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Abstract

Statistical Characterization and Development of Snowpack Predictions

by

Michelle Yu

Doctor of Philosophy in Statistics

University of California, Berkeley

Adjunct Professor Christopher Paciorek, Co-chair

Associate Professor Fernando Pérez, Co-chair

Accurate high-resolution spatiotemporal data on environmental variables is critical for in-
forming natural resource management and guiding climate change mitigation and adaptation
practices. From a hydrological perspective, mountain snowpack is a primary source of fresh-
water for meeting societal drinking and agricultural needs in various regions. As a result
of climate change, these water resources are becoming increasingly vulnerable and declining
at a steady pace. To support informed decision-making around water resource planning,
accurate data on regular fine-scale spatial and temporal intervals is crucial. Several such
gridded data products on key snowpack properties such as snow water equivalent (SWE)
and snow depth (SD) have been introduced and provide great utility to the scientific com-
munity and practitioners in the environmental space. However, errors and uncertainties in
these gridded snow products are not well understood and assumptions underlying the gener-
ation of these products are inadequately investigated. In this dissertation, questions around
uncertainty and representativeness of gridded snow data are examined and quantified, and
a novel statistical approach to estimating SWE is introduced.

The first chapter introduces key terms, concepts, and datasets used throughout the disserta-
tion. The second chapter quantifies error and uncertainty underlying a widely-used gridded
SWE product. The third chapter discusses limitations in this gridded product and proposes
an alternative framework for empirical SWE prediction that is intuitive, scalable, and sta-
tistically sound. Finally, the fourth chapter explores questions around representativeness of
point measurements and gridded estimates of true SD and SWE, addressing concerns associ-
ated with standard point-to-grid comparisons commonly used in evaluation methodologies.
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Chapter 1

Introduction

The dynamic intersection of statistics and the Earth sciences plays a crucial role in under-
standing and addressing complex challenges facing our planet today. As the global commu-
nity confronts issues such as climate change, biodiversity loss, and environmental degrada-
tion, there is an increasing need for rigorous statistical methods to analyze intricate datasets,
model physical processes, and inform evidence-based decision-making.

In recent decades, advancements in areas such as remote sensing technology, computa-
tional capabilities, and open data initiatives have fueled rapid growth in the volume and
complexity of data in Earth science communities, e.g. [68, 43, 84]. These datasets, often
characterized by spatial and temporal variability, present unique challenges for traditional
statistical methods, e.g. [61, 22, 16, 32]. Innovative statistical approaches tailored to the
characteristics of environmental data enable researchers to uncover meaningful patterns,
quantify uncertainties, and develop predictive models to inform policies and conservation
strategies.

This dissertation explores the application of statistical techniques within the field of hy-
drology, specifically addressing uncertainty, modeling, and fidelity of spatiotemporal data
related to water resources derived from snow. It critically examines how errors propagate
through models and improves the accuracy of representing and assessing complex hydro-
logical processes through a statistical lens. Overall, it aims to enhance understanding and
management of this critical natural resource.

1.1 Snow Water Equivalent (SWE)

Snow is integral to the Earth’s climate system, influencing everything from regional water
resources to global climate patterns. Snowpack, in particular, is a vital component of the
hydrological cycle, serving as a natural reservoir that stores water during water and re-
leases it gradually during the melt season in the spring and summer [69, 64]. The seasonal
accumulation and melting of mountain snowpack significantly influences surface hydrology
in many regions, making it an important water resource. Its impacts extend from local
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to global scales, affecting water supply, hydropower, ecological processes, weather patterns,
recreational activities, and global climate dynamics [75]. As a result, accurate measurement
of snowpack properties is essential for understanding and effectively managing this critical
resource.

Seasonal snowpack is characterized by snow depth (SD) and bulk density [48]. The
product of these two quantities yields snow water equivalent (SWE), which is the amount of
liquid water in a snowpack that would be formed if the snowpack were completely melted.
SWE is a fundamental metric for quantifying snowpack and assessing its impact on water
resources, carrying significant scientific, environmental, and socioeconomic implications [75].

Snowmelt from mountain snowpack replenishes rivers, streams, and groundwater, sus-
taining flow that supports aquatic ecosystems, preserves wildlife habitats, and fosters bio-
diversity [66]. SWE also aids in mitigating drought impacts in snow-dependent regions by
ensuring consistent water supply and maintaining ecological health [67].

Economically, SWE is invaluable for sectors reliant on water availability [70]. Agriculture,
for instance, heavily depends on predictable water supply for irrigation, directly influencing
crop yields and food production. Understanding SWE helps farmers and agricultural plan-
ners anticipate water availability and manage planting and harvesting schedules effectively.
Similarly, hydropower generation relies on accurate SWE assessments to optimize reservoir
operations and predict energy production from snowmelt-driven hydroelectric plants. The
economic significance of snowpack is substantial, contributing several hundred billion dollars
in annual benefit in the Western United States (WUS) [12, 13].

Furthermore, SWE informs natural disaster planning, particularly in flood forecasting
and reservoir management. Monitoring changes in snowpack depth and density allows for
early assessment of flood risks associated with rapid snowmelt and heavy rainfall events [13].
This enhances public safety and minimizes economic losses by facilitating effective flood
response and infrastructure planning.

In scientific research, SWE serves as a key parameter in snow model and climate model
evaluation, which is essential for monitoring and detecting climate change impacts [9, 50].

Observational and model data have both shown that anthropogenic climate change has
reshaped global and WUS water resources, including a declining snowpack, with model
projections suggesting further mountain snowpack decline [64]. Rising temperatures are
causing shifts in precipitation patterns, leading to more rain than snow in some regions and
altering the timing, extent, and intensity of snowpack accumulation and melt [77]. This
results in reduced SWE volumes and durations, affecting freshwater availability crucial for
agriculture, hydropower generation, and urban water systems [35]. Accelerated snowmelt
rates contribute to earlier and more rapid spring runoff in mountainous regions, disrupting
ecosystems, increasing water scarcity, and posing challenges for infrastructure resilience and
disaster preparedness [2].

Given the societal significance of snowpack as a natural resource and the far-reaching
implications of its evolution due to climate change, accurate data on SWE, along with a
comprehensive understanding of underlying uncertainties, is critically needed [19].
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1.2 Annual Cycle of SWE

The water year (WY) is a standardized 12-month period between October 1 and September,
used in hydrology to analyze water-related data. It encompasses the full annual cycle of
SWE, which is characterized by a snow accumulation period and a snow ablation period.
Snow accumulation is the amount of snow that falls and accumulates on the ground, while
snow ablation is the reduction of the snowpack through processes such as snow melt and
sublimation [81]. The snow accumulation period typically occurs from fall through spring,
while the snow ablation period generally takes place from late spring through summer.
These periods can be characterized by key dates such as the snowpack accumulation start
date (SAD), peak SWE date (SPD), and the complete snowmelt date (CMD) [74, 60], which
are defined as follows:

• Snowpack Accumulation Start Date (SAD): First day when SWE ≥ 10% of
maximum SWE, considered the beginning of the accumulation season.

• Peak SWE (SPD): Day of maximum SWE.

• March 1 SWE and/or April 1 SWE: At times used as proxies for peak SWE as
these are standardized dates facilitating easier comparison of peak SWE across years
and locations. Although somewhat arbitrary, April 1 originates from monthly manual
snow surveys initiated in the early twentieth century and has been formalized in water
management as an indicator of streamflow during the warm [64].

• Complete Melt Date (CMD): First day when SWE ≤ 10% of maximum SWE,
considered the end of the melt season.
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Figure 1.1: Typical SWE cycle over a water year [74, 60, 64], exemplified by measurement
data from a single SNowpack TELemetry (SNOTEL) station for a particular water year
(Colorado Site 737 for WY 2016).

1.3 Datasets

To provide clarity and context before delving into specific datasets, we define and distin-
guish several key terms. “Data” refers to measurements or in-situ observations collected
directly from sources such as meteorological stations, satellites, sensors, and other instru-
ments. “Gridded products” or “gridded data” are structured collections of values organized
in grid formats typically at regular spatial and temporal intervals. These gridded values
are derived from raw data through methods such as interpolation, statistical modeling, or
physical models. Gridded products provide spatially continuous representations of climate
variables or other environmental parameters over specific geographical areas and time peri-
ods.

In this section, we provide in-depth descriptions of the key datasets used in this disser-
tation. First, we discuss observational data derived from in-situ measurements and remote
sensing. These datasets serve as groundtruth for point-level SWE and SD validation in sub-
sequent chapters. Following this, we describe gridded SWE data products, with a specific
focus on the University of Arizona SWE (UA SWE) product that is foundational to our
studies.
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Observational Data

SNOwpack TELemetry (SNOTEL) Network

The SNOwpack TELemetry (SNOTEL) network is a system of automated snowpack and
weather monitoring stations primarily operated by the United States Department of Agri-
culture’s Natural Resources Conservation Service (NRCS) [52]. These stations are located
in remote mountainous regions across the WUS, where snowmelt serves as a major source of
water supply for downstream communities and ecosystems. They primarily aim to monitor
and assess snowpack conditions in real-time.

SNOTEL generates daily (and in some instances, hourly or subdaily) data on SD, SWE,
temperature, precipitation, and other meteorological variables. SWE is measured using snow
pillows, which are large bladders filled with a mixture of antifreeze and water, installed be-
neath the snowpack. As snow accumulates on top of the pillow, it compresses the bladder,
and the pressure change is recorded by sensors. This pressure change correlates with the
weight of the overlying snowpack. Snow depth data is collected by snow depth sensors that
determine the distance from the sensor to the snow surface. Temperature and precipita-
tion are respectively measured using temperature sensors in weatherproof enclosures and
precipitation gauges that detect weight changes from accumulated liquid.

Airborne Snow Observatory (ASO)

The Airborne Snow Observatory (ASO) dataset, originally developed by NASA’s Jet Propul-
sion Laboratory (JPL) and the California Department of Water Resources and now available
through ASO, Inc., is a remotely sensed dataset encompassing SD, SWE, and other snow-
related parameters over large mountainous regions. Since 2013, ASO has been collecting data
across basins in parts of California, Colorado, Oregon, Utah, Washington, and Wyoming dur-
ing the peak SWE period (February-April) into the early summer period (May-July). For
each basin, ASO provides snow depth maps at 3 m and 50 m resolution and SWE maps at
50 m resolution on certain flight dates.

