasets were then used to train a series of different distributed
SWE prediction data models. We established several dataset scenarios whereby different
combinations of observational datasets are used as predictors of peak SWE, noting that
these synthetic variables could very plausibly be used as predictors of peak SWE because
they are all currently operationally available. The five predictors dataset groups are as
follows:

1. Peak SWE at the pixel containing a snow pillow site, latitude, longitude

2. Data in (1) with added elevation, slope, and aspect

3. Data in (2) with added synthetic fractional snow-covered area (fSCA) at each pixel

4. Data in (3) with added synthetic PRISM cumulative precipitation, cumulative snowfall,
PDD, and mean seasonal temperature

5. Data in (4) with added synthetic sub-orbital lidar-based SWE at April 1± 10 days

These dataset groups were further grouped into three categories. Groups 1 and 2 (“snow
pillow”) represent a version of current practices in which topography and snow pillow data
are the main drivers of distributed SWE estimation. Groups 3 and 4 (“gridded”) represent
the addition of relevant, approximately real-time remote sensing (3) and/or reanalysis (4)
data but which only loosely constrain SWE estimates. These datasets, while not generally
currently used in most basins to support SWE estimation, are realistically available for the
entire WUS without any local expenditures or targeted measurement campaigns. Further-
more, a recent study (Mital et al., 2022b) showed that these datasets (scenarios 3 and 4) are
drivers that tightly constrain the physical processes governing snow accumulation and melt
in the Upper Colorado River Basin. We accumulated these variables from October 1 (i.e.,
the start of the water year) through April 1 (of the same water year). Lastly, dataset group
5 (“intensive”) represents a heavily observed basin with significant targeted measurements.
These measurements tend to be in highly researched basins with funding available to pay for
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extensive campaigns (Varadharajan et al., 2019). For example, the Tuolumne River Basin in
California and the East River Watershed in Colorado had near-April 1 ASO measurements
in 2023 and thus have highly constrained SWE estimates (Fleming et al., 2021).

4.3.7 Models for peak SWE prediction

We established the following space of data models to explore the impact of increasing model
complexity for predicting spatially distributed SWE:

1. Linear regression

2. Random forest

3. U-Net

Linear regression methods represent the simplest data model and seek to predict snowpack
as a linear function of a set of input variables that are connected to and predictive of the
processes that control peak SWE in a given area. Random Forest methods (Breiman, 2001)
add a layer of complexity to model predictions by enabling a non-linear mapping between
input(s) and peak SWE. They consist of an ensemble of regression trees, which seek to
minimize the model loss by recursively partitioning the input into smaller subspaces. Each
regression tree picks a random subset of data points and a random subset of input features for
training. The final model output is obtained by taking an average (or ensemble) prediction of
all the regression trees. We implemented random forests using Python’s scikit-learn module
(Pedregosa et al., 2011) and used the hyperparameter values recommended by the developers
of this method (https://CRAN.R-project.org/package=randomForest). We used 500 trees,
considered p/3 features when looking for the best node split (where p is the number of input
features), and specified a node size of 5. Random forests have been shown to work well with
these hyperparameter values for predicting snowpack (Mital et al., 2022b).

Finally, we also considered U-Nets (Ronneberger et al., 2015), which adds another layer of
complexity to model predictions by imposing spatial constraints on the non-linear mapping
between snowpack and input. Spatial constraints imply that pixels that are close to each
other will be more correlated than pixels that are further away from each other. U-Nets
achieve this by virtue of being fully convolutional neural networks. They also use an encoder-
decoder architecture to ensure that only the most relevant information is considered while
learning a functional mapping. U-Nets also implement skip connections between the encoding
and decoding paths to ensure that there is no information loss during the encoding-decoding
process. This results in the model learning a precise mapping between its inputs and its
outputs. We implemented U-Nets using the tensorflow module in python (Abadi et al.,
2015). We used an architecture similar to the original architecture with modifications as
shown in Figure A.4. Since the input for a given year was a single 2-d image (with multiple
channels corresponding to the number of input features), we used a bounding box around
each HUC6 basin. The encoder (left side) consisted of a repeated application of two 3x3
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convolutions (each padded with zeros and followed by a rectified linear unit) and a 2x2 max
pooling operation to contract the input. Each downsampling step involved doubling the
number of feature channels. We did three contractive iterations, which meant the bounding
box for each basin needed to be expanded such that its dimensions were a multiple of 8.
Additional contractions were not considered due to computational expense. The decoder
(right side) consisted of a 3x3 transposed convolution that upsampled the inputs by a factor of
2 and halved the number of feature channels. This was concatenated (via a skip connection)
with the corresponding hidden layer from the encoder path and then subjected to two 3x3
convolutions (as described for the encoder path). The above steps were repeated until the
original height and width of the input were recovered. Following this approach, the output
was obtained by subjecting the decoder output to a 1x1 convolution. The first encoder layer
consisted of 64 channels, which resulted in a U-Net model with ∼8.6 million parameters. We
then clipped the output to the actual basin boundaries.

Other machine learning models have been successfully implemented for distributed SWE
prediction (Cui et al., 2023; Mital et al., 2022a); the choice of U-Nets for this work is moti-
vated by the portability and 2-D nature of U-Nets, in addition to their relatively straightfor-
ward implementation. All the models were trained on the Perlmutter supercomputer CPU
provided by the National Energy Research Scientific Computing Center (NERSC). For the
entire study area, the linear regression models took about 20 min to train on a single core.
The random forests models took 90 min to train using 128 cores. The U-Net models took
12 h to train using 2048 cores.

4.4 Results

4.4.1 Snow and snow pillow sensitivity to climate change

The ability of the snow pillow networks to represent unobserved snowpack will be increasingly
impacted by changing snow, precipitation, and temperature. Figure 4.2 shows how those
impacts are expected to manifest.

Figure 4.2a indicates the expected year at which the 918 snow pillow stations in the
WUS (excluding Alaska) will exhibit substantial degradation in peak SWE sensitivity. The
metric of degradation is when the peak SWE at that station is ¡10% of its 1980–2015 average
for more than 5 of the previous 10 years, which is based on an existing percentile-based
low-to-no-snow definition (Siirila-Woodburn et al., 2021) but better-suited to locations with
low interannual variability within the baseline period. Figure 4.2b shows that the lower
elevations (below 2000 masl) will become increasingly snow-free by mid-century, while the
higher elevations will become snow-free later in the century. Figure 4.2c–h shows the rising
snowline elevation at several basins across the West in three decades: 1980–90, 2050–60, and
2090–2100.

Finally, Fig. 2h–l highlights the long-term decline in snow pattern repeatability (shown
in black and quantified with average R2 between current-year normalized SWE and the
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Figure 4.2: a) The year at which half of snow pillow peak SWE values are expected to
be ¡10% of their historical average. b) The same metric as a but plotted as a function of
elevation and latitude. The distribution of snow pillow stations (gray bars) and land (brown
dashed line) with respect to elevation opposite the elevation distribution of peak SWE for
1980–1990 (blue), 2050–2060 (green), and 2090–2100 (pink), for the c) Pacific Northwest, d)
California, e) Great Basin, f) Missouri, and g) Upper Colorado basins. h–l) SWE pattern
repeatability for basins in c–g for each individual GCM (blue lines, mean in black).
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previous 20 years of the same, see the “Methods” section for details) from 2000 to 2100,
punctuated by years with far less pattern repeatability than the historical average. Across
the ensemble of simulations, future years are predicted to contain different within-basin snow
patterns relative to the recent past; in other words, the interannual variability in spatial
SWE patterns is predicted to increase. Furthermore, Fig. 2h–l shows that the high level of
peak SWE interannual pattern repeatability (Sturm & Wagner, 2010) found in the historical
record (Fang et al., 2023; Pflug & Lundquist, 2020) is expected to decline, but at different
rates in each region.

4.4.2 Climate-resilient peak snow estimation

We conduct experiments to determine the forcing data and model structures that will main-
tain SWE estimation skills in future climates. These experiments entail establishing a range
of input data sets and statistical models for distributed SWE estimation and applying them
to the WUS-D3. We evaluate the relative impact of snow pillow observations, ancillary
datasets, and comprehensive snow survey observations (e.g., ref. (Painter et al., 2016)) on
peak SWE estimation skills as used as inputs to linear regression, random forest, and U-Net
convolutional neural network models.

We simulate three levels of forcing data from observations that can be used to estimate
peak SWE across a basin: (1) snow pillow peak SWE observations alone, (2) snow pillow
peak SWE observations augmented with gridded meteorology and (3), (1) and (2) along
with intensive, gridded observational estimates of SWE (such as with remotely-sensed, high-
resolution lidar data (Painter et al., 2016)). These inputs are simulated in historical and
future years by extracting the relevant fields from the WUS-D3 dataset corresponding to
those observational levels, creating observational drivers, and adding synthetic error to those
drivers (see the “Methods” section).

We estimate pixel-wise peak SWE with three data modeling procedures in order of in-
creasing complexity: (1) linear regression, (2) random forests (Breiman, 2001), and (3)
U-Nets (Ronneberger et al., 2015). Traditionally, operational SWE and runoff forecasting
in snow-dominated watersheds has relied on the first of these procedures: empirical devel-
opment of linear relationships between snow measured at local (i.e., in the same watershed)
snow pillow stations and distributed SWE (Zuzel & Cox, 1978). We, therefore, use lin-
ear regression to replicate the assumptions of status quo approaches. The implementation
of random forests then allows for explicit non-linear relationships between input data and
distributed peak SWE. Lastly, U-Nets preserve spatial correlations within the outputs in
addition to capturing nonlinearity.

In reality, we expect neither observational information nor data models to be static as
snow volumes and patterns change. Therefore, we trained all models on the previous 20
years of data (see the “Methods” section) to reflect current water management and drought
definition practices (Garen, 1992; Pagano et al., 2009). Figures 3 and 4 show the coefficient
of determination (R2) between the WUS-D3 peak SWE value and the modeled estimate of
that value for each experimental configuration (i.e., forcing data and model choice).
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Figure 4.3: Time-averaged (1980–2100) basin-wide coefficient of determination (R2) between
WUS-D3 peak SWE and the peak SWE predicted from each experimental configuration for
each snowy HUC6 basin in the Western United States. Row indicates estimation model as
linear regression (a–c), random forest (d–h), or U-Net (g–i); columns indicate input data as
snow pillow (a, d, g), +gridded (b, e, h), or +intensive (c, f, i). Color indicates R2 value.
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Figure 4.3 shows that more observational information and/or higher data model complex-
ity yields higher R2 values. Consequently, the inclusion of more observations (e.g., gridded
meteorology and intensive monitoring) and higher complexity models (e.g., random forest
or U-Net) enables more accurate estimates of the spatial patterns of peak SWE throughout
the 21st century. This figure also shows that while it will be challenging to estimate peak
SWE in some catchments with low and/or intermittent snow cover (e.g., the Lower Colorado
River Basin and Nevada), estimates of peak SWE can greatly benefit from additional ob-
servations and higher-complexity data models. These additional observations and complex
models are able to inject information about new spatial relationships between measured and
non-measured locations and the response of old spatial relationships to a new climate.

Figure 4.4 further explores the importance of observations and model complexity for
peak SWE prediction across the WUS, highlighting that all predictions decrease in skill into
the future as year-to-year variability in snow increases. However, the skill of the U-Net is
far greater than the skill of linear regression when forced with snow pillow SWE alone or
with gridded meteorology (Fig. 4.4b–d). The accordion plots in Fig. 4.4a show high skill
in predictions that use a U-Net or at least gridded meteorology. The U-Net and gridded
meteorology both explicitly include two-dimensional spatial patterns, while the snow pillow
locations, random forest, and linear regression do not. With gridded meteorology, the added
value from higher complexity models is smaller than with linear regression but still present.
Intensive observations make complex modeling unnecessary or even counterproductive. Fig-
ure 4.4b–d shows time sequences of R2 for each data-model combination, indicating that the
U-Net consistently achieves higher skill. Even in future water years, the U-Net model retains
R2 generally above 0.75.

Figure 4.4e–g shows performance increases from implementing U-Nets in place of linear
regression. The lower performance in the historical year (yellow) compared to the end-of-
century year (blue) is consistent across forcing data categories, but the decline is lower for
U-Nets (y-axis) than for linear regression (x-axis). The salient features of the random forest
and U-Net are their ability to model nonlinear relationships and that the U-Net explicitly
encodes spatial correlations while linear regression and random-forest models are point-
specific. These findings suggest that encoding spatial correlations will become increasingly
important for peak SWE estimation. While historical performance has less inter-model and
inter-basin variance, the snow pillow and gridded cases show consistent improvements from
U-Net implementation. Because each model is trained on the previous 20 years of data, the
decline in performance toward the end of the century in all data and model cases indicates
that snow distributions are changing faster than the spatial models can adapt.

4.5 Discussion

The ability of observational networks such as SNOTEL to inform estimates of distributed
SWE fields in future climates is likely to decrease. As the climate warms, the snow line
elevation will rise while some colder regions will receive increased snowfall, resulting in novel
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spatial distributions of snow. There are substantial water resource management implications
to this reduced capability (Georgakakos et al., 1998): retaining or releasing water in ways
that do not reflect the true volume of snowpack can lead to misallocation. To that end,
intraseasonal management choices rely on awareness of peak SWE and its spatial distribution
(Barnhart et al., 2016; McCabe et al., 2017; Musselman et al., 2018). A warming climate will
also shift the within-season temporal distribution of SWE; the methods evaluated here could
be applied at any time during the snow season in order to optimally inform management.

We find that the challenges that existing WUS SWE estimation capabilities will face
in the 21st century can be partially offset by expanding the observations used to estimate
SWE, even if they only loosely constrain SWE, or by adopting data-driven, spatially aware
statistical models. In this framework, each year’s predictions depend on patterns learned
from the previous 20 years. Declining predictive skill near end-of-century therefore reflects
an acceleration of change. Even in a year with a new extreme climate, any observation in the
current year can lend insight to the potentially novel pattern. However, sparse observations
(e.g., snow pillows) will require nimble, 2D methods (e.g., U-Net), while dense observations
(e.g., gridded meteorology) can make do with more straightforward relationships between
observation and output.

We provide baseline quantification of the performance gains possible from each effort.
Implementing U-Nets in the snow pillow-only data scenario improves skill more than adding
gridded meteorological data to a linear regression model but less than adding intensive SWE
observations. However, the U-Net models implemented here approach the performance of
intensive airborne SWE measurements even using just snow pillow station measurements;
adding gridded meteorological data slightly improves mean performance and decreases inter-
basin variance. Implementing U-Nets in the intensive case decreases performance, likely due
to overfitting.

It is important to recognize the ecological and management challenges that future extreme
low water years (e.g., shown in Fig. 4e–g) will create. The importance of accurate estimation
for management will be acutely greater than it has been in the past. The data-driven models
and multiple modalities of datasets for SWE prediction can be quickly developed, tested,
and deployed using mature software workflows. In the middle of winter in ahistorical years,
rapid SWE prediction system implementation may be warranted or required. Although not
explored here, we also hypothesize that similar methods could be used for intra-seasonal
temporal (rather than spatial) predictions, further increasing the utility of intensive mea-
surement campaigns.

The snow-targeting remote sensing of the future will also contribute to the solution of this
problem. Achieving climate change-resilient snowpack estimation should incorporate better
and more widespread observations (de Boer et al., 2023; Feldman et al., 2023) and update
data-driven statistical modeling (Fleming et al., 2021). Importantly, most remote sensing re-
lies on in situ measurements for calibration and validation. Water management is inherently
local, and as such catchment-specific methods combining remote sensing, observations, and
physics-based modeling (e.g., Hedrick et al., 2018) will continue to provide valuable insights.
The methods developed here, however, leverage only existing measurements and, therefore,
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can be broadly and immediately applied.
Lastly, the finding that more complex models are needed to maintain SWE prediction

skills does not necessarily equate to a requirement to use an artificial intelligence (AI)
method, such as U-Net. Conventional approaches, including observation-based reanalysis
estimates, are no less relevant to peak SWE estimation than AI. Indeed, they are driven by
the same observational information that would drive AI models and contain parameterized
representations of causally related atmospheric and surface processes. At the same time,
the community of AI practitioners is both large and nimble. In other words, AI models
can be rapidly developed to emulate atmospheric and surface processes while also managing
multiple observational modalities (Schneider et al., 2023). While the results of this work
are not necessarily prescriptive for requiring the use of AI for WUS peak SWE estimation
in the future, they are prescriptive for implementing nimble, multi-modal predictors of dis-
tributed SWE. AI algorithms, with their current capabilities, represent one such solution
that can provide timely SWE information for water resource managers, scientists, and the
large populations that rely on snowpack.

Figure 4.3 shows that more observational information and/or higher data model complex-
ity yields higher R2 values. Consequently, the inclusion of more observations (e.g., gridded
meteorology and intensive monitoring) and higher complexity models (e.g., random forest
or U-Net) enables more accurate estimates of the spatial patterns of peak SWE throughout
the 21st century. This figure also shows that while it will be challenging to estimate peak
SWE in some catchments with low and/or intermittent snow cover (e.g., the Lower Colorado
River Basin and Nevada), estimates of peak SWE can greatly benefit from additional ob-
servations and higher-complexity data models. These additional observations and complex
models are able to inject information about new spatial relationships between measured and
non-measured locations and the response of old spatial relationships to a new climate.

Figure 4.4 further explores the importance of observations and model complexity for
peak SWE prediction across the WUS, highlighting that all predictions decrease in skill into
the future as year-to-year variability in snow increases. However, the skill of the U-Net is
far greater than the skill of linear regression when forced with snow pillow SWE alone or
with gridded meteorology (Fig. 4.4b–d). The accordion plots in Fig. 4.4a show high skill
in predictions that use a U-Net or at least gridded meteorology. The U-Net and gridded
meteorology both explicitly include two-dimensional spatial patterns, while the snow pillow
locations, random forest, and linear regression do not. With gridded meteorology, the added
value from higher complexity models is smaller than with linear regression but still present.
Intensive observations make complex modeling unnecessary or even counterproductive. Fig-
ure 4.4b–d shows time sequences of R2 for each data-model combination, indicating that
the U-Net consistently achieves higher skill. Even in future water years, the U-Net model
retains R2 generally above 0.75.

Figure 4.4e–g shows performance increases from implementing U-Nets in place of linear
regression. The lower performance in the historical year (yellow) compared to the end-of-
century year (blue) is consistent across forcing data categories, but the decline is lower for
U-Nets (y-axis) than for linear regression (x-axis). The salient features of the random forest
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Figure 4.4: a) Average pixel-wise coefficient of determination (R2) between predicted and
WUS-D3 peak SWE for each input data level and estimation model combination tested:
linear regression (solid), random forest (dashed), and U-Net (dotted); forcing data from
snow pillow locations (orange), +gridded (pink), +intensive (blue); dots indicate medians,
lines indicate interquartile range. b–d) Quantities in (a) as they change over time. e–g) The
distribution of R2 values for the linear regression (x-axis) and U-Net (y-axis) in time, from
2001 (blue) to 2096 (yellow), for each data forcing category.

and U-Net are their ability to model nonlinear relationships and that the U-Net explicitly
encodes spatial correlations while linear regression and random-forest models are point-
specific. These findings suggest that encoding spatial correlations will become increasingly
important for peak SWE estimation. While historical performance has less inter-model and
inter-basin variance, the snow pillow and gridded cases show consistent improvements from
U-Net implementation. Because each model is trained on the previous 20 years of data, the
decline in performance toward the end of the century in all data and model cases indicates
that snow distributions are changing faster than the spatial models can adapt.

4.6 Data availability

All data used in this project are freely available and accessible to the public. The data used
in this work come from the SNOTEL network (https://www.nrcs.usda.gov/wps/portal/wcc/
home/quicklinks/imap), the CCSS snow pillow network (https://cdec.water.ca.gov/snow/)
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the Airborne Snow Observatories (https://data.airbornesnowobservatories.com/), the Sur-
face Atmosphere Integrated Laboratory (https://adc.arm.gov/discovery/#/results/site code::
guc) and the PRISM project (https://www.prism.oregonstate.edu/). The ensemble of dy-
namically downscaled GCM outputs are detailed in Rahimi et al. (2023) and available, with
overview documentation, here: https://registry.opendata.aws/wrf-cmip6/. Data products
created in this project are archived at https://zenodo.org/uploads/10269717.

4.7 Code availability

The code used to generate the findings and figures in this project is available in its archived
form at https://doi.org/10.5281/zenodo.11111276 and maintained at https://github.com/
mariannecowherd/resilient-snowpack-estimation/.
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Chapter 5

Vegetation and topographic controls
on post-fire snowpack: Evidence from
the 2021 Caldor Fire

1

“The current American landscape represents the historical legacy of one worldview super-
imposed on another, the colonial overlaying the indigenous. Nowhere is this history more
apparent than in the attitudes toward fire, attitudes made manifest on the landscape.” –
Robin Wall Kimmerer and Frank Kanawha Lake, Journal of Forestry, 2001

5.1 Abstract

The increase in wildland fires in recent decades due to long-term fire suppression policies
and increasingly favorable climate factors has also increased the elevation range of wildland
fires. In the mountainous western United States, this has led to an increasing influence of
fire on landscape-level vegetation patterns in snow-dominated ecosystems. The resulting hy-
drological implications of these fire-driven changes in vegetation patterns are being studied.
In forests, fires consume surface fuels and understory vegetation, reduce tree canopy cover,
darken tree boles, and deposit ash. The combination of these impacts alters the amount
and timing of snow accumulation and persistence in an area compared to pre-fire conditions.
In this study, we use field measurements, remote sensing, and modeling of snow and fire
conditions within the footprint of the Caldor Fire, a large wildland fire in the central Sierra
Nevada, California, that burned in 2021. Our goal is to describe and explain the variability
in snow accumulation and persistence and to compare these findings to the long-term mea-
surement history at snow course stations within and near the wildfire footprint. We show
that north-facing slopes at mid- to high elevation saw snowpack accumulation benefit from
fire, especially in areas burned at low and moderate severity. Other elevations, aspects, and

1This chapter was submitted for publication in 2025 as Cowherd, M., Schwartz, A., Marks, J., Collins,
B., Kim, L., Brandt, G., Stephens, S., and Girotto, M. and is reproduced here with permission of the authors.
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fire severity classes experienced decreases in snowpack. Compared to established snow mea-
surement sites, this response to fire led to deviations in the behavior of snowpack throughout
the burned area. This work shows how the locations of established monitoring sites differ
from the surrounding basin in their response to a major disturbance and can inform the
interpretation of snow measurements in post-fire landscapes.

5.2 Introduction

The location and volume of snow are a desirable mapped quantity due to their direct rela-
tionship with ecosystem function and water resources (Molotch & Bales, 2005). Snowpack
distribution has implications for melt timing, speed, and volume and resulting hazard and
management implications. The difficulties in obtaining accurate distributed direct mea-
surements require a system of point measurements through established snow measurement
stations in a network, which are then used in a series of empirical models to predict dis-
tributed values (Dozier et al., 2016). Remotely sensed measurements are sometimes used
in conjunction with network measurements, but are limited by their general inability to
measure snow density, volume, or depth; coarse temporal and/or spatial resolution; discon-
tinuous spatial domain; and/or cost (Bormann et al., 2018). Snow pillows, of which there are
more than 1000 in the western US, provide daily snow water equivalent (SWE), depth, and
meteorological measurements (Serreze et al., 1999). State agencies, including the California
Department of Water Resources, operate additional measurement stations, including daily-
to-monthly SWE and snow depth measurements (Natural Resources Conservation Center,
2008).

Forests are an integral component of mountain hydrological systems due to the myriad
of interactions between vegetation and water in all phases. Forest-snow interactions affect
snowpack storage and melt timing in large areas of the seasonal snow zone (Lundquist et al.,
2013; Roturier & Roué, 2009; Varhola et al., 2010). These interactions are complex, mul-
tidirectional, and dynamic. Intense forest and/or snow disturbances, such as snow drought
(Harpold et al., 2017), snow deluge (Marshall et al., 2024), and wildland fire (Kampf et al.,
2022) are opportunities to study the underlying mechanisms of the forest-snow relationship
as well as threats to human activity and management. The multidimensional nature of the
role of vegetation in hydrology means that similar vegetation disturbance scenarios can in-
duce opposite responses in snow distribution, volume, and melt timing (Lundquist et al.,
2013; Stevens, 2017; Teich et al., 2022). In the 20th and 21st centuries in the western United
States, the dominant mechanisms for wide-scale (i.e., >10,000 ha) forest structure modifi-
cation are commercial timber operations and wildland fire (Hessburg & Agee, 2003; North
et al., 2012).