The data collection and processing procedure underlying ASO are described in detail in
[18] and [55]. Here, we provide an overview of key steps. The ASO data collection method-
ology involves using an airborne LiDAR (Light Detection and Ranging) system combined
with an imaging spectrometer to accurately measure snow depth and characterize snow
properties. Specifically, LiDAR sensors mounted on an aircraft emit laser pulses towards
the ground. These pulses bounce back off the snow surface, providing precise measure-
ments of the distance from the aircraft to the snow surface. Snow depth is determined by
comparing LiDAR-derived surface elevations on snow-off and snow-on days. On the other
hand, an imaging spectrometer captures reflected light from the snow surface across various
wavelengths, characterizing snow properties, such as albedo and grain size. The SD maps
derived from LiDAR undergo various data processing and calibration steps that utilize in-
formation derived from the image spectrometer. These steps include handling pixels with
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missing data, distinguishing between vegetated and non-vegetated (bare) areas, and merging
separate gridded surfaces. The result is composite high-resolution (3 m) maps of snow depth.

After calibration, validation, and processing, the 3 m resolution snow depth maps are
aggregated to obtain 50 m resolution snow depth maps. The snow depth measurements are
then combined with albedo estimates to model SWE (via the iSNOBAL model), producing
50 m resolution SWE maps.

Examples of Other Observational Datasets

Besides SNOTEL, another standard in-situ SWE dataset is snow course data, a manual snow
monitoring initiative across the WUS managed by the National Water and Climate Center
(NWCC). Snow courses collect monthly measurements at fixed locations along transects,
where surveyors measure snow depth and water content during winter. Typically 1,000 feet
long, these sites consist of 5 to 10 sample points evenly spaced apart. Surveyors use snow
samplers, often referred to as “snow tubes”, to remove a core of snow at each sample point.
The core is then weighed to determine its water content. The reported measurement is the
average depth and water content from the 5-10 sample points.

Another widely used observational SWE dataset is the one operated by the National
Oceanic and Atmospheric Administration (NOAA) National Operational Hydrologic Re-
mote Sensing Center (NOHRSC). NOHRSC integrates a combination of ground-based mea-
surements, satellite remote sensing data, and modeling outputs to estimate SWE at a high
spatial resolution. Specifically, it utilizes the Snow Data Assimilation System (SNODAS)
to assimilate observational data such as snow course measurements, SNOTEL data, and
satellite-derived snow cover extent into a physically-based land surface model.

A valuable citizen science initiative in snow research is the Community Snow Observations
(CSO) dataset, engaging individuals, citizen scientists, and community groups in collecting
and sharing snowpack data. Participants measure SD during personal excursions using tools
like snow probes. These SD measurements are integrated with other physical data to simulate
SWE through snow modeling.

Gridded Products

University of Arizona SWE (UA SWE)

The University of Arizona SWE product (UA SWE) is a 4 km × 4 km SWE and SD grid-
ded dataset spanning the U.S., at present available for the 1982 to 2022 water years. The
methodology is fully empirical, integrating ground measurement data (including SNOTEL)
and model data (PRISM gridded climate data) to estimate SWE and applying further nu-
merical modeling (snow density parameterization) to estimate SD [10, 11, 83].

Details on the mathematical formulation of UA SWE are available in Section 1.5. Be-
low, we summarize the algorithm qualitatively, highlighting the main components of the
algorithm.
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UA SWE = ϕ

(
SNOTEL SWE

SNOTEL net snowfall

)
· PRISM net snowfall (1.1)

where ϕ is interpolation (specifically, an ordinary kriging approach with no nugget using a
spherical variogram) and net snowfall is defined for both SNOTEL and PRISM as:

net snowfall = accumulated snow− cumulative snow ablation

Accumulated snow is estimated by summing observed snowfall determined based on par-
titioning precipitation using a 2◦C rain-snow partitioning threshold. In other words, on each
day, precipitation is considered snowfall if temperature falls below 2◦C. Otherwise, precipi-
tation is considered rainfall.

Cumulative snow ablation is estimated by a quadratic regression on cumulative degree
days exceeding 0◦C. Degree days above 0◦C on each day is the total number of degrees by
which mean daily temperature exceeds 0◦C for that day.

While several other established gridded SWE products exist, this dissertation primarily
employs the UA SWE product. The decision to focus on UA SWE is three-fold. First,
UA SWE produces deterministic estimates of SWE that involves assumptions leading to
uncertainties that could be challenged. Second, UA SWE is one of the most commonly
used gridded SWE datasets in snow hydrology research. Third, despite difficulties with fully
reconstructing UA SWE from scratch (as described in Section 1.6), it is arguably the most
easily reproducible gridded SWE product available publicly.

Examples of Other Gridded Products

Other widely used gridded SWE products in the scientific community include the Livneh
and the UCLA WUS SR products. These are not used in analyses in this dissertation, but
the generation methodologies are briefly outlined below.

Livneh SWE The Livneh 2015 (Livneh) product is a gridded dataset on precipitation,
maximum and minimum temperature, SWE, and other hydrometeorological variables. The
dataset is available at a 1/6◦ (∼6 km) spatial resolution across Mexico, the Conterminous
United States (CONUS), and southern Canada and at a daily temporal resolution, spanning
1950 through 2018 [40, 41].

To generate gridded precipitation and temperature data, an interpolation technique (the
SYMAP algorithm) is applied to quality-controlled precipitation, minimum temperature, and
maximum temperature observational data from the Global Historical Climatology Network
(GHCN) to a 1/6◦ spatial resolution. The gridded temperature data is lapsed with elevation
at a constant rate of 6.5◦C/km and the gridded precipitation data is scaled on a monthly
basis to match the PRISM climatological mean (in the case of CONUS). SWE and other
hydrometeorological variables are then simulated using a land surface model forced with the
processed gridded precipitation and temperature data in conjunction with reanalysis wind
data.
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UCLA Western United States Snow Reanalysis (UCLA WUS SR) SWE The
UCLA Western United States Daily Snow Reanalysis (UCLA WUS SR), developed by re-
searchers at the University of California, Los Angeles, is a daily 90 m spatial resolution SWE
dataset, spanning the WUS from 1985 to 2021 [44, 23].

The dataset merges Landsat fractional snow-covered area (fSCA) datasets, meteorological
reanalysis products, and snow modeling using a Bayesian data assimilation framework. Un-
like other products whose SWE estimates are fully deterministic, UCLA WUS SR provides
probabilistic SWE estimates. The Bayesian reanalysis approach involves two main steps.
First, an ensemble guess of SWE is obtained by applying a land surface model to static and
dynamic physical input variables. Then, the SWE estimates are iteratively updated (i.e.,
improved) using fractional snow cover area data. The result is a posterior distribution of
SWE estimates.

Limitations of SWE Datasets

Observation-based SWE data are susceptible to measurement errors and spatiotemporal
gaps. Inevitably, sensors and other data collection equipment experience mishaps from
time-to-time, resulting in missing or erroneous data [50]. By definition, measurement data
are taken at single point locations that are intrinsically limited by a lack of confidence in how
they capture the landscape mean across coarse grid cells [47]. This is especially problematic
in areas of mixed forest vegetation, open areas prone to wind redistribution, and complex
topography. Most snow-covered regions fall into at least one of these categories. For example,
snow course, SNOTEL, and CSO are dispersed at various irregular spatial locations, with
snow course collecting monthly data, CSO on non-consecutive dates, and ASO collecting
high spatial resolution data in a select number of watersheds on at most a few days per
water year.

To address limitations in observed SWE data, bias correction methods are at times
employed. Some examples of bias correction techniques include mathematical formulae to
correct measurement biases in certain records as well as homogenization of data from old
and new sensors. Gridded products, namely statistical and model-based methods that utilize
point-level observations or outputs from atmospheric reanalyses to produce regular spatial
and temporal SWE data, are another approach for addressing shortcomings in observational
data.

Gridded data products are also limited in a number of ways [50]. Methods that leverage
point measurement data, such as UA SWE and Livneh, involve a smoothing or interpola-
tion step in the gridding algorithm. Assumptions underlying smoothing and interpolation
procedures add additional uncertainty to the final SWE predictions, at times up to 60% of
differences observed in estimates of WUS-wide peak SWE [64]. Moreover, gridded products
that depend, at least in part, on gridded input datasets are susceptible to errors in these
coarse-scale input datasets. If high-resolution datasets for relevant physical variables, such as
precipitation and temperature, were available, then uncertainties produced by possible grid-
ding would be minimized substantially or even eliminated. Other methods, such as Livneh,
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utilize a physical model in the gridding procedure. The use of such models often adds un-
certainty and error to the final SWE estimates. Furthermore, spatial variability in SWE
due to topographic and land cover heterogeneity is not adequately captured by data with
relatively coarse spatial resolution, which also complicates the validation of SWE products.
Additionally, the coarse resolution, along with the averaging and smoothing steps, makes it
challenging for gridded products to capture extreme SWE values.

1.4 Study Area & Period

Our study area is the Upper Colorado River Basin (UCRB) hydrologic unit, which consists of
a river network spanning northern Arizona, western Colorado, northern New Mexico, eastern
Utah, and southernWyoming (Figure 1.2). The UCRB is a region of interest because it serves
as a critical basin in recharging the Colorado River, largely through snowmelt, and provides
water to nearly 40 million people and 5.5 million acres of farmland in the WUS, and drives
an over $1 trillion economy, through agricultural, industrial, and recreational use [38, 80].

Climate change has significantly affected the UCRB. Events such as drought, over-
apportionment, and continuous urban development have depleted the Colorado River’s sup-
plies [78]. Because the effects of these events are dire for water supply in the WUS, the
UCRB serves as an interesting and important region for further study and analysis.

The UCRB is also home to several data collection campaigns that have launched in
recent years. Specifically, the U.S. Department of Energy (DOE) Surface Atmosphere Inte-
grated Field Laboratory (SAIL) and the Study of Precipitation, the Lower Atmosphere and
Surface for Hydrometeorology (SPLASH) campaigns provide high quality state-of-the-art
observational temperature and precipitation data at select locations in the UCRB [24, 6].
Additionally, the ASO campaign, providing fine-grain SD and SWE data, operates across
certain watersheds around this region [18, 55].

The study period in Chapters 2 and 3 of this dissertation is the 1986 to 2016 water years.
In alignment with ASO data availability, Chapter 4 focuses on the 2016 to 2022 water years.
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Figure 1.2: Geographical and topographic distribution of the UCRB hydrologic unit with
overlaid Colorado ASO basins (dark purple) and SNOTEL sites (red dots) for reference.

The geographic location and spatial distribution of SNOTEL stations in the UCRB and
ASO basins within or adjacent to the UCRB are shown in Figure 1.2.

In total, there are 135 SNOTEL stations of varying temporal lengths (depending on when
they were set up and when data collection began) in the UCRB. After accounting for water
years that contain missing or erroneous data, 712,845 site-days remain in our study period.
The stations are generally located in higher elevation mountainous areas close to the eastern
and western borders of the UCRB.

ASO flights in Colorado took place between 2016 and 2023. We consider basins with at
least one flight within the 2016-2022 period, constituting ten basins within or adjacent to
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the UCRB. In total, our study encompasses 26 basin-dates for which ASO data is available.
All the basins are located on the east side of the UCRB, in more mountainous regions. A
full list of ASO basins and associated flight dates is provided in Table 4.1.

1.5 University of Arizona Gridded SWE Product

(UA SWE)

UA SWE combines high-quality in-situ SWE observations that are spatially and temporally
limited with poorer-quality coarse datasets that have stronger spatiotemporal coverage. The
method can be viewed as a bias correction of a physically-based estimate of SWE (based
on PRISM climate data) using true SWE measured at observational stations (SNOTEL).
It does so by interpolating (via kriging) scaled SNOTEL point measurements to match the
resolution of PRISM and then applies a simple multiplication of the two quantities element-
wise to produce a gridded SWE field matching the resolution of PRISM.

Mathematically, on each day t in a water year, the UA SWE algorithm combines SNOTEL
point observations i ∈ [1, . . . , n] (where n is the number of SNOTEL sites) and PRISM
grid values j ∈ [1, . . . ,m] (where m is the number of PRISM grid cells) in the following
formulation:

UA SWEj,t = ϕ(Y1,t, Y2,t, . . . , Yn,t) · (Nj,t) (1.2)

where ϕ is an interpolation from the point- to grid-level (specifically, ordinary kriging with
spherical variogram, range = 20 km, sill = 0.2, and nugget = 0).

Yi,t is the SNOTEL ratio, defined as the ratio of observed SWE at SNOTEL sites, Oi,t,
to SNOTEL net snowfall, i.e.,

Yi,t =
Oi,t

SSNOTEL
i,1:t − ASNOTEL

i,1:t

. (1.3)

Net snowfall is estimated by the difference between accumulated snow, Si,1:t, and cumulative
snow ablation, Ai,1:t. Accumulated snow is defined as the sum of precipitation values, Pi,t, on
days where temperature, Ti,t falls below a 2◦C rain-snow partitioning threshold over time.

Cumulative snow ablation is estimated by a quadratic regression (with coefficients β̂0, β̂1,
and β̂2) on cumulative degree days, Di,1:t — sum of degree days, di,t, exceeding 0◦C over
time. Explicitly, accumulated snow is:

Si,1:t =
∑
t

si,t, (1.4)

si,t = Pi,t | Ti,t < 2◦C

and cumulative snow ablation is:

Ai,1:t = β̂0 + β̂1Di,1:t + β̂2D
2
i,1:t, (1.5)
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Di,1:t =
∑
t

di,t · 1di,t>0

Nj,t from Eq. (1.2) is PRISM net snowfall:

Nj,t = SPRISM
j,1:t − APRISM

j,1:t

Sj,1:t and Aj,1:t are accumulated snow and cumulative snow ablation defined as in Eq. (1.4)
and Eq. (1.5), respectively, but on the grid level using PRISM.

As is evident from the formulation of UA SWE outlined above, several assumptions were
made in the algorithm’s estimation of snow accumulation and snow ablation. UA SWE
assumes that all precipitation falling under a certain fixed temperature threshold is snowfall
and that all temperature exceeding a fixed threshold contributes to ablation. The algorithm
also does not account for the effects of sublimation and rain on snow.

1.6 Reproducibility

Reconstruction of UA SWE

Unfortunately, the code to produce the UA SWE product was not available at the time of
writing this dissertation. In order to be analyze errors and modeling decisions underlying
the gridded dataset, we attempted to reconstruct the UA SWE algorithm from scratch to
the best of our abilities based on methods described in [10], [11], and [83].

Our reconstruction of UA SWE differs from the UA SWE gridded product in the following
ways:

• We reconstructed the UA SWE product only for our study area of the UCRB, rather
than the WUS or CONUS. This has implications for kriging.

• We reconstructed the SWE variable of UA SWE and omitted the reconstruction of SD
because it required a further snow density parameterization.

• We did not utilize snow depth data from the Cooperative Observer Program (COOP)
network in our reconstruction.

Additionally, some specific details related to the UA SWE data assimilation method were
missing or limited in the papers and documentation associated with the gridded product. As
a result, we made a few decisions and assumptions in our reconstruction to ensure continuous
time series across space. These are outlined below.

• We believe the rain-snow partitioning scheme used to estimate snow accumulation was
a 2◦C temperature threshold.
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• We assumed that the model of cumulative ablation on cumulative degree days > 0◦C
is a quadratic regression with zero intercept. We reconstructed this regression model
based on visual comparison against Figure 3.1 from [10], since the exact regression
coefficients were not provided. The regression model was also reconstructed based on
a different set of SNOTEL sites — we specifically used data from SNOTEL sites in the
UCRB in our reconstruction.

• On each day, for both SNOTEL and PRISM, ablation (via degree days) can only
accumulate if the amount of accumulated snow will remain equal to or exceed the
resulting cumulative ablation. In Chapter 2, we decided that snow accumulation and
cumulative degree days would reset to zero on days where cumulative ablation derived
from cumulative degree days would exceed the accumulated snow. In Chapter 3, we
modified the approach and only allowed cumulative degree days to increase up to the
point where the corresponding cumulative ablation is less than or equal to the total
snow accumulation. This required working backward to find roots for the cumulative
ablation quadratic regression.

• If the SNOTEL ratio Yi,t > 2 (Eq. (1.3)), then we set Yi,t = 1. This decision was made
to avoid SNOTEL ratios approaching infinity.

• If SNOTEL net snowfall = 0 and SNOTEL observed SWE Oi,t >= 0, then we set
Yi,t = 1.

Diagnosis of UA SWE and UA SWE Reconstruction
Underestimation

Underestimation of SNOTEL SWE by UA SWE and UA SWE Reconstruction

As seen in Figure 1.3, on average, at SNOTEL sites in the UCRB, throughout the water year,
UA SWE underestimates SNOTEL SWE and our reconstruction of UA SWE underestimates
UA SWE.
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Figure 1.3: SNOTEL SWE compared to UA SWE and our reconstruction of UA SWE,
averaged across sites and years for each water year day (October 1st through September
30th).

First, we aim to better understand the underestimation of UA SWE to SNOTEL. While
acknowledging the expected lack of exact agreement between UA SWE and SNOTEL SWE
due to their different spatial resolutions and resulting scale misalignment, we try to diagnose
the underestimation. To do so, we examine the components and datasets underlying the
algorithm. However, since the true decomposed components computed by UA SWE (i.e.,
the net snowfall, accumulated snowfall, cumulative ablation, precipitation, and temperature
quantities) are not accessible, this exploration can only target the underestimation of our
reconstruction of UA SWE to SNOTEL SWE.

According to Figure 1.4, the underestimation is attributed to the combination of PRISM
net snowfall being insufficiently large and SNOTEL net snowfall being larger than SNOTEL
SWE throughout the snow season. The latter results in SNOTEL ratios less than 1, which
acts on PRISM net snowfall and further reduces the PRISM net snowfall estimates. The
peak of SNOTEL net snowfall occurring later than SNOTEL SWE could suggest that the
2◦C rain-snow partitioning threshold used to estimate accumulation causes systematic over-
accumulation around the peak SWE period. Net snowfall showing persistent snow into
August when SNOTEL SWE indicates all snow has melted reflects overestimation of snow
accumulation and/or underestimation of cumulative ablation in the net snowfall calculation.

To diagnose the behavior of SNOTEL net snowfall contrasted against PRISM net snow-
fall, the net snowfall components can be decomposed into their snow accumulation and snow
ablation counterparts (Figure 1.5). Evidently, throughout most of the water year, SNO-
TEL accumulated snow exceeds PRISM accumulated snow. SNOTEL cumulative ablation
also exceeds PRISM cumulative ablation around and during the ablation season, but the
magnitude of the difference is much smaller. The substantial difference in SNOTEL accu-
mulated snow and PRISM accumulated snow drives the difference in SNOTEL net snowfall
and PRISM net snowfall.
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Further decomposing the accumulated snow and cumulative ablation components into
their precipitation (P) and temperature (T) input datasets, we observe the striking under-
estimation of SNOTEL P by PRISM P (Figure 1.6), especially between November and May.

The underestimation of PRISM P to SNOTEL P can be attributed to several factors. The
statistical interpolation procedure underlying PRISM smooths precipitation data across grid
cells, which tends to diminish localized high precipitation events and overestimate low or zero
precipitation areas [21, 17]. In complex mountainous regions, this smoothing effect leads to
significant underestimation of large precipitation events because the interpolation struggles
to capture the high spatial variability and intensity of these events [65]. Additionally, the
reliance of PRISM on elevation for modeling may not fully account for the nuanced effects
of wind direction, airflow dynamics, and complex terrain, further contributing to its dry bias
[53, 27]. SNOTEL data themselves may experience measurement errors (e.g., wind-blowing
effects and undercatch biases) [25, 62], exacerbating the discrepancy. Precipitation gauges
are also often located in lower elevation areas (relative to surrounding landscape) that are
easier to access, leading high elevation areas where precipitation is more variable and intense
to be underrepresented in the PRISM interpolation [65]. Some differences between PRISM
P and SNOTEL P may also arise from inherent challenges in comparing point data with grid
cell averages [49, 65]. To assess whether this grid-to-point comparison significantly drives
the discrepancy, analysis comparing PRISM P to other point-level precipitation datasets,
such as from the GHCN, could be useful.
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Figure 1.4: SNOTEL SWE compared to SNOTEL net snowfall and PRISM net snowfall at
SNOTEL sites, averaged across sites and years on each day.
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Figure 1.5: SNOTEL and PRISM accumulated snow and cumulative snow ablation at SNO-
TEL sites, averaged across sites and years on each day.
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Figure 1.6: SNOTEL and PRISM precipitation at SNOTEL sites, averaged across sites and
years on each day.
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Figure 1.7: SNOTEL and PRISM temperature at SNOTEL sites, averaged across sites and
years on each day.