In the western United States, forest management and climate change are increasingly af-
fecting snow accumulation and melt. Historical frequent-fire forests are considerably denser
today than at any point in history due to widespread fire suppression (Knight et al., 2022;
Stephens et al., 2015). Snow that persists until spring melt is depleted by vegetation before
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entering streamflow (Molotch et al., 2009). High forest canopy cover can intercept meaning-
ful amounts of incoming snowfall, leaving snow more susceptible to midwinter sublimation
(Pomeroy et al., 2002). However, snow that passes through the canopy benefits from addi-
tional shade during the spring, delaying melt and preventing sublimation from the surface
(Koivusalo & Kokkonen, 2002). Warming temperatures also increase the vapor pressure
deficit, in turn increasing winter sublimation, driving higher vegetation water demand, and
higher surface and soil water evaporation (Sexstone et al., 2018). Physical modeling of snow-
forest interactions can quantify the effects of forest characteristics on snowpack from the tree
to the catchment scale (Broxton et al., 2015; Webster et al., 2016), but do not necessarily
represent the response of a region to a major disturbance to soil, vegetation, and albedo,
such as from wildland fire.

Fire suppression and climate change together have contributed to increases in the fre-
quency, severity, size, and elevation range of wildland fires (Gergel et al., 2017). When
these fires burn snow-fed watersheds, the impacts of the fire stretch from the treetops to the
root zone. Wildland fires that occur in the seasonal snow zone almost exclusively burn in
the summer and fall and then affect snowpack in the following winter and spring seasons,
with declining impact over the years proportional to the post-fire recovery and/or landscape
transition of the forested area (Gleason et al., 2019; Goss et al., 2020). Fires impact snow
hydrology by reducing vegetation (Boisramé et al., 2017; Moeser et al., 2020) and depositing
black carbon on the snow surface throughout the winter (Gleason et al., 2013). Further
impacts on the fate of snowmelt, such as increasing soil hydrophobicity and worsening water
quality co-occur, but do not necessarily change the amount, distribution, or timing of snow
melt (Koshkin et al., 2022; Paul et al., 2022).

Case studies of post-fire snow and broader hydrologic impacts have been conducted in
forests throughout the Western United States. Boisramé et al. (2018) and Boisramé et al.
(2019) found an increase in snow and soil moisture retention in newly created wetlands after
decades of restored lightning fire in a high-elevation watershed. The shorter-term effects
of fire include increased accumulation in high severity burn patches (Collins & Stephens,
2010; Kampf et al., 2022) and albedo losses from deposition of ash and other black and
brown carbon particles into and on top of snow (Gleason et al., 2013). However, the relative
magnitude of these mechanisms and how they vary with topography, climate, spatial scales,
and other conditions, are not fully understood (e.g. Maxwell et al., 2019; Stevens, 2017).

Covariance between drivers of energy and mass balance terms contributes to this entan-
glement. Stevens (2017) analyzed fine scale snow survey data from three Sierra Nevada and
south Cascades fires in the 2013-14 winter; in these fire footprints, snowpack outcomes de-
pended on the spatial scale over which they are assessed. Fire generally decreased basin-wide
snow depth, but open areas tend to have higher snow depth than under-tree areas, even in
burned areas. This dependence is further influenced by the region’s temperature. Efforts
to isolate the effects of individual components of fire impacts on snowpack, such as black
carbon deposition, reveal that burned regions see a decrease in peak snow from black carbon
deposition and the resulting increased radiative forcing (Gleason et al., 2019).

In the context of increasing frequency, severity, and size of wildland fires, fire is a major



CHAPTER 5. POST-FIRE SNOWPACK IN THE CALDOR FIRE AREA 67

source of uncertainty as to how forests are and will modulate snow accumulation and abla-
tion in current and future climate and fire scenarios (Attiwill & Binkley, 2013; Boon, 2012;
Rakhmatulina et al., 2021). The diverse documented effects of wildland fire on vegetation
patterns, and subsequently on snow, necessarily interact with established systems for mea-
suring and predicting snow distribution during the winter season. In this work, we use the
2021 Caldor Fire, which burned nearly 90,000 hectares in the central Sierra Nevada, Califor-
nia, to empirically explore the changes in snowpack spatial distribution after wildland fire.
We draw on a suite of data products from field observations, airborne and satellite remote
sensing, and established snow monitoring sites to evaluate the snow management landscape
following a major disturbance.

5.3 Data and Methods

5.3.1 Study Site

The Caldor Fire ignited on 14 August, 2021 and burned 89760 hectares in El Dorado,
Amador, and Alpine Counties in California, United States. Before its containment on 21
October of the same year, it breached the Echo Pass ridge from west to east and triggered
evacuations of communities in the South Lake Tahoe area. At the time, it was the 15th-
largest fire in California; the cause of the Caldor Fire has not been definitively determined
at present.

In addition to being a megafire (>40,000 hectares burned), the Caldor Fire included large
high-severity patches and a relatively large total area of high severity burn, in part due to
high fuel loads in the region. Few recent fires within the burned area had occurred, except
for the 2019 Caples Fire (∼1400 ha) around which the Caldor Fire burned, resulting in
ample dry fuel throughout the region. The Caldor Fire burned in the South Fork American,
Mokelumne, Upper Cosumnes and Lake Tahoe basins; in this study, we only consider the
Caldor’s effects on the South Fork American basin. This region is the largest total area
burned as well as the largest snow-covered area burned. Approximately 73% of the Caldor
Fire scar regularly (> 75% of years from 2000-2020) receives winter snowfall, including
∼100% of the burned area inside the South Fork American River Basin. The South Fork
American is one of the headwaters of the American River system and is used as a municipal
water supply for Sacramento and is a source of irrigation for the California Central Valley.
All mentions of the study domain within the Caldor Fire hereafter refer to the South Fork
American River basin subset of the total burned area.

5.3.2 Snow course and pillow data

Six snow course or automated snow depth sensor sites managed by the California Department
of Water Resources (CADWR) within the burned area were selected for this study (Table 5.1,
Figure 5.1 pink stars). At the snow course sites, manual measurements of snow depth and
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mass are conducted by cooperators in the first week of each winter month (i.e., starting in
January) with meaningful snow. At the Caples Lake snow course, an automated sensor and
snow pillow records snow depth and SWE; at the Alpha snow course, a snow pillow records
SWE. All of the snow courses in this region have data records extending to the 1960s, with
most beginning between 1939 and 1941. All data were retrieved from the California Data
Exchange Center (CDEC, https://cdec.water.ca.gov/) portal for the California Cooperative
Snow Survey (CCSS) on November 11, 2024.

Table 5.1: Snow course or sensor name and information. Year indicates the year in which
the snow course or sensor first published data; all sites are maintained to present day but
may have missing data. ∗sites with daily automated snow depth, + sites with automated
snow water equivalent, where there is also a snow pillow or other sensor installed at the same
location as the snow course. Elevations reflect approximations made in public reporting.

Name Acronym Latitude Longitude Elevation [m] Year
Lake Audrain ABN 38.81983 -120.0393 2225 1941
Philipps PHL 38.81800 -120.02700 2070 1941
Caples Lake∗,+ CAP 38.71079 -120.04158 2400 1939
Tamarack Flat TMF 38.80300 -120.10300 2000 1939
Alpha+ ALP 38.80414 -120.21564 2310 1965
Echo Summit ECS 38.82852 -120.03898 2300 1940
Forni Rige∗,+ FRN 38.80397 -120.215919 2316 1980

5.3.3 Remotely sensed snow, fire, and forest data

In this work, we use airborne and satellite-based remote sensing data to retrieve snow and
forest-related quantities. We use fractional snow-covered area (fSCA) products from the
Moderate Resolution Imaging Spectrometer (MODIS) instrument (MOD10A1) from 2000-
present at daily temporal resolution and 500-m spatial resolution (https://nsidc.org/data/
mod10a1/versions/61). Quality control flags within the MOD10A1 product were used to
filter low-quality images from the collection. Pixel-wise masks for cloud cover were removed
from remaining high-quality images. The resulting quality controlled MOD10A1 product
reports, for each pixel in the image, a value between 0 and 100 representing the fraction of
that pixel that is likely covered with snow (Hall & Riggs, 2021).

Airborne Snow Observatories (ASO, Painter et al., 2016) flights over the Caldor Fire
burn area occurred after the Caldor fire, on January 31, April 13, April 28, and June 2,
2023 for the 2022-23 winter. The resulting lidar-derived snow depth maps at 3- and 50-m
resolution provide the most spatially complete snow depth estimates over the region. We use
50-m resolution snow depth products in this study for comparisons of snow depths between
burn severity categories. Higher-resolution snow depth products would not necessarily result
in greater insight when analyzed at the scale of a natively coarser burn severity map. Figure
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5.2a shows average 2000-2020 winter snow cover fraction from MODIS NDSI snow cover
fraction from the SnowMetrics Snow Cover Fraction product (Crumley et al., 2020).

We use burn severity data, expressed as Relativized differenced Normalized Burn Ratio
(RdNBR), from the 30-m resolution Monitoring Trends in Burn Severity (MTBS, https:
//mtbs.gov) for the Caldor Fire. The RdNBR is calculated from the normalized burn ratio
(NBR), where NBR = NIR−SWIR

NIR+SWIR
; NIR = near infrared, SWIR = shortwave infrared, for pre-

and post-fire satellite images: dNBR = NBRpost − NBRpre. The difference of the two is
normalized by the square root of the pre-fire scene: RdNBR = dNBR√

|NBRpre|/1000
to accurately

capture the impact of the fire, independent of pre-fire conditions (Miller & Thode, 2007).
For the Caldor Fire, the pre-fire conditions were captured on 5 August 2021 and post-fire
conditions on July 23, 2022. Figure 5.2b shows MTBS RdNBR classifications into areas of
unburned, low-severity, moderate-severity, and high-severity fire, using cutoffs from Miller
and Thode (2007).

We use 30-m resolution canopy cover from LANDFIRE Existing Vegetation Cover and
Forest Canopy Cover (LFCC) from 2020 and 2022 (LANDFIRE, 2022; Nelson et al., 2013)
to represent pre- and post-fire canopy conditions, respectively. Forest cover patch size is
calculated from LFCC 2022 (post-fire) by grouping contiguous grid cells of canopy cover
reported in bins of 10 percentiles. Canopy cover change is correlated to burn severity, as
the high burn severity class is constructed to reflect stand-replacing fire. Post-fire snow,
however, is sensitive to absolute canopy cover and black carbon deposition. Therefore, we
used canopy cover to compute patch size of canopy cover classes after the fire in a way that
reflects only forest structure, not other processes associated with the reason for lack of canopy
cover in a particular location. Patches identified in this mapping approximately correspond
to contiguous burn severity pixels, but can also be caused by other mechanisms, such as
pre-fire commercial timber activity. We assessed pre-fire forest structure modifications using
the Forest Service Activity Tracking System (FACTS, https://data.fs.usda.gov/geodata/
edw/datasets.php) from 1995 to 2024. In the study region, approximately 40% of the total
area was affected by some type of forest treatment between 1995 and 2021 (Figure S1).
However, more than half of this activity took place more than ten years before the fire and
the remaining recent treatments are primarily thinning (commercial thin: 6.17% of study
area, mechanical thin: 4.09%), pile burn-related (piling: 2.15%, pile burn: 1.93%), or yarding
(1.85%). No clear cutting or salvage logging was recorded in the study area between 2010
and 2021.