Figures 1.8 and 1.9 compare the climatological mean and standard deviation (mean and
standard deviation computed across all sites and years, for each day) of UA SWE, our re-
construction of UA SWE, and a systematic decomposition of UA SWE components against
SNOTEL SWE at SNOTEL sites. In both figures, building upon SNOTEL net snowfall (or-
ange line), “Avg Ratio SNOTEL Net Snow” (purple line) represents a simple bias-corrected
SNOTEL net snowfall (where SNOTEL net snowfall on each day is scaled using a fixed SNO-
TEL ratio, which is the average SNOTEL ratio across all sites on that day) and “Krig Ratio
SNOTEL Net Snow” (red line) represents an additional level of complexity in the scaling of
SNOTEL net snowfall, through a more sophisticated interpolation approach that results in
SNOTEL ratios that differ across sites on each day. “PRISM Net Snow” (green line), “Avg
Ratio PRISM Net Snow” (blue line), and “Krig Ratio PRISM Net Snow” (purple line) are
the analogous PRISM counterparts, where interpolation of the SNOTEL ratio increases in
complexity, but is multiplied by PRISM net snowfall instead of SNOTEL net snowfall. The
latter is equivalent to our reconstruction of UA SWE.

Collectively, the climatological time series show that net snowfall as a direct proxy for
SWE is flawed, in line with what was observed in Figure 1.4. The seasonality is shifted
and too much snow is predicted during the accumulation season. As a result, applying a
correction to net snowfall is critical for offsetting these errors. While both the simple aver-
aging and kriging approaches produce similar average SWE estimates, the kriging method
exhibits greater variability, particularly during the ablation season, leading to a larger spread
and closer alignment with SNOTEL SWE compared to the averaging approach (Figure 1.9).
Moreover, importantly, the choice of input data (SNOTEL vs PRISM) strongly influences
the resulting snow predictions. This is seen by the significant difference in net snowfall
(and resulting SWE) derived from SNOTEL compared to PRISM, where PRISM underes-
timates. This strong impact of the choice of input data is also apparent from comparing
the red and brown lines — when only SNOTEL data is used in the UA SWE algorithm,
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the climatological mean and standard deviation of resulting SWE predictions is much closer
to that of SNOTEL SWE. When PRISM data is incorporated into the algorithm, however,
underestimation of the resulting SWE predictions becomes much more pronounced, visible
throughout the entire water year.

In summary, Figures 1.4 to 1.9 suggest that the underestimation of SNOTEL SWE by
UA SWE at SNOTEL sites is primarily due to discrepancies between PRISM and SNOTEL
records. Specifically, the underestimation of PRISM P to SNOTEL P affects their respec-
tive accumulated snow and, consequently, the net snowfall estimations. The net snowfall
formulation and interpolation approach do not fully account for the differences caused by
discrepancies in the input datasets.
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Figure 1.8: Climatological mean of SNOTEL SWE compared to that of UA SWE and UA
SWE reconstruction, including decomposition of UA SWE components. Note that SNOTEL
and PRISM net snowfall decrease after peak SWE due to the zero-resetting approach used
to handle snow ablation exceeding snow accumulation (i.e., Chapter 2 approach). Values on
dates prior to June 30 are of interest.
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Figure 1.9: Climatological standard deviation of SNOTEL SWE compared to that of UA
SWE and UA SWE reconstruction, including decomposition of UA SWE components. Values
on dates prior to June 30 are of interest.

Underestimation of UA SWE by UA SWE Reconstruction

Next, we examine the underestimation of our reconstruction of UA SWE to the UA SWE
product.

To investigate which behaviors are most influential in driving the underestimation of UA
SWE Reconstruction, we categorize daily changes in UA SWE values into positive change
(accumulation), no change, and negative change (ablation). No (zero) change in predicted
SWE is possible because UA SWE publishes its SWE values as whole numbers. This is
presumably a result of rounding their final predicted values. To align with UA SWE, we
round our reconstructed SWE values to whole number for this analysis.

Within each of the three categories, we further stratify the daily changes in our UA
SWE Reconstruction to identify systematic patterns. Figures 1.10, 1.11, and 1.12 illustrate
this: the top panel displays the total difference in daily changes in UA SWE and UA SWE
Reconstruction, aggregated across all days within each stratum of UA SWE Reconstruction
behavior, for each of the three categories of daily UA SWE change, respectively. The bottom
panel shows the proportion of days falling within these strata for each of the three categories
of daily UA SWE change. Additionally, Figure 1.13 presents the total difference between
daily changes in UA SWE and UA SWE Reconstruction (i.e., aggregated across all strata)
for the three categories of daily UA SWE change, allowing us to assess the relative magnitude
of differences among these categories.
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Figure 1.10: Stratification of the UA SWE Reconstruction behavior on days that UA SWE
experiences positive change (accumulation). Top panel shows, for each stratum, the total
difference in SWE predicted by UA SWE and UA SWE Reconstruction (UA SWE - UA SWE
Reconstruction) across all sites and years for each month. Bottom panel shows proportion
of days falling within each stratum for each month.
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Figure 1.11: Stratification of the UA SWE Reconstruction behavior on days that UA SWE
experiences no change. Top panel shows, for each stratum, the total difference in SWE
predicted by UA SWE and UA SWE Reconstruction (UA SWE - UA SWE Reconstruction)
across all sites and years for each month. Bottom panel shows proportion of days falling
within each stratum for each month.
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Figure 1.12: Stratification of the UA SWE Reconstruction behavior on days that UA SWE
experiences negative change (ablation). Top panel shows, for each stratum, the total differ-
ence in SWE predicted by UA SWE and UA SWE Reconstruction (UA SWE - UA SWE
Reconstruction) across all sites and years for each month. Bottom panel shows proportion
of days falling within each stratum for each month.
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Figure 1.13: Total magnitude of differences in SWE predicted by UA SWE and UA SWE
Reconstruction (UA SWE - UA SWE Reconstruction) for each category of UA SWE behavior
(accumulation, no change, ablation), across all sites and years for each month.

We focus our discussion and analysis primarily on the accumulation season because water
resource managers are most concerned with water quantity at peak SWE timing. Addition-
ally, as the snow season progresses, the cumulative nature of UA SWE estimates introduces
increasing confounding errors, making it more challenging to diagnose and disentangle be-
haviors.

During the accumulation season, specifically between November and April, the predom-
inant behavior of UA SWE is accumulation (positive daily change), as the magnitude of
total daily accumulation exceeds that of total daily constant and total daily ablation (Figure
1.13). Figure 1.10 shows that during this period, when UA SWE predicts accumulation, our
UA SWE Reconstruction frequently predicts accumulation, but the quantity is lower. On
days where UA SWE predicts no change in SWE, UA SWE Reconstruction most commonly
also predicts no change in SWE (Figure 1.11, specifically bottom panel). When UA SWE
predicts ablation, UA SWE Reconstruction most commonly predicts no change in SWE, with
some instances of accumulation (Figure 1.12). However, because total UA SWE accumula-
tion is considerably greater than ablation, especially between November and February, the
overestimation of ablation by UA SWE Reconstruction has less impact on the discrepancy
between UA SWE and UA SWE Reconstruction than the underestimation of UA SWE ac-
cumulation by UA SWE Reconstruction. Thus, a key reason for UA SWE Reconstruction’s
underestimation of UA SWE is its tendency to predict lower snow accumulation during the
snowy months.

Besides the main patterns discussed in the previous paragraph, there are some discrep-
ancies between UA SWE and UA SWE Reconstruction during the accumulation season that
are puzzling. On the surface, it is confusing (1) why there are days where UA SWE Recon-
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struction predicts ablation or no change in SWE when UA SWE predicts accumulation; (2)
why the magnitude of accumulation predicted by UA SWE and UA SWE Reconstruction
at times differ drastically, and (3) how UA SWE Reconstruction could estimate accumu-
lation or no change in SWE when UA SWE predicts ablation. Some of these differences
are due to kriging. For example, in Case (1) where UA SWE Reconstruction ablates when
UA SWE accumulates, kriging is often the cause for the discrepancy when SNOTEL net
snowfall and PRISM net snowfall both show accumulation. However, in other situations,
it is much less clear whether the differences are due to differences in kriging or driven by
differences in decisions made in data preprocessing, the net snowfall computation, and/or
handling of numerical issues. In Case (1) where UA SWE Reconstruction ablates when UA
SWE accumulates, for example, when SNOTEL net snowfall and PRISM net snowfall both
exhibit zero or negative daily change, it is ambiguous as to why UA SWE accumulates. It
could be due to kriging, but it could also point to aforementioned data and/or computational
drivers. As another example, Case (3) where UA SWE Reconstruction shows zero change
but UA SWE ablates often corresponds to days that experience zero SNOTEL and PRISM
precipitation and negative SNOTEL and PRISM temperature. It is likely that negative daily
change in UA SWE on these days is a result of their kriging; however, the possibility that
data preprocessing steps and/or differences in the true UA SWE approach to computing net
snowfall contribute to this negative change in UA SWE cannot be ruled out.

During the ablation season, UA SWE Reconstruction predicts large amounts of ablation
when UA SWE predicts accumulation or no daily change in SWE. When UA SWE predicts
ablation — which is the most dominant category (Figure 1.13) — UA SWE Reconstruction
typically predicts lower ablation, though there are also notable instances where we predict
higher ablation. The total amount of ablation overestimated by UA SWE Reconstruction
across the three categories (sum across Figures 1.10, 1.11, and 1.12), exceeds the amount
of ablation underestimated by UA SWE Reconstruction during May and June. This sug-
gests that UA SWE Reconstruction may generally overestimate ablation, contributing to
the overall underestimation compared to UA SWE. However, drawing a definitive conclu-
sion is challenging due to the cumulative nature of the estimates and the influence of snow
accumulation discrepancies from earlier in the year.

Examining the data, we identify some large magnitude differences between UA SWE
and UA SWE Reconstruction during the ablation season, specifically in relation to our
reconstruction’s prediction of ablation. Investigation reveals that large negative daily changes
in UA SWE Reconstruction, which contribute at least in part to the discrepancy with UA
SWE, are sometimes directly attributable to kriging. However, there are also a notable
number of days where SNOTEL SWE, SNOTEL net snowfall, and PRISM net snowfall
values would suggest ablation, but UA SWE predicts accumulation (or no change). It is
unclear if these discrepancies are due to kriging, data, and/or computation differences on
the UA SWE side.

In sum, these findings suggest that underestimation of our UA SWE reconstruction to the
published product is at least in part due to lower snow accumulation predicted throughout
the accumulation season and possibly higher ablation predicted during the ablation season.
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Discrepancies in the daily changes in SWE estimates can be attributed to one or more of the
following factors. First, undocumented data cleaning or preprocessing steps in UA SWE,
including possible regridding of the PRISM grid and methods for handling outliers or miss-
ing data, for which we made flawed assumptions. Second, differences in the interpolation
(kriging) of the SNOTEL ratio, such as variations in the geographical extent of the interpo-
lation. Third, the computation of net snowfall might differ due to modeling decisions and
assumptions made in dealing with data intricacies discussed earlier, such as the rain-snow
partitioning scheme, ablation regression, UA SWE’s treatment of zero SNOTEL net snow-
fall, and how UA SWE dealt with occurrences where cumulative ablation exceeded snow
accumulation.

To conclude, the UA SWE algorithm itself is relatively straightforward, particularly in
terms of accumulation, which is where some of the major discrepancies occur between our
reconstruction and their values. Given this, our inability to more closely match their values
emphasizes the importance of reproducibility for public data products, in particular making
code open source so that other researchers can fully reproduce a methodology in order to
understand, assess and build upon the methodology.

Code Availability

Code associated with research in this dissertation can be found here.

1.7 Overview

In this chapter, we introduced key scientific terms, concepts, and datasets that will be
referenced and leveraged throughout the dissertation. The remainder of this dissertation
is organized as follows. In Chapter 2, we assess the sensitivity of UA SWE estimates to
varied input data and modeling decisions and systematically decompose errors underlying
the product. Taking inspiration from UA SWE, Chapter 3 proposes a novel method for
estimating SWE that addresses some of the limitations in the UA SWE algorithm. Chapter
4 examines issues related to point-scale evaluation of gridded data and discusses possible
factors contributing to misalignment between gridded SWE data and the true SWE surface,
which is only known theoretically.

https://github.com/michelleyu1/
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Chapter 2

Quantifying Variability and Error of a
Gridded SWE Product

2.1 Introduction

Given the scientific and socioeconomic importance of snow and associated data, extensive
understanding of the nature and magnitude of errors underlying gridded data products on
snowpack properties such as SWE is essential for enhancing their reliability and utility.
However, few studies have juxtaposed uncertainties in gridded SWE products. The studies
that do exist found high uncertainty, variability, and bias across products in their estimates of
SWE [46, 79, 81]. For example, [79] reported that interpolation methods employed by gridded
snow products produce 40%-66% of the differences in WUS-wide peak SWE estimates [64].

In this chapter, we quantify errors underlying the UA SWE algorithm. Our approach en-
compasses a sensitivity analysis and an error decomposition to disaggregate total errors into
individual components to disentangle the complex interplay of factors influencing predicted
SWE variability and accuracy. By thoroughly examining errors and uncertainties underly-
ing empirical SWE prediction, we aim to enhance understanding of limitations inherent in
current gridded SWE data products and guide future development toward more robust and
reliable estimates.

This chapter is organized as follows. Section 2.3 outlines the methodology employed for
sensitivity analysis and error decomposition. Section 2.4 presents the results of our analyses,
including the identification and quantification of major error sources. Finally, Section 2.5
summarizes our key conclusions and outlines recommendations for further investigation.

2.2 Datasets

A list of SWE datasets was outlined and described in Sections 1.3 and 1.5. This chapter
utilizes SNOTEL SWE and UA SWE.
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2.3 Methods

Our investigation of error in UA SWE is composed of a sensitivity analysis and an error
decomposition. The sensitivity analysis quantifies how UA SWE predictions vary based
on different input datasets and modeling assumptions. The error decomposition quantifies
the incremental error contributed by different configurations of UA SWE. In this section, we
first identify the major drivers of the UA SWE algorithm and introduce alternative modeling
decisions for each driver. These default and alternative modeling decisions are used directly
in the methodology underlying the two analyses, which we will then describe in detail.

Main Drivers of the UA SWE Algorithm

To understand the relative importance and impact of the different components that make up
the SWE estimates derived from the UA SWE algorithm, we first identify the major drivers
or sources of uncertainty in the UA SWE algorithm. These are:

1. Precipitation (P) in the PRISM net snowfall component

2. Average temperature (T) in the PRISM net snowfall component

3. Rain-snow partitioning threshold (Th) in the PRISM net snowfall component

4. Interpolation technique (ϕ) used to smooth the SNOTEL ratio

Other potential sources of uncertainty arise from assumptions in the modeling of cumulative
snow ablation, and combining or comparing site (point) values and grid averages.

To analyze the variability and error in UA SWE, we consider alternative modeling de-
cisions for each of these main drivers. We regenerate UA SWE by substituting alternative
datasets for precipitation, average temperature, and the rain-snow partitioning threshold
and alternative statistical approaches for interpolation. As summarized in Table 2.1, we
substitute PRISM precipitation and temperature with GridMET and Livneh precipitation
and temperature, respectively, the fixed 2◦C rain-snow partitioning temperature threshold
with a dynamic temperature threshold [29], and the default ordinary kriging (OK) approach
with inverse distance weighting and with OK with a nonzero nugget.

To assess the variability and uncertainty in UA SWE produced by precipitation, temper-
ature, and the rain-snow partitioning threshold, we omit interpolation from UA SWE and
evaluate SWE uncertainty at the point-level at SNOTEL sites. To assess the variability in
UA SWE due to interpolation, we include interpolation in UA SWE. In essence, our anal-
ysis is split into two separate cases: one of UA SWE at the site-level (hereafter, “ignoring
interpolation”) and one of UA SWE as is (hereafter, “including interpolation”).
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Key UA SWE Drivers Modeling Decisions

Temperature
PRISM∗

GridMET
Livneh

Precipitation
PRISM∗

GridMET
Livneh

Rain-Snow Partitioning Threshold
Fixed 2◦C∗

Jennings

Interpolation (ϕ)
OK with no nugget∗

OK with nugget = 0.04
IDW

Table 2.1: The four key drivers of UA SWE and their associated datasets or statistical
approaches considered in our sensitivity analysis and error decomposition. ∗indicates the
default dataset or approach employed by the UA SWE algorithm.

Alternative Modeling Decisions

We describe each dataset and statistical approach outlined in the previous section.

Gridded Precipitation and Temperature Datasets

By default, PRISM net snowfall uses gridded precipitation and temperature data from the
4 km × 4 km PRISM product. PRISM uses advanced regression-based interpolation tech-
niques to combine meteorological station data, including from the SNOTEL network, and
topographic information to generate physically-informed gridded estimates of a range of
climate variables, including precipitation and temperature [59].

While the choice of PRISM as the data source for precipitation and temperature is
logical, other standard precipitation and temperature gridded datasets exist that could serve
as alternatives to PRISM. We discuss the methodologies underlying GridMET and Livneh
precipitation and temperature data in the following subsections.

GridMET P and T GridMET precipitation and temperature data (∼4 km spatial reso-
lution) combine PRISM data with regional reanalysis (NLDAS) data [1].

GridMET precipitation is derived by scaling daily NLDAS precipitation with a ratio of
monthly PRISM precipitation to monthly NLDAS P.

For minimum and maximum temperature, GridMET is derived by adding a correction
factor of the difference between monthly average PRISM temperature and monthly average
NLDAS temperature to daily NLDAS temperature. To obtain daily mean temperature for
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use in our analyses, we take the average of the minimum and maximum temperature on each
day.

Livneh P and T The generation of gridded precipitation and minimum and maximum
temperature was described in Section 1.3. Livneh precipitation combines station and PRISM
data, whereas Livneh temperature is derived from applying a constant lapse rate to station-
interpolated temperature data [40, 41]. To obtain daily mean temperature for use in our
analyses, we take the average of the minimum and maximum temperature on each day.

Since Livneh and UA SWE are not at the same spatial resolution (∼6 km compared to
4 km), nearest neighbor resampling was applied to match the Livneh grid to the UA SWE
resolution when Livneh is used as input to UA SWE including interpolation.

Rain-Snow Partitioning

The UA SWE algorithm uses a fixed, or uniform, 2◦C temperature threshold to partition
precipitation into rainfall and snowfall in the accumulation of snow. Despite the utilization of
a uniform rain-snow partitioning threshold being common in land surface and snow models,
the air temperature at which rain and snow fall in equal frequency varies significantly across
larger regions [29]. Given this, we consider an alternative approach to rain-snow partitioning
using a dynamic thresholding approach.

Jennings Dynamic Rain-Snow Partitioning Product Using land-based meteorolog-
ical station data, binary logistic regression models were optimized to predict daily snow
occurrence based on combinations of temperature, relative humidity, and surface pressure
variables. These models were trained and validated on 6- and 3-hourly synoptic weather re-
ports, spanning 1978 to 2007. The trained models are then applied to daily summaries from
a gridded reanalysis dataset to produce daily snowfall probabilities that are used to derive
a rain-snow partitioning temperature threshold for each grid cell [29]. Figure 2.1 shows the
Jennings rain-snow partitioning temperature thresholds across the UCRB.
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Figure 2.1: Jennings [29] dynamic rain-snow partitioning temperature threshold estimates,
clipped to the UCRB region.

Interpolation Approaches

UA SWE employs OK with selected parameters. Since spatial interpolation may affect
the accuracy of the resulting continuous field, part of our study strives to understand the
sensitivity of UA SWE to the interpolation method used. In the next two subsections, the
default kriging approach, along with alternative interpolation techniques considered in our
analyses, are discussed.

Ordinary Kriging (OK) Kriging estimates values at unsampled locations by modeling
spatial autocorrelation in the data. Works such as [28], [15], and [14] provide comprehensive
overviews of the methodology. Only a summary of the general principles is included here.
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In OK, the interpolated value Ẑ(s0) at a target location s0 is calculated by:

Ẑ(s0) =
n∑

i=1

λiZ(si)

where Z(si) is the observed value at sampled location i and n is the total number of ob-
servations. The weight λi is informed by the spatial correlation structure described by a
variogram model fit to the observed data, which helps determine how much influence each
observation should have on the estimation at the target location.

By default, the interpolation method of choice in UA SWE is ordinary kriging with a
spherical variogram with no nugget effect. Zero nugget means that no variation is assumed
for infinitesimally small separation distances, leading to the estimated surface interpolating
precisely through the observed data points. One of the alternative approaches we consider
is the same ordinary kriging with a spherical variogram with a nugget effect, so that some
variation is assumed for infinitesimally small separation distances. This nugget can be at-
tributed to a combination of measurement errors and natural variation at distances smaller
than the sampling interval.

Inverse Distance Weighting (IDW) Inverse distance weighting (IDW) estimates values
at unsampled locations based on the weighted average of observed values at nearby locations.