5.3.4 Field data

During the 2022-2023 winter season, we installed 26 WingScapes TimelapseCam cameras
pointed at red, 5-cm diameter PVC poles (Supplementary Figure 3). All poles and cameras
were installed between the 5 and 30 of November, 2022. The cameras are grouped into seven
geographic areas, with plots at different burn severities in each cluster. Figure 5.1 shows the
location of each site; GPS coordinates and other metadata are listed in Supplementary Table
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1. At each site, the pole was installed in the ground with a metal T-post. The wildlife camera
was installed on a tree facing the pole (Figure S2 shows a representative plot schematic).
At each site, the geometry of the pole and camera setup was measured, including the height
of the camera, the distance and direction between the pole and the camera, and the height
of the pole. Site conditions, including aspect and slope, were measured with a compass,
and to assess the forest condition at the site, all trees within 10m of the pole were counted,
categorized as small (<10 cm diameter at breast height, diameter at breast height) or large
(>10 cm diameter at breast height), and recorded as being alive, red (recently killed foliage
still on the tree), or dead (Supplementary Table 2). We took photographs in each cardinal
direction and directly upward at each site and conducted a gridded canopy cover survey.
In the canopy cover survey, a grid of 25 2.5-m squares with the snow pole at the center
was established. The cover directly over each grid point was recorded as no cover, dead
tree, red tree, or live tree. All field sites are in mixed conifer forest and all individual trees
evaluated are conifers, so all trees have the potential to be in the red phase after the tree
has sustained damage and autumn senesence-driven reddening is unlikely (Vollenweider &
Günthardt-Goerg, 2005). Half of the field sites included Onset HOBO Pendant Temp/Light
64K data loggers installed at the base of each height pole; the locations of each site and
presence of a pendant logger are indicated in Figure 5.1b. Before deployment, all pendant
loggers used in this study were cross-calibrated by being placed in a closed box indoors
for one week to establish a same-temperature, low-light variance baseline. The cross-sensor
variation was under 3% for all sensors during the baseline period.

The time-lapse cameras were programmed to take three photos per day, at 7 am, 10 am,
and 3 pm Pacific Daylight Time to ensure a good daylight photo would result from the day, if
possible given storm and changing light conditions. Photos are post-processed using manual
annotation of the visible pole and converted to real-life depths by comparing the pixel count
of the visible pole to the known height of the pole. Photos without a clearly identifiable
depth pole are removed from the record. In all camera locations, the pole shifted angle
throughout the winter due to extremely high snow loads. In some cases, the metal T-post
was found bent at the end of the winter. To correct for this shift, we also recorded the angle
of the pole within the camera frame and adjusted the snow depth calculation to account for
the geometry of the pole angle. During the winter, several in situ depth measurements taken
at some sites and lidar observations from ASO are used for validation of camera data.

The 2022-2023 winter in California, including in the South Fork American basin, was an
anomalously high snow year (Marshall et al., 2024). The exceptionally high snow depths and
water equivalent contributed to lower than expected data completeness for statewide snow
data due to difficult access and sensor overload. Full winter records were only retrievable at
four camera sites, primarily due to very high snow depths covering the cameras.

5.3.5 Snow disappearance date

The pendant logger time series data were extracted from the pendants using Onset HOBOware
Free after retrieval. Surface air temperature and light intensity data at sites with pendant
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logger are used to establish snow cover days. Both the temperature and light intensity time
series show significantly depressed rolling standard deviation when covered by snow due to
the insulation and albedo properties of snow (Figure S3); these low-variance time periods
also correspond to near-zero absolute value of both properties. The redundancy between
temperature and light intensity allows for measurement failure of one sensor and helps re-
solve disagreements or uncertainties between the photo record and a pendant logger record.
For each quantity, we estimated snow cover status (snow-on or snow-off) on a daily basis. If
the daily standard deviation is over 3 ◦C (1000 lux), the day is classified as snow-off based
on temperature (luminosity) and vice-versa. We then established the melt out day from
each quantity as the first day after February 1 where the threshold variance is met and es-
tablished for more than five days. The February 1 threshold was selected to identify Spring
snow disappearance even in cases of ephemeral snowpack at several low-elevation sites.

We calculate the discrepancy between the melt date estimated from the pendant logger
and the MODIS remotely sensed fSCA snow covered melt date within the same pixel for
the 2023 water year. This represents the difference between the snow ablation mechanisms
in the area surrounding the point and the site itself. The MODIS pixel is much larger
(i.e., 500 m grid size) than the measurement site, we calculated the relationship between
the pendant’s relative elevation within a pixel and the difference in melt-out dates observed.
This identifies the role that within-pixel elevation gradient has on melt; a pendant at a higher
elevation than the pixel mean should observe snow for longer than the total MODIS pixel.
While the size of this discrepancy depends on the threshold used to define total snow loss
in the fSCA product, there still should be a direct relationship between the threshold and
the discrepancy distribution for several pendants at different elevations. The linear best fit
between elevation difference and melt date discrepancy had a meaningful trend (R2 = 0.63, p
= 0.0003) and is therefore subtracted. We then consider the remaining discrepancy between
MODIS melt date and pendant melt date to represent the non-elevation components of melt
date variation, such as vegetation and microtopography.

5.3.6 Elevation and aspect mapping by burn severity and canopy
patch size

Elevation and aspect are meaningful drivers of snow distribution: elevation because of lapse-
driven temperature and precipitation gradients and aspect because of the amount of incoming
solar radiation that is direct. We therefore compare snow depth values for locations with
different burn severities but with shared elevation and aspect characteristics. For this anal-
ysis, we bin RdNBR burn severity into categories from Miller and Thode (2007) as shown
in Figure 5.2b. We then match burn severity categories to snow depth values at each ASO
acquisition date using π/4 radian aspect bins and 150-m elevation bins. To assess the dif-
ference across a burn severity gradient, we then difference the elevation-aspect grid from
unburned regions with the same grid for low, moderate, and high-severity burn regions. The
resulting values directly compare snow depths for similar topographic profiles, leaving the
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burn-influenced difference remaining, along with possible noise from non-burn-related forest
cover or position within broader circulation patterns.

While wildfire is a powerful mechanism for lowering vegetation density and canopy cover,
it is not the only reason that a given region may have low canopy cover. We identified canopy
gaps in the LFCC post-fire dataset as regions with 10% or lower canopy cover and grouped
touching pixels into contiguous gaps. The size of each gap does not necessarily determine
the distance of snow within that gap to the nearest canopy cover because gaps may be of
many shapes, not just circles. However, the patch shapes identified in the study site are
approximately equal on their major and minor axes, so no shape correction was taken. We
grouped ASO snow depth data by low-cover patch size and compare elevation-aspect profiles
for each acquisition date. We then group patches by their size into large and small patches;
small patches are areas of low canopy cover up to 10 hectares and large patches are areas
of low canopy over 400 hectares. Results for intermediate-size patches (10-400 hectares) are
shown in Supplementary Materials.

5.3.7 Post-fire spatial patterns of snow covered area

We define spatial pattern of snow covered area using the standardized normal variate, a
statistical formulation designed to abstract the shape of a distribution away from its mag-
nitude. In the context of snow cover, this means the relative values of snow characteristics
in any location are compared to the values at other locations in ways that are theoretically
directly comparable no matter the total snowfall for that year. Snow variables have histori-
cally shown moderately high pattern repeatability (SWE, Pflug & Lundquist, 2020). Here,
we compute the standardized normal variate distributions of monthly MODIS snow cover
(MOD10A1, composite snow cover maps) for each winter month across a domain encom-
passing the Caldor Fire burned area and surrounding regions (see Figure 5.9) from 2018 to
2024, using a standardized normal variate (SNV) to adjust between years with different total
snow cover: SNV = x−x

σ
, where x is the quantity, X is the spatial mean of the quantity on

the date of acquisition, and σ is the standard deviation of the same. This standardization
allows for direct comparison between winters with different snowfall amounts and seasonal
patterns as well as between different months both within and between winters. However,
direct comparison does not imply that observations from different periods of the winter with
respect to the climatology are necessarily expected to have the same spatial pattern. Rather,
this formulation allows us to observe where and when there are differences in the relative
spatial distribution of snow cover.

We then compare both the absolute value of the resulting SNV map between pre- and
post-fire periods to identify regions where the spatial pattern of snow cover has changed.
This indicates regions where, given the same amount of regional snowfall, more or less snow
cover is expected to occur. We also compare the correlation of the SNV between pairs of
months in pre- and post-fire landscapes. First, we compute R2 scores between paired pre-fire
scenes to establish a baseline distribution of pattern repeatability. Then, we compute the
same between each possible pair of pre- and post-fire scenes. The time frame of water years
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2018-2024 was selected to consider the same number of data points in pre-fire and post-fire
years.

5.3.8 Snow monitoring representativeness

The snow measurements listed in Table 5.1 comprise the basis for water management in
the South Fork American River basin via their use in physical hydrological models and
other estimates at the basin scale. The ability of such measurements to accurately represent
snowpack within the basin is therefore directly related to water supply prediction quality.
While the baseline representativeness is generally related to physiographic characteristics
(Molotch & Bales, 2006), non-represented physiographic classes (such as canopy cover) can
nonetheless be represented given sufficient empirical data. We first computed the canopy
cover and RdNBR over the burned sites, the snow courses, and all remaining area within
the study region. The distributions of these conditions demonstrates how the location of
snow courses relates to the regions they represent in the context of the Caldor Fire. We use
the Caples Lake sensor due to its long data record and the co-location of depth and mass
sensors. To estimate the ability of the Caples Lake snow depth sensor to represent snow
depths within the burned area on a daily basis, we identified each event of snow depth gain
or loss within the seasons, e.g., days (or consecutive days) with snowfall, compaction, or melt.
Snow depth gain is assumed to be from new snowfall (i.e., wind and gravity redistribution are
not accounted for), while snow depth loss could be from compaction, sublimation, melt, or
a combination of those processes. For each gain or loss event, we compared the normalized
change in the Caples Lake sensor to each within-fire site. The normalized change is the
percent of peak snow depth at that point for the year to account for the different snowfall
expected at different elevations and aspects.

5.4 Results

5.4.1 In situ, distributed snow depth time series

Time series of snow depths across the burned South Fork American River basin from pho-
tography in this study show a series of storms and ablation periods from deployment in
November 2022 to melt in June 2023 (Figure 5.3, solid lines). These time series show a
range in snow depth across elevations (line color), but elevation does not fully explain snow
depth variation between sites. These higher-elevation depth-pole observations also show
snow depths that could not be estimated from the depth poles due to excessive depth. The
Caples Lake depth sensor (black dashed line) and six monthly snow surveys (dots) mea-
sure similar depths early in the season but diverge starting in February and remain higher
through the end of the season. The camera time series are correlated to the Caples Lake
sensor (R2 = 0.65) throughout the year, although there is meaningful variation throughout
the season. The cameras see different timing of accumulation in December (R2 = 0.50), but
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similar responses to events in January (R2 = 0.93) and February (R2 = 0.90). The time series
diverge in March (R2 = -0.14), likely driven by one midwinter loss event from March 6-21,
2023 that does not appear in either the Caples Lake time series or the monthly snow course
measurements but does affect the camera time series. During that time period, the Caples
Lake sensor recorded a 5.1 cm snow depth gain while the four active cameras recorded an
average 30.2 cm snow depth loss. Melt in April is correlated (R2 = 0.94); there is insufficient
snow to meaningfully interpret a correlation at the camera locations after April.

Depth time series from camera plots are not necessarily representative of the basin,
but rather represent a narrow range of elevations and aspects while covering a range of burn
severity. Nevertheless, the range from camera plots exceeds the range in snow depth amounts
of CCSS measurements during accumulation. During Spring (i.e., after ∼April 2024), snow
survey measurement values are both greater and with a broader variability than the depth
pole time series. However, the range of camera records during this time is limited by the
height of camera installation – all camera sites with depths over∼2.3m could not be measured
because the camera and/or pole would be covered by snow. In this time series, depth loss
does not necessarily equate to snow mass loss as compaction without additional snowfall,
especially accelerated by ripening (snowpack warming up until the point of melting), can
cause depth loss without sublimation or melt.

End-of-season melt at each camera site is estimated in three ways: from photography, via
the pendant logger temperature at the ground, and pendant logger light intensity records.
All three methods for estimating snow disappearance date from the field measurements pro-
duced dates within one day. Hereafter we show results from the pendant logger temperature
timeseries because it is the most complete record among sites with a pendant logger sensor
as one site’s luminosity sensor malfunctioned during the winter. The elevation-normalized
melt-date discrepancy in Figure 5.4 represents the amount of early (below 0 on the y axis)
or late (above 0 on the y axis) melt compared to the MODIS pixel that cannot be directly
explained by elevation. The canopy survey number represents the amount of overhead cover
from a manual survey that accounts for overhead tree presence and quality (i.e., alive, red,
or dead), with higher numbers indicating more cover. Across the 17 plots with clear pendant
logger time series, those with more canopy cover are more likely to melt later than the overall
MODIS pixel while those with less canopy cover are more likely to melt earlier. Plots with
higher canopy survey scores also had lower fractions of dead trees in the canopy (Figure 5.4,
colors); some canopy cover increase came from increased presence of live canopy, not just a
higher number of overhead survey points containing vegetation.