In IDW, the interpolated value Ẑ(s0) at a target location s0 is calculated by:

Ẑ(s0) =

∑n
i=1wiZ(si)∑n

i=1wi

where n is the total number of observations (sampled locations). The weight wi assigned to
each observation Z(si) is inversely proportional to its Euclidean distance, di, from the target
location s0:

wi =
1

dpi
where p is a user-defined parameter.

Sensitivity Analysis

We use analysis of variance (ANOVA) to partition the total variance in SWE estimated by
the UA SWE algorithm. In other words, ANOVA is used to evaluate the contribution of
each source of uncertainty to the total predicted uncertainty in UA SWE. As discussed in
the previous section (Section 2.3), the major sources of uncertainty in SWE estimation are
temperature, precipitation, the rain-snow partitioning threshold, and interpolation. As SWE
naturally varies across space and time, spatial and temporal effects also play a significant
role in generating variability in SWE estimation. These factors that drive the major sources
of uncertainty in estimating SWE as well as the alternative modeling datasets or approaches
substituted for each corresponding source, as applicable, are summarized in Table 2.2.
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Factors Estimates

Temperature (T)
PRISM

GridMET
Livneh

Precipitation (P)
PRISM

GridMET
Livneh

Rain-Snow Partitioning Threshold (Th)
Fixed 2◦C
Jennings

Interpolation (ϕ)
OK with no nugget

OK with nugget = 0.04
IDW

Location
First Site/Grid Cell

...
Last Site/Grid Cell

Year
WY 1986

...
WY 2016

Table 2.2: Estimates corresponding to each factor in our ANOVA setup.

We carry out two variance decomposition analyses: the first is an ANOVA analysis
on UA SWE ignoring interpolation and the second is an ANOVA analysis on UA SWE
including interpolation. In both cases, an ANOVA analysis is independently conducted for
each day, enabling understanding of how the sources of uncertainty influencing UA SWE
evolves throughout the water year.

The ANOVA analysis on UA SWE ignoring interpolation is conducted at SNOTEL site
locations, where the generation of UA SWE estimates takes place at grid cells containing
SNOTEL sites and therefore the interpolation of the SNOTEL ratio is omitted. This setup
explicitly highlights the variability produced by precipitation, temperature, and the rain-
snow partitioning threshold. Note that since no gridding is involved in this analysis, data
from PRISM, GridMET, Livneh, and Jennings grid cells containing SNOTEL sites are first
extracted and then used as input to the UA SWE algorithm.

The ANOVA analysis on UA SWE including interpolation is conducted for two sets of
grid cells:

1. Grid cells containing SNOTEL sites.
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2. Snow covered grid cells, defined via the snow seasonality metric (SSM) [56, 57]:

SSM =
DaysSeasonal Snow −DaysEphemeral Snow

Days with Snow

where DaysSeasonal Snow is the number of days with at least 60 days of continuous non-
zero SWE and DaysEphemeral Snow is the number of remaining days with non-zero SWE.
By definition, completely ephemeral snowpacks receive an SSM value of -1 whereas the
SSM value of completely seasonal snowpacks is +1. The SSM is calculated over each
individual water year. We define “snow covered grid cells” as those whose average SSM
across the water years in the study period exceeds 0.

The analysis on the first set of grid cells provides a useful comparison to the site-level setup,
while the analysis on the second set of snow covered grid cells provides a more comprehensive
picture of the behavior of UA SWE across the region at large. These grid-level analyses
inform on the variability produced by interpolation and the potential effect of interpolation
on precipitation, temperature, and the rain-snow partitioning threshold.

Mathematically, ANOVA splits the total sum of squares (SST) into sums of squares due
to the individual effects. In the case of UA SWE ignoring interpolation, the SST can be
decomposed as:

SST = SSP + SST + SSTh + SSloc + SSyear + SSI + SSresid

= main effects + interactions + residuals
(2.1)

where SSI encompasses the interactions between the main effects of interest: P , T , and Th.
SSresid explains the remaining variation, including interactions between location and year
with the main effects of interest. A detailed mathematical formulation of the decomposition
in Eq. 2.1 is available in Appendix A.1.

Since the individual interaction we are particularly interested in is the precipitation and
temperature interaction, we can rewrite the above equation as follows:

SST = SSP + SST + SSTh + SSloc + SSyear + SSP :T + SSI∗ + SSresid

= main effects + interactions + residuals

In the case of UA SWE including interpolation, the SST can be decomposed as:

SST = SSP + SST + SSTh + SSϕ + SSloc + SSyear + SSI + SSresid

= main effects + interactions + residuals
(2.2)

Similarly, to highlight the precipitation and temperature interaction, we can once again
re-organize the terms:

SST = SSP + SST + SSTh + SSϕ + SSloc + SSyear + SSP :T + SSI∗ + SSresid

= main effects + interactions + residuals
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If the impact of certain other interaction terms is desired, we can rearrange the interaction
term in the same way.

The formulation above in Eq. 2.1 and Eq. 2.2, denoted “Comprehensive ANOVA,” is
general in that the individual sums of squares are computed based on SWE estimates from
all locations (sites or grid cells) and years. However, since we are more interested in the
amount of variability associated with the various modeling configurations, we focus on an
alternative approach to aggregate sums of squares. Instead of a single ANOVA conducted
for SWE estimates across all locations and years, a separate ANOVA is conducted at each
location across years and then the sums of squares are added across locations. Concretely,
for d sites or grid cells, when interpolation is ignored in UA SWE:

SST =
d∑

l=1

(
SSPl

+ SSTl
+ SSThl

+ SSyearl + SSIl + SSresidl

)
and when interpolation is included:

SST =
d∑

l=1

(
SSPl

+ SSTl
+ SSThl

+ SSϕl
+ SSyearl + SSIl + SSresidl

)
This formulation removes spatial (location) effects in the computation of SST, more

effectively isolating the main effects of interest. Since spatial effects are no longer present,
the residuals in this formulation encapsulate the interactions between year and the P , T ,
and Th main effects.

Error Decomposition

In the error decomposition analysis, we pull apart and systematically decompose errors in the
UA SWE algorithm to understand the incremental error injected into UA SWE estimates by
the various modeling decisions, assumptions, and input datasets employed by the algorithm,
as well as how the errors change should alternative modeling decisions or input datasets be
used.

We decompose errors following two setups: one of UA SWE ignoring interpolation and
one of UA SWE including interpolation. Errors from both are computed at the point-
level at SNOTEL sites (so that model-derived SWE estimates can be directly compared to
groundtruth SNOTEL SWE), but the generation of SWE estimates in the latter analysis
incorporates kriging. Decomposing errors when excluding interpolation from UA SWE allows
for direct evaluation of errors contributed by input datasets and modeling decisions aside
from interpolation, whereas including interpolation in the assessment of UA SWE error
informs on the effect of smoothing methods as well as their interactions with input datasets
and other modeling decisions, such as the rain-snow partitioning approach.

Note that there are subtle differences in the ordering of point-to-grid alignment between
the error decomposition of UA SWE ignoring interpolation and UA SWE including interpo-
lation. In the case of UA SWE ignoring interpolation, the grid cells containing the SNOTEL
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sites are first extracted from PRISM, GridMET, Livneh, and/or Jennings data then the
UA SWE algorithm is run based on these inputs, followed by evaluation of predicted SWE
against SNOTEL SWE at the sites. In the case of UA SWE including interpolation, the UA
SWE algorithm is first executed with gridded PRISM, GridMET, Livneh, and/or Jennings
data for the PRISM net snowfall component. Then grid cells containing SNOTEL sites are
extracted for evaluation of predicted SWE against SNOTEL SWE at the sites. Hence, the
difference between the two types of runs lies in which variable(s) the point-to-grid comparison
takes place. In UA SWE ignoring interpolation, the point-to-grid comparison manifests in
the effect of SNOTEL T and/or P versus PRISM T and/or P through the algorithm. In UA
SWE including interpolation, the point-to-grid comparison only manifests in the evaluation
stage when comparing SNOTEL SWE to the UA SWE prediction.

While the error decomposition analyses are characterized as understanding the error
contributed by various components of the algorithm, part of the error is natural because UA
SWE is a gridded product using gridded inputs and is being evaluated against point level
data.

Error in UA SWE

First, we dissect the UA SWE algorithm and quantify errors contributed by each model-
ing decision in the algorithm. To do this, we incrementally modify a component in UA
SWE, starting from SNOTEL SWE. The relative magnitude contributed by each UA SWE
configuration C when compared to SNOTEL SWE is:

ϵC =
SWEC

SWESNOTEL

(2.3)

In the case of UA SWE ignoring interpolation, the alternative configurations of UA
SWE consist of substituting SNOTEL P for PRISM P and then SNOTEL T for PRISM
T in the PRISM net snowfall component. In the case of UA SWE including interpolation,
the alternative configurations of UA SWE consist of adding incremental complexity to the
smoothing of the SNOTEL ratio.

The percentage difference, or error, between SWEC and SWESNOTEL (i.e.,
SWEC−SWESNOTEL

SWESNOTEL
)

can subsequently be approximated by:

δC = log(ϵC)

since log ϵC ≈ ϵC − 1 for ϵC = 1.

Error from Alternative Modeling Decisions

To quantify the error contributed by each source of uncertainty, the SNOTEL ratio in the
UA SWE algorithm is kept fixed while the other components are modified. The error de-
composition setup can be thought of as building blocks adding steps of error components
(or complexity). The relative magnitude contributed by each alternative modeling decision
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in each step can be quantified in the following manner based on comparing predicted SWE
in the current step to predicted SWE in the previous step:

ϵX =
SWEX

SWEX−1

(2.4)

for X = 2, 3 in the case of UA SWE ignoring interpolation and X = 2, 3, 4 in the case of
UA SWE including interpolation. SWE1 corresponds to SNOTEL observed SWE (equivalent
to SWESNOTEL in Eq. (2.3)).

As before, the error contributed by each modeling decision to the peak SWE value is
the percentage difference between SWEX and SWEX−1 (i.e., SWEX−SWEX−1

SWEX−1
), which can be

approximated by:
δX = log(ϵX) (2.5)

since log ϵX ≈ ϵX − 1 for ϵX = 1.
In the case of UA SWE ignoring interpolation, only the PRISM net snowfall component

is modified through the substitution of alternative P, T, and Th datasets (Table 2.1). The
error decomposition steps can therefore be thought of in the following manner, with the first
step corresponding to the baseline ground truth SNOTEL SWE:

1. SNOTEL observed SWE, which equates to using SNOTEL T and P data in place of
PRISM T and P to compute the PRISM net snowfall component of UA SWE when
interpolation is ignored.

2. UA SWE ignoring interpolation. The error from this configuration, corresponding to
δ2 in Eq. (2.5), is calculated by comparing it to SNOTEL SWE (Step 1), which serves
as the reference.

3. SWE estimated by the UA SWE algorithm ignoring interpolation, with modified input
data for computing PRISM net snowfall. Here, the PRISM net snowfall component
is computed using either GridMET/Livneh T and/or P data in place of PRISM T
and/or P or the dynamic Jennings Th in place of the default fixed 2◦C Th. The error
from each of these alternative configurations is summarized in δ3 in Eq. (2.5); each is
calculated by comparing the alternatively derived UA SWE prediction to default UA
SWE ignoring interpolation (Step 2), which serves as the reference.

To compare against SNOTEL SWE as the reference (if desired), this can be achieved
mathematically by ϵ3 ·ϵ2 = SWE3

SWE2
· SWE2

SWE1
= SWE3

SWE1
. Subsequently, for error approximation,

a logarithmic transformation can be applied to ϵ3 · ϵ2, as in Eq. (2.5).

In the case of UA SWE including interpolation, both the PRISM net snowfall component
and the interpolation is modified. The error decomposition steps are outlined in the steps
below. We employ spatial cross validation (k = 4 splits). Note that the errors are computed
at grid cells corresponding to the SNOTEL sites rather than grid cells spanning the entire
geographic region of the UCRB. This is to allow for direct validation against SWE measured
at the SNOTEL sites, since the true SWE is unknown at the grid-level.
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1. SNOTEL observed SWE, which equates to using SNOTEL T and P data in place of
PRISM T and P to compute the PRISM net snowfall component of UA SWE and
when interpolation is ignored (equivalently, when interpolation does not influence the
SNOTEL ratio).

2. UA SWE including interpolation (default OK with no nugget). Here, SNOTEL T and
P data continue to be used in place of PRISM T and P to compute the PRISM net
snowfall component. The error from this configuration, corresponding to δ2 in Eq.
(2.5), is calculated by comparing it to SNOTEL SWE (Step 1), which serves as the
reference.

3. SWE as estimated directly by UA SWE, where PRISM T and P are used to compute
the PRISM net snowfall component. The error from this configuration, corresponding
to δ3 in Eq. (2.5), is calculated by comparing it to predicted SWE from Step 2, which
serves as the reference.

If desired, comparing against SNOTEL SWE as the reference can be achieved mathe-
matically by ϵ3 · ϵ2 = SWE3

SWE2
· SWE2

SWE1
= SWE3

SWE1
. Subsequently, for error approximation, as

in Eq. (2.5), a logarithmic transformation can be applied.

4. SWE estimated by the UA SWE algorithm, with modified input datasets or inter-
polation method. Here, either GridMET/Livneh T and/or P data is used in place
of PRISM T and/or P to compute the PRISM net snowfall component, the dynamic
Jennings Th is used in place of the default fixed 2◦C Th to compute the PRISM net
snowfall component, or IDW/OK with nugget is applied in place of the default OK
with no nugget for the interpolation of the SNOTEL ratio. The error from this con-
figuration, corresponding to δ4 in Eq. (2.5), is calculated by comparing it to UA SWE
(Step 3), which serves as the reference.

Once again, to compare against SNOTEL SWE as the reference (if desired), this can
be achieved mathematically by ϵ4 · ϵ3 · ϵ2 = SWE4

SWE3
· SWE3

SWE2
· SWE2

SWE1
= SWE4

SWE1
. Subsequently,

for error approximation, a logarithmic transformation can be applied on ϵ4 · ϵ3 · ϵ2, as
in Eq. (2.5).

2.4 Results

Sensitivity Analysis

Ignoring Interpolation (Point-Level)

Ignoring interpolation in the UA SWE algorithm allows us to assess the variability in SWE
estimates produced by the algorithm formulation at the site locations directly.
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(b) Fractional variance.

Figure 2.2: Aggregated site-specific ANOVAs of fractional and total variance explained by
each factor on each day at SNOTEL sites.

Figure 2.2 shows the fractional and numerical contribution of each factor to the total
variance in UA SWE on each day through the snow season. It is apparent that the majority
(> 98%) of the variability in UA SWE estimates is in fact due to temporal variability across
years and residual variability (which encapsulates temporal interactions with other factors),
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with temporal effects being the most dominant, explaining over 80% of the total UA SWE
variability across the snow season. The variance explained by the main effects of interest
(precipitation, temperature, rain-snow partitioning threshold) is barely visible in Figures
2.2b and 2.2a.

To obtain a clearer view of the factors of interest, we remove the temporal and residual
effects from the illustration, zooming in on the variability explained by the main effects of
interest. This is shown in Figure 2.3.
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Figure 2.3: Aggregated site-specific ANOVAs of fractional and total variance explained by
each factor on each day at SNOTEL sites. Temporal and residual effects are excluded to
highlight main effects of interest.

Figure 2.3a shows that there is low variability in UA SWE estimates at the beginning and
end of the snow season (October and June, respectively). During the snow season, variabil-
ity in the UA SWE algorithm gradually increases as the snow season progresses, peaking in
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April when SWE is often at a maxima. Throughout the accumulation and ablation seasons,
variability in the UA SWE algorithm is predominantly driven by precipitation and temper-
ature, accounting for over 90% of the total variability contributed by modeling decisions,
as seen in Figure 2.3b. In October, precipitation contributes more variability than temper-
ature. Between mid-October and mid-December, temperature contributes more variability
than precipitation. Between mid-December and early May, precipitation plays the dominant
role in contributing to the total variability. From May onwards (through the end of the snow
season in late June), temperature gradually contributes more to the total variability as SWE
fully ablates.

Since snow falls and ablates during most of the snow season, the effects of both pre-
cipitation and temperature are present and significant in explaining UA SWE variability
throughout the snow season. As the accumulation season progresses during the year, the
effect of precipitation on UA SWE variability gradually increases and becomes the most
dominant driver of SWE estimation, with its influence peaking around the peak SWE pe-
riod (late winter to early spring, typically around March and April). This is expected since
the computation of snow accumulation depends on precipitation data and SWE quantity is
heavily driven by falling snow during these months. Additionally, temperature is typically
low during these months, which means there is little effect on the rain-snow partitioning and
no considerable ablation. As the ablation season unfolds following the peak SWE period,
temperature gradually explains a more considerable proportion of the total variance in UA
SWE than precipitation. This is also expected since the computation of snow ablation de-
pends strictly on temperature data and the occurrence of ablation is stronger during these
months. Nevertheless, the cumulative effect of snow accumulation throughout the water year
is still evident via precipitation, albeit to a smaller degree, even in these summer months.

The rain-snow partitioning scheme, on the other hand, contributes very little variability to
the algorithm’s SWE estimates throughout the entire snow season. A possible explanation
is that although the dynamic Jennings thresholds across the UCRB categorically exceed
the fixed 2◦C threshold (Figure 2.1), the difference in their partitioning of precipitation is
minimal in this geographic region. The effect of the partitioning scheme does not exceed 4%
on any day (Figure 2.4).

The interaction between precipitation and temperature, exhibited in the net snowfall
computation, contributes some, but not substantially, to UA SWE variability.
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Figure 2.4: Percentage of sites and years that precipitation is partitioned differently by the
default 2◦C threshold and the dynamic Jennings threshold.

Including Interpolation

Including interpolation in the UA SWE algorithm allows us to assess the full algorithm on
the grid cells, as the product is intended.

At grids corresponding to SNOTEL sites We first discuss results for grid cells con-
taining SNOTEL sites. The spatial distribution of these grid cells is shown in Figure 2.5.
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Figure 2.5: Distribution of grid cells in the UCRB corresponding to SNOTEL sites (dots or
squares) for an arbitrary day (April 1, 2000).
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(b) Fractional variance.

Figure 2.6: Aggregated cell-specific ANOVAs of fractional and total variance explained by
each factor on each day at grid cells containing SNOTEL sites.

Including interpolation in the modeling process significantly increases the total variance
in UA SWE, with the total variance being approximately 4.4 × 109 when interpolation is
included, compared to approximately 1.1 × 109 when interpolation is ignored, indicating
that interpolation amplifies the variability in UA SWE estimates at SNOTEL site locations
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by approximately four times. Nevertheless, similar to results from the point-level analysis,
Figure 2.6 shows that > 98% of the total variance in UA SWE is attributed to temporal
and residual variability, with around 80% of the total variance attributed to year-to-year
temporal variability, on average, and the remainder to temporal interactions.

To better assess the variance explained by the main effects of interest, we once again
remove the temporal and residual effects in the illustration. This is shown in Figure 2.7.
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(b) Fractional variance.

Figure 2.7: Aggregated cell-specific ANOVAs of fractional and total variance explained by
each factor on each day at grid cells corresponding to SNOTEL sites. Temporal and residual
effects are excluded for clarity.

From October through April, precipitation and temperature explain around 50%-70% of
the variability in UA SWE. Precipitation explains more variability during the snowy season
between December and April and temperature explains more variability during the bulk of
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the ablation season after April.
While the main effect of interpolation contributes relatively little to the total variability

in UA SWE in the accumulation season, its effect increases beginning in April and becomes
dominant by June, during the main ablation season. This is likely due to inconsistencies in
the timing of full ablation (i.e., zero SWE) across sites and years. Different sites will reach full
ablation on different days during the ablation season, resulting in days where interpolation
is conducted on a wider range of ratio values, contributing to heightened variability.

Similar to in the point-level results, the main effect of the rain-snow partitioning scheme
explains a trivial amount of variability in UA SWE. This can similarly be attributed to the
categorical exceedance of the Jennings dynamics thresholds to the fixed 2◦C threshold (Figure
2.1) across the UCRB, where the partitioning outcomes differ in less than 4% of cell-years on
any day (Figure 2.4). However, when interpolation is included in the UA SWE algorithm,
interactions that involve precipitation and the rain-snow partitioning scheme (namely, P:Th,
P:T:Th, P:Th:Interpolation, and P:T:Th:Interpolation) become key drivers in UA SWE
variability. These interactive effects are especially prevalent during the accumulation season
and begin to decrease as the ablation season approaches. This is in line with physical
understanding because the computation of snow accumulation in the UA SWE algorithm
is based on applying the thresholding scheme directly to precipitation data, whereas the
computation of cumulative ablation does not rely on precipitation or the thresholding scheme,
and snow accumulates very little during the ablation season. These are the most significant
interaction terms out of all combinations of the main effects and are brought out by the
incorporation of interpolation in the algorithm. Comparing the total variance plots in the
point-level analysis to the present analysis (Figures 2.3a and 2.7a), we observe that the
inclusion of interpolation leads to these interactive effects contributing as additional variance
(rather than replacing any proportion of the total variance observed when interpolation is
ignored).