5.4.2 Aspect-dependent post-fire snow impacts

Snow depth maps from four ASO acquisitions during 2023 are used to construct elevation-
aspect maps of snowpack across burn severity categories within the study region. Across
acquisition dates and burn severity categories, northeast aspects at elevations between 1900
m and 2600 m experienced higher snow depth in the burned area (Figure 5.5). High severity
burns had a greater volume increase in the areas for which snow depth difference is positive
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and a greater aspect range over which this difference is observed. The local snowpack benefit
is greatest at the 31 January acquisition (Figure 5.5a-c) and declined throughout the spring;
at the June acquisition, no benefit remained except in scattered high-elevation portion of
low-severity burn.

On 31 January, low severity burns showed a positive median snow depth difference of 0.043
m (q1=0.017, q3=0.095 m), with 28.84% of the aspect-elevation space positive. Moderate
severity burns had a similar pattern, with a positive median of 0.044 m (q1=0.021, q3=0.090
m), covering 29.43% of the elevation-aspect space. High severity burns had positive mean
of 0.075 m (q1=0.039, q3=0.115) covering 37.34% of the elevation-aspect space. Southern
aspects, in contrast, experienced lower snow depth in burned regions at all dates and burn
severity categories. The magnitude of snow depth loss and its aspect range expanded in
time; by June almost all elevations, aspects, and burn severity categories had lower snow
depth within the burn than outside of it (Figure 5.5j-l).

Median negative differences in high severity burns reached a minimum of -0.099 m (q1=-
0.1824, q3=-0.0379) in January, growing to -0.24 m (q1=-0.4166 q3= -0.0716) by late April,
while positive measurements peaked at the 13 April observation at 0.096 m (q1=0.008,
q3=0.17) and diminished to 0.001 m by June. The difference between burned and unburned
areas in the same elevation-aspect space was statistically significant (p¡0.05) only for the high
severity category and only for the 13 April (p=0.0189), 28 April (p=0.0001), and 2 June
(p=0.008) acquisitions. This temporal progression of increasingly statistically significant
negative impacts in high severity burn areas suggests that fire-induced changes to surface
energy balance and snow retention become more influential as the melt season progresses.

5.4.3 Low-canopy cover patch size

Large patches of low canopy cover (> 400 hectares) have lower snow depth than in small
patches (< 10 hectares) at elevations below 2400 m at all aspects throughout the season, from
accumulation (Figure 5.6a,c,e) to ablation (Figure 5.6g). At higher elevations, large patches
have higher snow depth than small patches. The elevation at which the advantageous patch
size transitions from small to large patches is constant at all dates observed at the 150-m
elevation bin resolution. The standard deviation of this difference (Figure 5.6b,d,f,h) is higher
where the effect size is highest. In this representation, the standard deviation represents the
spatial variance within a given elevation-aspect bin. By the June acquisition (Figure 5.6g),
the difference between small patches and large patches is small at most elevations, but is
maintained at high elevations.

It is important to note that these patch calculations include patches of low canopy cover
caused by the fire, patches that pre-dated the fire, and patches where fire removed canopy
adjacent to a pre-existing opening. Canopy cover, or lack thereof, in a burned area can
be edaphically driven or from a prior disturbance in addition to the recent fire; the burn
severity indices used here respond to vegetation quantity change through a spectral index over
a defined period and therefore capture some of the structural change due to fire. However,
these indices are also designed to track vegetation quality change (i.e., mortality), which is
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an important outcome of fire but does not necessarily result in canopy cover change. This
analysis specifically shows how the size of low-canopy cover patches relates to snow depth
distribution but does not capture the impacts of combustion itself (e.g., changes in snow or
tree bole albedo).

5.4.4 Snow course representativeness

Snow courses, the sites measured in this study, and the entire study region experienced
different impacts of the Caldor Fire. The entire study region saw a median canopy cover
drop from 45% in 2020 to 25% in 2022 (Figure 5.7a, purple bars), while the interquartile
range also grew from 20% to 45%. Over the same time period, the snow courses canopy
cover dropped from 10% to 0% and the interquartile range fell by 10% (Figure 5.7a, red
bars). The values for canopy cover are reported in units of 10 percent and cannot go below
0, so the slightly smaller interquartile range for snow survey sites post-fire is partially due
to a physical boundary in the possible values. The sites established in this study had a
median pre-fire canopy cover of 55% and median post-fire canopy cover of 0% (Figure 5.7a,
green bars). Most of this change is caused by the fire as minimal commercial harvesting took
place during this time frame and only minimal post-fire salvage logging occurred in the year
immediately following the fire. The burn severity distribution of each category in Figure 5.7b
shows that the snow survey sites cover the lower range of burn severities seen within the
study region while the camera sites cover most of the high range of burn severities. However,
the median of the distributed sites is in high-severity burn while the median snow survey
burned at low severity.

This difference in burn severity and post-fire canopy cover have the potential to result
in different post-fire snow measurements. Figure 5.8 shows the relationship between snow
depth change (post-pre) at the Caples Lake sensor, which is in a high-elevation, open area
near the 2019 Caples Fire burned area. For each gain or loss event during the winter season,
the amount of snow depth change at the Caples Lake sensor (x-axis) is compared to the
depth change over the same time period at all of the distributed camera sites (y-axis). The
Caples Lake sensor gained a lower percentage of its annual snow during snow gain events and
lost less snow during loss events than the distributed depth poles. The average distributed
sensor responded to an event with triple the percent of its annual maximum snow depth
compared to the Caples Lake sensor.

The Caples Lake automated snow monitoring station provides a local, temporally com-
plete snow depth record and can therefore be compared to depth pole measurements during
each snowfall or depth loss event. For each depth gain or loss event throughout the season,
the Caples Lake sensor and the distributed depth poles agreed on the direction of change for
more than 90% of events, but differed on magnitude. The snow courses, on the other hand,
generally tracked the Caples Lake sensor throughout the winter (Figure 5.3), although the
Tamarack and Philipps courses, which are at the lowest elevations, melt more quickly, as
expected.
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5.4.5 Snow cover spatial patterns

In addition to measuring the response of different snow measurement sites in time to different
events, we can observe the spatial patterns in snow cover distribution. Figure 5.9 shows the
difference in the SNV of snow cover from MOD10A1 monthly composites after fire (2022-
2024) to before fire (2018-2020) in the region of the Caldor Fire. The SNV calculation
normalizes for total snow cover area so the resulting comparisons show how snow cover
changes relative to snow cover elsewhere in the region. Nearby regions generally experience
the same storm events, so the resulting spatial distributions reflect different accumulation
from mechanisms such as interception, but not different storms. These distributions also
reflect different ablation, but because individual pixels are compared to themselves in the
difference map, ablation variance is theoretically independent of location-specific drivers
such as aspect and slope. The remaining differences are generally negative inside and directly
south of the burned area and mixed-to-positive elsewhere. Notably, the strongest statistically
significant pixel changes as calculated with a two-tailed Student’s t-test with a significance
criterion of p < 0.05 (indicated by stippling in the map) occur inside the burned area area.
Additional positive significant changes occur in small (< 10 hectares) patches on the eastern
slope of the Sierra Nevada, where snowfall is generally low due to rain shadow effects. The
negative changes with the burned area indicate that for each monthly composite, the snow
covered area within the burned area is significantly lower than expected from pre-fire maps,
controlling for the total amount of snow cover in the region.

5.5 Discussion

5.5.1 Within-season snow depth variability

The winter season measured in this field campaign (2022-2023) was one of the deepest
snowpacks on record for this location, both in terms of total accumulation and peak snowpack
(depth and SWE). This snow came from a series of large storms between November 2022
and April 2023. During the winter, snow depth loss in the observational record is primarily
due to compaction and some mid-season melt. In the spring, the majority of snow depth
loss is from melt.

The time series of snow depths at the distributed sites in Figure 5.3 show a range of
responses to accumulation and loss events throughout the season. Much of this variance in
response is not explained by elevation alone. For example, from February to late-April, the
site with the lowest snow depth recorded was at a higher elevation than many other active
camera sites. The highest elevation sites (Figure 5.3 dark blue lines) are excluded from the
record because their snow depths are above the maximum depth possible to record. One
loss event in early March, 2023 occurred just after a CCSS survey date and was observed in
all active time-lapse cameras, but not at the Caples Lake snow depth sensor. Events such
as these are more likely to occur during midwinter dry spells and affect burned areas more
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than unburned areas (Hatchett et al., 2023) and have the potential to create short, flashy
streamflow peaks with little warning.

Over the course of the winter, the distributed time-lapse camera records are well-correlated
to the Caples Lake snow depth sensor (Figure 5.8). The extreme high snow depths in the
year of this study limit the amount of distributed snow depth values retrievable from the field
campaign. However, some discrete events, such as the early-March melt, are not seen in the
Caples Lake sensor record. On average, the time lapse cameras responded more dramatically
to a given snow depth gain or loss event than the Caples Lake sensor, when expressed as a
proportion of the total winter snow depth. The slope of the best-fit line between the relative
Caples Lake snow depth change and the camera snow depth change is 3.01 and fits well for
both loss and gain events. However, there is scatter between different cameras.

5.5.2 Aspect and burn severity drive post-fire depth differences

Figure 5.5 shows that burned areas on the northern aspects have higher snow depths than
unburned areas or other regions in the burned area with lower severity. In low severity
patches, the negative and positive differences are small. However, the location of negative
and positive signals in elevation-aspect is similar to the locations of the same signals in
the moderate- and high-severity cases, with positive change (i.e., more snow in the burn
than outside of it) between 2000 and 2600 m a.s.l. and on northeast-aspect slopes. In the
moderate- and high-severity burned areas, those regions maintained deeper snow depths than
in the unburned region through the third ASO acquisition on April 28; by the June 2 flight,
all elevations and aspects surveyed had more snow in the unburned area.

This burn severity-based comparison is the product of black carbon-driven albedo decline
and of canopy cover loss. Snow albedo profiles from the Caldor Fire scar (Hatchett et al.,
2023) show a severity-dependent albedo depression: snow in higher severity areas had a
lower albedo at all wavelengths sampled with stronger impacts in the 0.4-0.8µm range than
at longer wavelengths. From this, other observations of post-fire snow albedo, and visual
observation during the field campaign, we expect the higher severity patches to have lower
snowpack albedo due to black carbon deposition (via dropping of dead, charred branches
and sloughing of charred bark); there is not currently evidence to suggest that the albedo
differences change with aspect or elevation.

Aspect does, however, affect incoming shortwave radiation and therefore the importance
of albedo in radiative forcing. Elevation also impacts baseline temperature and therefore
whether or not the radiative forcing from black carbon is enough to induce melt. Later in
the season (i.e., Figure 5.5 j-l) the solar zenith angle is more overhead and the average air
temperature is warmer so albedo decrease should be relatively more important than earlier in
the season. On south-facing slopes, aspect does not protect the slope from direct radiation,
so short-wavelength albedo and the lack of shading from canopy are more important even
earlier in the season. Reis et al. (2024) found aspect-dependent snow peak timing and melt
rate impacts from wildfire, with south-facing burned slopes experiencing significantly earlier
peak SWE and faster melt. Our field sites are within a small aspect range so we do not
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see this impact in an analysis of the full time series ensemble. However, the four ASO
lidar snow depth acquisitions provide a more complete view of snowpack distribution across
physiographic and burn severity categories.

The severity-dependent magnitude of differences is likely due to both the lower black
carbon deposition in areas with less-severe burn as well as the lower likelihood of open
canopy in the low-severity regions. This severity-based differentiation alone, however, does
not perfectly capture the impacts of canopy cover as low canopy cover can result from a
several mechanisms, including those that predate the fire (e.g., unfavorable soil conditions,
steep slopes, logging) or those that follow (e.g., salvage logging, windfall).

5.5.3 Canopy gaps protect snow depth at different sizes

Low canopy cover – be it from fire or another source – acts differently on snowpack at
different spatial scales (Stevens, 2017). Figure 5.6 isolates the effects of low-canopy cover
patch size. For larger patch sizes, the snow inside the patch experiences loss of shade and
increased surface wind speed, especially farther from the edge of the low-cover patch (Varhola
et al., 2010). In smaller patches, snow is more likely to experience consistent shading, but also
potentially warmed by longwave radiation from nearby trees. There also may be some effects
of interception and canopy drip as more of the patch is close to vegetation than in a larger
patch (Stevens, 2017). We show that at lower snowy elevations, smaller low canopy cover
patches have deeper snowpacks than larger patches at the same elevation and aspect. This
effect is more pronounced in the April and June acquisitions than in the January acquisition,
indicating that some of this difference comes from ablation, not just accumulation effects.
This analysis shows highly local variation in the impacts of forest cover on snow distribution.
Lundquist et al. (2013) use a global analysis to show that colder sites benefit from open forest
while warmer sites see decreased in snow retention; interpreting the elevation gradient seen
here as a temperature gradient implies a theoretical alignment here, with higher-elevation
(colder) areas benefiting from larger canopy gaps.

In this work, we only look at patches that exist after the fire (i.e., from the 2022 LFCC
product) and are inside of the fire perimeter. The time scale of canopy cover change impacts,
however, is potentially longer than the black carbon radiative forcing impacts, as albedo
recovery occurs on the scale of 5-10 years (Gleason et al., 2013) while canopy regrowth can
take decades depending on tree species, climate, and management (Scholl & Taylor, 2006).

5.5.4 Snow cover declines after fire

Satellite observations of snow cover provide a broader view of post-fire snow patterns by
permitting long-term pre- and post-fire analysis. In Figure 5.9, we show that the area within
the Caldor Fire burned area saw less snow cover than would be expected given the total
regional snow cover in the two years after the fire. Most of the statistically significant
change in the region occurred within the burned area and of that, every pixel showed a
negative change in standardized snow cover area. Other statistically significant change in
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the region is either in isolated clusters of pixels or in regions on the leeward side of the Sierra
Nevada ridge where the baseline snow cover is very low. No other cluster of MOD10A1 pixels
in the historically high-snow region saw meaningful standardized snow cover change.

The use of standardized snow cover here specifically identifies when an area is changing
more than its surroundings and accounts for the difference in total snowfall between years.
Similar analysis from Hatchett et al. (2023) found that absolute snow cover days and snow
cover fraction in the Caldor Fire burned area dropped when compared to the 2001-2022 mean
of the MODSCAG record (Painter et al., 2009). The snow cover analysis here equally covers
accumulation and ablation season but is at a much coarser resolution than MODSCAG
or ASO. We therefore expect to miss some of the finer-scale or partial-season patterns,
especially the aspect-dependent snow benefit shown in Figure 5.5. This full-season spatial
pattern analysis may under-represent the severity of ablation impacts, such as advancing
melt-out date or faster melt speed. The melt-out date discrepancy between MOD10A1 and
the pendant loggers in Figure 5.4 reflects that even removing the elevation signal from within
a remote sensing pixel, local vegetation condition variance can correspond to up to 15 days
of snow disappearance date advancement or deferment.

5.5.5 Snow measurement representativeness

Long-term snow measurements in the Caldor Fire burned area and surrounding regions have
occurred for over 100 years. The majority of these measurements are manual snow depth and
water equivalent surveys carried out by CCSS cooperators at established sites. The CCSS
sites are not expected to directly match the distribution of characteristics across the basin,
rather they are used to track interannual variability of conditions in the basin; this is taken
into account when measurements are used for operations and modeling. These sites must
be easily measurable with the snow surveys method and as a result, tend to be in open, flat
regions that are relatively accessible. CCSS sites also do not match the surrounding forest’s
canopy cover before or after the fire (Figure 5.7 a) and were not burned at the same severity
as the rest of the basin (Figure 5.7b). In this context, siting requirements likely play a role
in the lower burn severity at CCSS sites than across the rest of the basin. Post-fire use of
CCSS values may represent basin-wide conditions differently than they would have without
the impacts of fire.

Interestingly, one effect of the Caldor Fire was to bring the basin-wide canopy cover
closer to the distribution directly sampled by CCSS sites. However, the albedo effects of the
fire are likely not well sampled by the CCSS sites as a whole as only one CCSS site is in a
high-severity region.

5.6 Conclusion

The expanding range of wildland fire into regions with significant snow water resources is
likely to increase under future climate, fuels, and management scenarios. The impacts of this
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expansion are many and range from the sociological to the ecological to the hydrological. In
this work, we use a large, severe, montane fire to gain insight into the effects of wildland fire on
snow accumulation and duration. By combining a large number of in situ sites distributed
across burn severity categories together with high-resolution remote sensing products, we
show that burn severity, more than burned vs. unburned categorization, impacts the snow-
pack response to fire. Throughout the winter, high severity regions generally held less snow
than unburned regions at all elevations and aspects. This difference is exacerbated at high
elevations. Low severity fire, in contrast, held more snow at high elevations and slightly less
snow at low elevations. During the accumulation season, differences between burn severity
categories are small. As melt proceeds, the differences are exacerbated as high-severity fire
regions melt much more quickly than unburned or low-severity regions. Interestingly, our
post-fire snowpack observations include an extreme wet winter (Marshall et al., 2024), which
may dampen the importance of interception as canopy intercepts a higher fraction of snow
in light snowfall. This heavy snowfall accumulation also resulted in poor data quality from
some snow pillow stations in the Sierra Nevada region, further highlighting the importance
of snow surveys for water management in extreme years.

In general, mechanisms for forests to become protective of snow accumulation and dura-
tion include transitions to heterogeneous, moderately dense forests with small, distributed
canopy gaps as occurred when frequent lightning fire is restored in a watershed in the central
Sierra Nevada (Boisramé et al., 2017; Collins & Stephens, 2010). The so-called triple-win
condition, in which fire, water, and biodiversity interactively benefit each other (Stephens
et al., 2021), is not a guaranteed outcome of fire. Rather, the odds of a broadly beneficial
outcome are increased by policy and management decisions. Severity-aware analysis of ef-
fects of fire on snow show that the water benefits of low severity fire persist even in large
fires. In this case, the extended melt in low-severity patches likely buffered the early melt
signal from high-severity patches. The post-fire impacts, however, are strongly dependent
on local burn severity, topography, and patch size of open canopy. Forest treatments before
and after fire can contribute to canopy cover patterns that may not be accompanied with
other characteristics of burned regions such as changing soil infiltration, low shrub cover,
and black carbon deposition (Stephens et al., 2024).

5.7 Data and code availability

The automated logger data collected in this study are archived at 10.5281/zenodo.10714264.
Metadata and site conditions for the distributed sites are in the Supplementary Materials.
The ASO data are publicly available at https://data.airbornesnowobservatories.com/basin/
american. MODIS data are available from the National Snow and Ice Data Center https://
nsidc.org/data/mod10a1/versions/61. Canopy cover data are from the LANDFIRE program
https://landfire.gov/data. The Caldor Fire burn severity data can be accessed via https:
//www.mtbs.gov/direct-download. The FACTS dataset is hosted at https://data.fs.usda.
gov/geodata/edw/datasets.php. Code used in this project is available at https://github.
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com/mariannecowherd/caldor-snow.
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Figure 5.1: Location of the study site in the context of the Western United States (a, inset)
and related natural features, including the Upper Mokelumne, Upper Cosumnes, South Fork
American, and Lake Tahoe watersheds (gray), the South Fork American River (dark blue),
Lake Tahoe (light blue), and Caldor Fire perimeter (red). Established snow courses and
pillows (pink stars) and field plot locations in this study (black plus signs) are highlighted
against topography (b). Some courses and pillows are close enough together that the stars
overlap.
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Figure 5.2: Mean winter fractional snow covered area from 2000-2020 from MODIS and
Caldor Fire burn severity from MTBS.
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Figure 5.3: Quality-controlled snow depth time series from camera plots (line in the shades of
blue), with colors indicating elevation. Local monthly snow course (points) and automated
snow depth sensors (black dashed line) from CCSS and cooperators are overlain, showing
the data density acquired from each source. Stars indicate mean snow depths in each burn
severity category (indicated by color) across the portion of the South Fork American River
burned in the Caldor Fire, from 50-m resolution ASO acquisitions of snow depth.
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Figure 5.4: Disappearance date discrepancy (pendant logger – MODIS) with the linear
elevation trend removed plotted against canopy survey score. Positive disappearance date
discrepancy indicates that the monitored site retained snow longer than other locations
within the same MODIS pixel. Canopy survey score is from manual overhead census of
vegetation presence and health, with higher scores indicating more widespread and healthier
coverage. The contribution of tree count vs. tree health to a high canopy survey score is
indicated by point color: darker points have a higher fraction of dead trees and therefore
greater contribution of tree count to the canopy survey score.
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Figure 5.5: Elevation-aspect maps of ASO snow depth difference between burned and un-
burned portions of the American River watershed; elevation (m) is indicated by radius and
aspect (degree) by angle. For each date (row) and burn severity category (column), val-
ues shown are the difference between burned pixels and unburned pixels within the same
elevation and aspect bin. Each panel shows the difference between snow depth in each of
three burn severity categories – low, moderate, and high – compared to unburned (control)
locations of equivalent aspect (angle) and elevation (radius). Blue (red) colors indicate to-
pographic regions where burned area snow depth is higher (lower) than in unburned areas
of the same elevation and aspect.
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Figure 5.6: Snow depth difference between open-canopy patches with contiguous low canopy
(<10%) cover in small (< 10 hectares) and large (> 400 hectares) patches. Burned and
unburned areas are included, so the low canopy cover results from fire- and non-fire processes.
Standard deviation of the difference for each acquisition is shown for the same elevation-
aspect bins in the right column.



CHAPTER 5. POST-FIRE SNOWPACK IN THE CALDOR FIRE AREA 89

Figure 5.7: Full-region (purple), snow survey site (red), and distributed site (green) LAND-
FIRE canopy cover in 2020 and 2022 (a). (b) shows burn severity distribution for the same
categories from MTBS.
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Figure 5.8: Normalized change at the Caples Lake snow depth sensor (x-axis) and all in-fire
depth poles (y-axis), identified by event of continuous monotonic change during the 2022-23
winter. One-to-one line is shown in dashed black line and best-fit line for all data points is
in red.
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Figure 5.9: Difference in standardized normal variate MODIS fractional snow-covered area
between pre-fire (2018-2020) and post-fire (2022-2024) water years using monthly composites
from MOD10A1 from November through May; positive values (blue) indicates a higher snow
cover compared to surrounding areas. Stippling indicates statistically significant difference.
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Chapter 6

Conclusion

“In making war with nature, there was risk of loss in winning.” –John McPhee

6.1 Goals of the dissertation

Snow is a global sentinel of climate change and a critical component of the climate and hy-
drologic systems. This dissertation addresses examples of change from climate and wildfire
in the context of drought and water management. The goal of this dissertation is to study
the effect of long- and short-term change in the environmental surroundings of snowy regions
on snowpack quantities and on snowpack measurements. In Chapters 2 and 3, I and col-
laborators analyze projections of long-term, gradual change on snow quantities and drought
statistics. In Chapter 4, I, with contributions from chapter co-authors, identify how snow the
information acquired from snow measurements changes in multi-decade climate projections.
Finally, in Chapter 5, I and co-authors use the Caldor Fire as an example of discrete, rapid
change to vegetation to study the response of snowpack measurements to disturbance on
short (1-2 year) time scales.

6.2 Summaries

Chapter 2 uses a current state-of-the-art climate model ensemble to quantify the statistical
drift in snow as a water resource around the world. Most of this drift is attributable to
temperature increase within a single year, i.e., most anomalously low snow years occur when
there is also an anomalously high temperature at the same location. The same shift does
not happen to dry years. In fact slightly fewer years are dry in the future compared to the
past. This means that there will be more years with sufficient precipitation, but insufficient
natural storage of that precipitation, leading to challenging water management years that do
not show up in precipitation-based drought indices. This work underscores the need to track
natural water storage in addition to gross supply when issuing short-term drought warnings.
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In Chapter 2, the coarse model resolution means that any results are best taken as
regional conditions, but not representative of water management in a particular basin. The
dynamical downscaling in Chapter 3 allowed for basin-specific trend identification, including
differentiation of the drivers of snow droughts over topographic features such as divides. Here,
I found that windward slopes, which are wetter in atmospheric river-driven regions such as
the western US, are more sensitive to temperature as a driver of snow drought. On the drier
leeward slopes, water supply is more important and therefore some short-term climate change
corresponds to increases in snow water equivalent. In the latter half of the 21st century, the
benefit of added water vapor is insufficient to counter the ice-melting effects of water, and
temperature becomes a stronger driver in all locations. Water resource managers should
consider the role of orography in basin-specific projections of water resources. Continued
investment in higher resolution climate model-based products should be accompanied by
further work on identifying circulation drivers of droughts, especially in regions reliant on
infrequent large storms. Shifting circulation patterns from climate change have the potential
to move storm track distributions, which could present a water resources tipping point for
systems like California’s atmospheric river-dependent regions.

In Chapter 4, I analyzed the behavior of snow monitoring stations. These stations, of
which there are over 1000 in the Western US, form the backbone of water resources manage-
ment and drought warning. However, an emerging mismatch between the locations of those
networks and the location of on-the-ground snowpack means that ground measurements
will become less valuable for understanding distributed snowpack amounts and predicting
droughts. I quantified the climate sensitivity of established snowpack measurement networks
in the US. This work projects that our ability to estimate unmeasured water reserves will
decline by up to 40% by 2100 because snowpack distributions in warmer years are mean-
ingfully different from the past. However, using convolutional neural networks to learn
the two-dimensional structure of snowpack distributions or introduced new remote sensing-
based maps, climate-sensitive prediction quality improved by over 30% and maintained skill
in warmer climates. This showed that machine learning is capable of pushing legacy obser-
vation networks to adapt to new climate regimes and motivates future work on interpreting
multi-resolution neural networks. Applications to water resource management should focus
on extreme low snowpack years as these are the most likely to be poorly predicted by tradi-
tional approaches. Explainability-oriented machine learning research to identify when neural
networks are the most needed and which locations within basins contain the most valuable
predictive information. Extensions of this work could serve to motivate the placement of
new snow pillows or targeted manual measurements during extreme low-snow years.

Chapter 5 is based on a field campaign targeting post-fire hydrology with spatial and burn
severity variance to understand how the representativeness of California’s snow measure-
ments were impacted by fire. Climate change and human fire suppression are increasing the
frequency and severity of fires Williams et al., 2019, especially in those ecosystems adapted
to frequent fire. This has a significant impact on snow hydrology and physics for years to
decades after a fire. However, the character and magnitude of these changes are poorly un-
derstood: field observations in different locations often tell contradictory tales because they
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fail to account for the dependence of post-fire hydrology response to topography, latitude,
and vegetation. The results show that within the same fire, some mesoregions benefited
from fire while others suffered. By comparing our field measurements and remote sensing
data to established snow surveys, I identified a discrete shift in survey representativeness
after the fire because burned areas gain and lose snow more quickly than unburned areas.
Water management practices based on snow course observations in recently-burned forests
should strongly consider short-term measurement expansion and update melt predictions to
reflect the observed different post-fire snowpack responses. Finally, individual fires comprise
a regime of fire effects and vegetation patterns from non-fire drivers. Broader management
choices, such as wildland fire use policies, should continue to be studied for their hydrological
outcomes with the goal of identifying place-specific land management choices that promote
cultural, safety, ecological, and hydrologic goals at the same time.

6.3 Future work

Future work in this field should address the need to quantify the sensitivity of snow accumu-
lation to warming temperatures. From the results in Chapters 2 and 3, we see that, while the
overall impact of warming on snowpack is negative, sufficient regional, and local variability
exists to show opposite-sign response in the same basin. Research using theoretical models
and historical observations would enhance our understanding the balance between phase
change and enhanced precipitation in a warmer atmosphere. Further, we must connect these
outcomes to an additional driver of changing snowfall under climate change: atmospheric
circulation influence on the occurrence and intensity of snow droughts and deluges. Addi-
tionally, future research should consider on the multi-reservoir nature of the water cycle as
single-year snowpack as a water storage metric does not reflect the role of plants and soil as
alternative partitionings of meltwater, nor of groundwater as a runoff source.

As more and more data become available, especially from remote sensing, there is a
greater need to advance computational workflows to integrate higher data volumes with rapid
environmental change. Chapter 4 introduced one example of a machine learning method’s
application to a snow prediction problem. Machine learning is a promising family of tools
for this task, but should be approached with caution, as additional computing resources and
training data can produce performance improvements without reflecting true predictability.
Further, increasing the computational load of an operations problem should be justified to
the resources available and the speed of the computation must not take longer than the
necessary prediction window. Advancing applications-driven machine learning in snow hy-
drology should prioritize understanding how the structure of the machine learning algorithm
matches the environmental process. Using explainability mapping techniques to propose new
measurement sites for future climates complements and accelerates this area of work.
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Stephens, S. L., Thompson, S., Boisramé, G., Collins, B. M., Ponisio, L. C., Rakhmatulina,
E., Steel, Z. L., Stevens, J. T., van Wagtendonk, J. W., & Wilkin, K. (2021). Fire,
water, and biodiversity in the Sierra Nevada: A possible triple win. Environmental
Research Communications, 3 (8), 081004.

Stevens, J. T. (2017). Scale-dependent effects of post-fire canopy cover on snowpack depth
in montane coniferous forests. Ecological Applications, 27 (6), 1888–1900.

Sturm, M., & Wagner, A. M. (2010). Using repeated patterns in snow distribution modeling:
An Arctic example. Water Resour. Res., 46, W12549.

Sturm, M., Goldstein, M. A., & Parr, C. (2017). Water and life from snow: A trillion dollar
science question. Water Resources Research, 53 (5), 3534–3544.

Swart, N. C., Cole, J. N., Kharin, V. V., Lazare, M., Scinocca, J. F., Gillett, N. P., Anstey,
J., Arora, V., Christian, J. R., Jiao, Y., Lee, W. G., Majaess, F., Saenko, O. A.,
Seiler, C., Seinen, C., Shao, A., Solheim, L., von Salzen, K., Yang, D., . . . Sigmond,
M. (2019a). CCCma CanESM5 model output prepared for CMIP6 CMIP historical.
https://doi.org/10.22033/ESGF/CMIP6.3610



BIBLIOGRAPHY 112

Swart, N. C., Cole, J. N., Kharin, V. V., Lazare, M., Scinocca, J. F., Gillett, N. P., Anstey, J.,
Arora, V., Christian, J. R., Jiao, Y., Lee, W. G., Majaess, F., Saenko, O. A., Seiler,
C., Seinen, C., Shao, A., Solheim, L., von Salzen, K., Yang, D., . . . Sigmond, M.
(2019b). CCCma CanESM5 model output prepared for CMIP6 ScenarioMIP ssp370.
https://doi.org/10.22033/ESGF/CMIP6.3690

Tang, Y., Rumbold, S., Ellis, R., Kelley, D., Mulcahy, J., Sellar, A., Walton, J., & Jones, C.
(2019a). MOHC UKESM1.0-LL model output prepared for CMIP6 CMIP historical.
https://doi.org/https://doi.org/10.22033/ESGF/CMIP6.6113

Tang, Y., Rumbold, S., Ellis, R., Kelley, D., Mulcahy, J., Sellar, A., Walton, J., & Jones, C.
(2019b). MOHC UKESM1.0-LL model output prepared for CMIP6 CMIP historical.
https://doi.org/10.22033/ESGF/CMIP6.6113

Tatebe, H., & Watanabe, M. (2018). MIROC MIROC6 model output prepared for CMIP6
CMIP historical. https://doi.org/https://doi.org/10.22033/ESGF/CMIP6.5603

Teich, M., Becker, K. M., Raleigh, M. S., & Lutz, J. A. (2022). Large-diameter trees affect
snow duration in post-fire old-growth forests. Ecohydrology, 15 (3), e2414.

Trenberth, K. E. (2011). Changes in precipitation with climate change. Climate research,
47 (1-2), 123–138.

Ukkola, A. M., De Kauwe, M. G., Roderick, M. L., Abramowitz, G., & Pitman, A. J. (2020).
Robust future changes in meteorological drought in CMIP6 projections despite un-
certainty in precipitation. Geophysical Research Letters, 47 (11), e2020GL087820.

Van der Walt, S. et al. (2014). Scikit-image: Image processing in python. PeerJ, 2, e453.
Van Loon, A. F., & Van Lanen, H. A. (2012). A process-based typology of hydrological

drought. Hydrology and Earth System Sciences, 16 (7), 1915–1946.
Vander Jagt, B., Lucieer, A., Wallace, L., Turner, D., & Durand, M. (2015). Snow depth

retrieval with UAS using photogrammetric techniques. Geosciences, 5, 264–285.
Varadharajan, C. et al. (2019). Challenges in building an end-to-end system for acquisition,

management, and integration of diverse data from sensor networks in watersheds:
Lessons from a Mountainous Community Observatory in East River, Colorado. IEEE
Access, 7, 182796–182813.

Varhola, A., Coops, N. C., Weiler, M., & Moore, R. D. (2010). Forest canopy effects on
snow accumulation and ablation: An integrative review of empirical results. Journal
of Hydrology, 392 (3-4), 219–233.

Vergara-Temprado, J., Ban, N., & Schär, C. (2021). Extreme sub-hourly precipitation inten-
sities scale close to the Clausius-Clapeyron rate over Europe. Geophysical Research
Letters, 48 (3), e2020GL089506.

Voldoire, A. (2019). CNRM-CERFACS CNRM-ESM2-1 model output prepared for CMIP6
ScenarioMIP ssp370. https://doi.org/10.22033/ESGF/CMIP6.4199

Vollenweider, P., & Günthardt-Goerg, M. S. (2005). Diagnosis of abiotic and biotic stress
factors using the visible symptoms in foliage. Environmental Pollution, 137 (3), 455–
465.



BIBLIOGRAPHY 113

Vorosmarty, C. J., Green, P., Salisbury, J., & Lammers, R. B. (2000). Global water resources:
Vulnerability from climate change and population growth. Science, 289 (5477), 284–
288.

Walton, D., Berg, N., Pierce, D., Maurer, E., Hall, A., Lin, Y.-H., Rahimi, S., & Cayan,
D. (2020). Understanding differences in California climate projections produced by
dynamical and statistical downscaling. Journal of Geophysical Research: Atmospheres,
125 (19), e2020JD032812.

Wang, Y., Leung, L. R., McGREGOR, J. L., Lee, D.-K., Wang, W.-C., Ding, Y., & Kimura,
F. (2004). Regional climate modeling: Progress, challenges, and prospects. Journal of
the Meteorological Society of Japan. Ser. II, 82 (6), 1599–1628.

Webster, C., Rutter, N., Zahner, F., & Jonas, T. (2016). Modeling subcanopy incoming
longwave radiation to seasonal snow using air and tree trunk temperatures. Journal
of Geophysical Research: Atmospheres, 121 (3), 1220–1235.

Wieners, K.-H., Giorgetta, M., Jungclaus, J., Reick, C., Esch, M., Bittner, M., Legutke,
S., Schupfner, M., Wachsmann, F., Gayler, V., Haak, H., de Vrese, P., Raddatz, T.,
Mauritsen, T., von Storch, J.-S., Behrens, J., Brovkin, V., Claussen, M., Crueger, T.,
. . . Roeckner, E. (2019). MPI-M MPI-ESM1.2-LR model output prepared for CMIP6
CMIP historical. https://doi.org/10.22033/ESGF/CMIP6.6595

Williams, A. P., Abatzoglou, J. T., Gershunov, A., Guzman-Morales, J., Bishop, D. A., Balch,
J. K., & Lettenmaier, D. P. (2019). Observed impacts of anthropogenic climate change
on wildfire in California. Earth’s Future, 7 (8), 892–910.

Williams, A. P., McKinnon, K. A., Anchukaitis, K. J., Gershunov, A., Varuolo-Clarke, A. M.,
Clemesha, R. E., & Liu, H. (2024). Anthropogenic intensification of cool-season pre-
cipitation is not yet detectable across the western United States. Journal of Geophys-
ical Research: Atmospheres, 129 (12), e2023JD040537.

Wrzesien, M. L., Durand, M. T., Pavelsky, T. M., Kapnick, S. B., Zhang, Y., Guo, J., &
Shum, C. K. (2018). A new estimate ofNorth American mountain snow accumulation
from regional climate model simulations. Geophysical Research Letters, 45 (3), 1423–
1432.

Wu, T., Chu, M., Dong, M., Fang, Y., Jie, W., Li, J., Li, W., Liu, Q., Shi, X., Xin, X., Yan,
J., Zhang, F., Zhang, J., Zhang, L., & Zhang, Y. (2018). BCC BCC-CSM2MR model
output prepared for CMIP6 CMIP historical. https://doi.org/https://doi.org/10.
22033/ESGF/CMIP6.2948

Xin, X., Wu, T., Shi, X., Zhang, F., Li, J., Chu, M., Liu, Q., Yan, J., Ma, Q., & Wei,
M. (2019a). BCC BCC-CSM2MR model output prepared for CMIP6 ScenarioMIP
ssp245. https://doi.org/https://doi.org/10.22033/ESGF/CMIP6.3030

Xin, X., Wu, T., Shi, X., Zhang, F., Li, J., Chu, M., Liu, Q., Yan, J., Ma, Q., & Wei,
M. (2019b). BCC BCC-CSM2MR model output prepared for CMIP6 ScenarioMIP
ssp585. https://doi.org/https://doi.org/10.22033/ESGF/CMIP6.3050

Xu, Z., Han, Y., Tam, C.-Y., Yang, Z.-L., & Fu, C. (2021). Bias-corrected CMIP6 global
dataset for dynamical downscaling of the historical and future climate (1979–2100).
Scientific Data, 8 (1), 293.



BIBLIOGRAPHY 114

Xue, Y., Janjic, Z., Dudhia, J., Vasic, R., & De Sales, F. (2014). A review on regional
dynamical downscaling in intraseasonal to seasonal simulation/prediction and major
factors that affect downscaling ability. Atmospheric research, 147, 68–85.

Yamada, T. J., Farukh, M. A., Fukushima, T., Inatsu, M., Sato, T., Pokhrel, Y. N., &
Oki, T. (2014). Extreme precipitation intensity in future climates associated with the
clausius-clapeyron-like relationship. Hydrological Research Letters, 8 (4), 108–113.

You, Q., Zhang, Y., Xie, X., & Wu, F. (2019). Robust elevation dependency warming over
the tibetan plateau under global warming of 1.5 c and 2 c. Climate Dynamics, 53,
2047–2060.

Yukimoto, S., Koshiro, T., Kawai, H., Oshima, N., Yoshida, K., Urakawa, S., Tsujino, H.,
Deushi, M., Tanaka, T., Hosaka, M., Yoshimura, H., Shindo, E., Mizuta, R., Ishii,
M., Obata, A., & Adachi, Y. (2019a). MRI MRI-ESM2.0 model output prepared for
CMIP6 CMIP historical. https://doi.org/10.22033/ESGF/CMIP6.6842

Yukimoto, S., Koshiro, T., Kawai, H., Oshima, N., Yoshida, K., Urakawa, S., Tsujino, H.,
Deushi, M., Tanaka, T., Hosaka, M., Yoshimura, H., Shindo, E., Mizuta, R., Ishii,
M., Obata, A., & Adachi, Y. (2019b). MRI MRI-ESM2.0 model output prepared for
CMIP6 ScenarioMIP ssp245. https://doi.org/10.22033/ESGF/CMIP6.6910

Yukimoto, S., Koshiro, T., Kawai, H., Oshima, N., Yoshida, K., Urakawa, S., Tsujino, H.,
Deushi, M., Tanaka, T., Hosaka, M., Yoshimura, H., Shindo, E., Mizuta, R., Ishii,
M., Obata, A., & Adachi, Y. (2019c). MRI MRI-ESM2.0 model output prepared for
CMIP6 ScenarioMIP ssp585. https://doi.org/10.22033/ESGF/CMIP6.6929

Zhao, Z., Di, P., Chen, S.-h., Avise, J., Kaduwela, A., & DaMassa, J. (2020). Assessment
of climate change impact over California using dynamical downscaling with a bias
correction technique: Method validation and analyses of summertime results. Climate
Dynamics, 54 (7-8), 3705–3728.

Zhu, X., Lee, S.-Y., Wen, X., Wei, Z., Ji, Z., Zheng, Z., & Dong, W. (2021). Historical
evolution and future trend of Northern Hemisphere snow cover in CMIP5 and CMIP6
models. Environmental Research Letters, 16 (6), 065013.

Zuzel, J. F., & Cox, L. M. (1978). A review of operational water supply forecasting techniques
in areas of seasonal snowcover. In B. A. Shafer (Ed.), Proc. 46th annual western snow
conference (pp. 18–20). Colorado State University.



115

Appendix A

Supplementary material for Chapter 4

Table A.1: GCM specification used in the multi-model ensemble of bias-corrected, dynami-
cally downscaled GCM solutions used in this work, including the equilibrium climate sensi-
tivity (ECS Meehl et al., 2020) of each raw GCM. Full details and raw GCM references can
be found in the original WUS-D3 release (Rahimi et al., 2024a).

GCM Variant ECS [K/2xCO2]

ACCESS-CM2 r5i1p1f1 4.7
CANESM5 r1i1p2f1 5.6
CESM2 r11i1p1f1 5.3
CNRM-ESM2-1 r1i1p1f2 4.6
EC-EARTH3 r1i1p1f1 4.3
EC-EARTH3-VEG r1i1p1f1 4.3
FGOALS-G3 r1i1p1f1 2.8
MPI-ESM1-2-LR r7i1p1f1 2.8
UKESM1-0-LL r2i1p1f2 5.3
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Figure A.1: Average daily snow water equivalent at WUS (excluding Alaska) SNOTEL
stations from 1985-2014 from each individual WRF-downscaled GCM (gray), the multi-
model mean of the WRF-downscaled GCMs (black), SNOTEL observations (purple), and the
UCLA WUS reanalysis product (yellow). The WRF-downscaled GCMs and WUS reanalysis
values are from the pixel of those respective products closest to each SNOTEL station.
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Figure A.2: Synthetic PRISM data generated from WUS-D3 solutions for temperature (top
row, in units of positive degree days (◦C starting October 1) and cumulative winter pre-
cipitation (bottom row, in units of mm starting October 1). Data shown are for 2001 as
an example year with ACCESS-CM2 as the example GCM. Panels a and f show the WRF-
downscaled GCM solution. The second column (b, g) shows the synthetic PRISM product
with synthetic error added (see Methods). The third column (c, h) shows the final synthetic
PRISM product after spatial denoising. The fourth column (d, i) shows the distribution of
the synthetic noise, i.e., the difference between columns 3 and 2 (c-b, h-g). The fifth column
(e, j) shows the distribution of pixel-wise differences between the final synthetic PRISM
product (after denoising) and the original WUS-D3, for the historical experiment period
(1980-2014) and the SSP3-7.0 experiment period (2015-2100).
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Figure A.3: Simulated (WUS-D3) peak SWE (a) in the California and Upper Colorado basins
for an example year of 2000. For each basin, the true SWE [mm] is plotted as a function
of relativized SWE [-] for 2000 and 2090; the spread of each distribution is proportional
to the pattern repeatability as quantified by the R2 between the two for each GCM in the
WUS-D3. Panel b shows the R2 for each of the 9-GCM ensemble as a function of the sum
of peak SWE for the year.
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Figure A.4: U-Net architecture scheme using an example input of 16x16 pixels, and N
predictors (true U-Net architecture varies with basin size). The architecture consists of three
contractions and is otherwise identical to that of the original published method (Ronneberger
et al., 2015). Dimensions of some intermediate layers are denoted in order to represent
the scale of each contraction. Each arrow denotes a specific operation as indicated by the
direction, with repeated padded convolutions indicated by right arrows, maximum pooling
indicated by downward arrows, and transpose convolutions indicated by upward errors.



120

Appendix B

Supplementary material for Chapter 5

Figure B.1: Forest treatment reporting categories from FACTS from 1994-2024. Post-fire
(2021-2024) contributions are shaded in black, all other years are indicated by the color scale.
Values are reported as a percentage of the study area, indicated in the gray inset.
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Figure B.2: Schematic of field plots showing time lapse camera and depth pole setup, place-
ment of light and temperature sensor, and auxiliary measurements recorded when establish-
ing the plot.
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Figure B.3: Example photo from one time lapse image.
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Figure B.4: All HOBO sensor time series of temperature (a) and luminosity (b) for the study
period. For both timeseries, extended periods of low variance indicate that the sensor was
covered by snow. Springtime increase in signal variance indicate the snow disappearance
date at that sensor location.
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Table B.1: Plot metadata. Latitude and longitude are in degrees, slope (θ) is in degrees,
aspect (ψ) is in degrees, and elevation is in meters.

Plot Date In Group Lat. [◦] Lon. [◦] θ [◦] ψ [◦] Elev. [m]
1 10/25/22 Strawberry E. 38.77565 -120.1182 11 201 2002
2 10/25/22 Strawberry E. 38.77497 -120.1163 16 186 2002
3 10/25/22 Strawberry E. 38.77201 -120.1156 9 207 1987
4 10/25/22 Strawberry E. 38.77374 -120.1148 17 210 1984
5 10/25/22 Strawberry E. 38.7716 -120.1417 11 201 1947
6 10/25/22 Strawberry W. 38.7697 -120.1212 5 30 1981
7 10/25/22 Strawberry W. 38.77089 -120.1224 13 0 1972
8 10/25/22 Strawberry W. 38.77397 -120.1215 18 7 1923
9 11/5/22 Audrain 38.81887 -120.0388 1 324 2251
10 11/5/22 Audrain 38.8188 -120.1087 3 254 2253
11 11/5/22 Audrain 38.8182 -120.0386 29 228 2248
12 11/5/22 Audrain 38.8167 -120.0376 21 209 2239
13 11/5/22 Pyramid 38.81379 -120.1366 21 228 2037
14 11/5/22 Pyramid 38.81385 -120.1367 21 227 2034
15 11/5/22 Pyramid 38.81472 -120.137 22 212 2051
16 11/5/22 Pyramid 38.81777 -120.1375 22 217 2164
17 11/5/22 Pyramid 38.81849 -120.1392 22 207 2183
18 11/5/22 Pyramid 38.81862 -120.1387 15 167 2183
19 11/5/22 Pyramid 38.81235 -120.1366 15 202 1988
20 11/6/22 Wrights 38.79422 -120.2371 14 102 1858
21 11/6/22 Wrights 38.79422 -120.2364 19 214 1867
22 11/6/22 Wrights 38.79414 -120.2364 8 195 1867
23 11/6/22 Wrights 38.79654 -120.2352 28 241 1995
24 11/6/22 Wrights 38.79452 -120.2341 24 235 1973
25 11/6/22 Wrights 38.79386 -120.2334 10 210 1979
26 11/6/22 Wrights 38.79367 -120.2333 17 232 1979
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Table B.2: Plot tree survey data. Counts of live, red, and dead trees categorized as large (L;
DBH ≥ 10 cm) or small (S; DBH < 10 cm) and canopy reports of overhead coverage (0 =
no cover, 1 = dead, 2 = red, 3 = live), reported following the grid in Figure S1 starting in
the northwest corner of the grid.

Live Red Dead
Plot Large Small Large Small Large Small Canopy
1 0 0 0 0 20 7 1010000000000000000010100
2 0 0 0 0 21 4 0000010010000000000101001
3 0 0 11 0 3 4 0000220002000000202020200
4 0 0 5 6 5 1 2020022200002000200202002
5 11 30 4 0 0 0 0200000332333333333333333
6 23 5 0 0 0 0 0022002222220222222020020
7 0 0 9 23 3 2 2002200020000000202002222
8 0 0 0 0 11 5 1001100100100001000101100
9 1 1 1 0 2 2 0000000000000000000000000
10 0 0 6 1 2 0 0000000102000222000000200
11 0 0 0 0 3 1 0000000000000000000000000
12 0 0 12 0 0 0 0002200222000220002200022
13 0 0 3 0 7 1 1000000110000100001111000
14 0 0 0 0 17 7 1001011110110001000010101
15 0 0 22 2 0 0 2222220222200222222222222
16 0 0 1 0 2 0 0000001100010000100110010
17 0 0 2 0 0 0 1222222222000000000000000
18 0 0 0 0 7 2 0010000010000100111000101
19 18 2 6 0 0 0 0000020000030223333033333
20 0 0 0 0 8 12 0000001011000110000100000
21 0 0 8 0 2 17 0022000000000000002000022
22 0 0 15 1 3 0 0200002220220222020200222
23 13 2 2 1 0 0 0333333333333333333333333
24 0 0 20 0 0 0 2222222022200222200222222
25 0 0 6 0 2 9 0000000000000000000000000
26 0 0 0 0 23 0 1110101101110110101001100