While the interactions involving precipitation and the rain-snow partitioning scheme
produce the most dominant interactive effects, the interaction between precipitation and
temperature on UA SWE variability is present, but relatively small after December. All
other interactive effects are considerably smaller, with their combined effect contributing up
to 10% of the total variability in the ablation season and almost 0% during most of the
accumulation season.

At grids in snow covered cells Here, we discuss results for snow covered grid cells
only, as defined by the SSM. SSM is used to distinguish grid cells where seasonal (or more
persistent) snow exists throughout the water year, rather than ephemeral (or short lived)
snow. The map of seasonal snow covered cells in the UCRB is shown in Figure 2.8.
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Figure 2.8: Distribution of snow covered grid cells in the UCRB, as defined by the SSM, for
an arbitrary day (April 1, 2000). Snow covered grid cells are indicated in yellow. Red dots
indicate SNOTEL sites.
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(b) Fractional variance.

Figure 2.9: Aggregated cell-specific ANOVAs of fractional and total variance explained by
each factor on each day at snow covered grid cells.

As in the point-level analysis and the grid-level analysis at grid cells corresponding to
site locations, the total variance in UA SWE is predominately attributed to temporal and
residual variability (> 98%), with around 80% of the total variance attributed to year-to-year
temporal variability, on average, and the remainder to temporal interactions.
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To better assess the variance explained by the main effects of interest, we once again
remove the temporal and residual effects and focus on the main effects in the illustration in
Figure 2.10.
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(a) Total variance.
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(b) Fractional variance.

Figure 2.10: Aggregated cell-specific ANOVAs of fractional and total variance explained by
each factor on each day at snow covered grid cells. Temporal and residual effects excluded
for clarity.
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The partitioning of variance computed across all snow covered grid cells behaves very
similarly to the partitioning of variance computed only at grid cells containing SNOTEL
sites. Specifically, at snow covered grid cells, precipitation and temperature continue to
explain a significant amount of total variability in UA SWE, the interactive effects containing
precipitation and the rain-snow partitioning scheme continue to be significant, and the non-
interactive effect of the rain-snow partitioning scheme is negligible. While interpolation also
plays an important role in explaining UA SWE variability during the ablation season, its
fractional effect is smaller than that seen at grid cells corresponding to site locations.

Error Decomposition

Ignoring Interpolation (Point-Level)

30 20 10 0 10 20 30
Mean Peak SWE Error (%)
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Figure 2.11: Error decomposition of UA SWE components, when interpolation is ignored in
the algorithm. Solid colored bars indicate the average of the δC errors on April 1, computed
across sites and years. Bars with red hue signify underestimation and bars with blue hue
signify overestimation relative to the reference (SNOTEL SWE in this case). The horizontal
black error bars represent 95% confidence intervals (mean ± 1.96 × standard error) with
respect to the reference. The black dashed vertical line marks the error of the reference
(SNOTEL SWE), which is 0% by definition.

In Figure 2.11, the first row labeled “SNOTEL” refers to utilizing SNOTEL P and T in place
of PRISM P and T in the PRISM net snowfall component of the UA SWE algorithm when
ignoring interpolation. By definition, there is zero error. The next two rows “PRISMP”
and “PRISMT” are a decomposition to quantify the effect of each modeling component that
make up UA SWE. “PRISMP” and “PRISMT” refer to using PRISM P and PRISM T,
respectively, to compute the PRISM net snowfall component, keeping SNOTEL as the data
source for T and P, respectively. These represent the individual effects of PRISM P and
PRISM T on SWE estimation via the UA SWE algorithm. The amalgamation of these
modeling decisions is captured in the last row, “PRISM”, which is exactly the UA SWE
algorithm ignoring interpolation. 95% confidence intervals around the mean errors of each
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row are included. The computation of standard errors in the confidence intervals assumes
independence. This is an approximation because repeated samples at each site introduces
dependence.

The utilization of PRISM P in the UA SWE algorithm produces negative error, while
the utilization of PRISM T in the UA SWE algorithm produces positive error, although at
a lower magnitude, on average. Using both PRISM P and T together leads to UA SWE
underestimation compared to SNOTEL SWE at SNOTEL sites. Notably, the magnitude of
underestimation is larger than the negative error exhibited by only using PRISM P. These
behaviors indicate that the input data used for the gridded net snowfall component (i.e.,
the PRISM net snowfall component) is a catalyst for biasing SWE estimates away from
SNOTEL SWE. This may be attributed to differences in the precipitation and temperature
series from gridded products compared to SNOTEL. In particular, the discrepancy between
SNOTEL and PRISM precipitation starting in November, as seen in Figure 2.13, drives
PRISM underestimation of accumulated snow, contributing to its underestimation of SWE
at peak SWE time.
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Figure 2.12: Error decomposition of alternative UA SWE modeling decisions, when inter-
polation is ignored in the algorithm. Solid colored bars indicate the average of the δ2 and
δ3 errors on April 1, computed across sites and years. Bars with red hue signify underesti-
mation and bars with blue hue signify overestimation relative to the reference (“SNOTEL”
and “PRISM” for δ2 and δ3, respectively). The horizontal black error bars represent 95%
confidence intervals (mean ± 1.96 × standard error) with respect to the reference. The black
dashed vertical line marks the mean SNOTEL SWE error (0% by definition) and the grey
dashed vertical line marks the mean error of “PRISM” (i.e., UA SWE ignoring interpola-
tion).

The rows in Figure 2.12 capture the errors associated with alternative modeling decisions
that could have been made in the generation of UA SWE. Substituting GridMET P or Livneh
P for PRISM P in the UA SWE algorithm adds negative error to the UA SWE estimates,
on average. Since the generation of both GridMET P and Livneh P depend on PRISM P
and their average time series (across all sites and years) are comparable (Figure 2.13), the
difference in errors exhibited by using GridMET P or Livneh P is likely a result of the scaling
of PRISM P underlying the generation of GridMET P and Livneh P.

On the other hand, substituting GridMET T or Livneh T for PRISM temperature in the
UA SWE algorithm reduces the SWE error, offsetting some of the error exhibited by UA
SWE. On average, GridMET T corrects for some of the UA SWE error. The small differences
in errors on UA SWE produced by using GridMET T over the default setting is likely a result
of the generation procedure of GridMET T, which is a scaling, or adjustment, of PRISM
T. On the other hand, using Livneh T in place of PRISM T in the UA SWE algorithm
offsets the error considerably. This may be explained by Livneh generally predicting lower
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temperature than PRISM, especially during the snow season, as seen in Figure 2.14. Lower
temperature predictions from Livneh leads to lower cumulative degree days, resulting in lower
predicted cumulative ablation and therefore higher predicted SWE, explaining the reduction
in SWE error when Livneh T is used, when compared to SNOTEL SWE. It is notable that
Livneh T underestimates SNOTEL T, which is similar to PRISM T and Gridmet T. Livneh
T is generated based on the GHCN temperature network and is completely independent of
SNOTEL T, unlike PRISM T and GridMET T, which incorporate SNOTEL T into their data
generation procedure. Some studies have suggested a warm bias in SNOTEL Tmeasurements
in colder conditions, in part due to lack of homogenization of data collected by old and new
sensors [54, 42]. The inclusion of a lapse rate correction in Livneh T may also explain its
underestimation compared to SNOTEL T.

For GridMET, the interaction between the P and T products shows some evidence of
offsetting errors in the UA SWE estimates. Given that the confidence interval around the
mean incremental error with respect to PRISM spans both negative and positive values,
there is substantial uncertainty about whether using GridMET P and T leads to fewer or
more erroneous SWE estimates compared to using PRISM P and T, on average. Meanwhile,
for Livneh, the interaction between the P and T products consistently offsets approximately
half of the errors underlying UA SWE estimates.

Finally, employing the dynamic Jennings temperature threshold instead of the fixed 2◦C
threshold for partitioning rain and snow in the estimation of snow accumulation has a trivial
effect on UA SWE prediction at SNOTEL sites. This is explained by Figure 2.4, which
shows that the partitioning of rain and snow by Jennings compared to the fixed temperature
threshold differs at less than 3% of sites and years before and on April 1. Thus, at the
majority of stations in most years, the fixed and Jennings thresholds partition precipitation
into the same category of rain and snow. As a result, the fixed threshold introduces minimal
uncertainty. This result might be specific to the UCRB and warrants further research in
other mountainous regions.
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Figure 2.13: Average precipitation across sites and years on each day from the SNOTEL,
PRISM, GridMET, and Livneh data sources.
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Figure 2.14: Average temperature across sites and years on each day from the SNOTEL,
PRISM, GridMET, and Livneh data sources.
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Figure 2.15: Error decomposition of UA SWE components, when interpolation is included in
the algorithm. Solid colored bars indicate the average of the δC errors on April 1, computed
across sites and years. Bars with red hue signify underestimation and bars with blue hue
signify overestimation relative to the reference (SNOTEL SWE and subsequently “krigSNO-
TEL”). The horizontal black error bars represent 95% confidence intervals (mean ± 1.96 ×
standard error) with respect to the reference. The black dashed vertical line marks the error
of the SNOTEL SWE reference, which is 0% by definition and the grey dashed vertical line
marks the error of the “krigSNOTEL” reference.

In Figure 2.15, the first row “SNOTEL” refers to using SNOTEL precipitation and temper-
ature in place of PRISM precipitation and temperature at the SNOTEL site-level in the UA
SWE algorithm (which includes interpolation by default). By definition, there is zero error.
The fifth row “PRISM” refers to the UA SWE algorithm with its default configuration.

The sequence of “SNOTEL Net Snow”, “AvgSNOTEL”, and “KrigSNOTEL” experi-
ments (corresponding to the second, third, and fourth rows) systematically decompose and
quantify the errors produced by the interpolation in the UA SWE algorithm. In all three
steps, the PRISM net snowfall component of the UA SWE algorithm is computed using
SNOTEL precipitation and temperature rather than PRISM. More specifically, since net
snowfall is treated as a proxy for SWE, “SNOTEL Net Snow” quantifies the difference be-
tween SNOTEL net snowfall and SNOTEL SWE. In other words, it quantifies the error
of UA SWE estimates if the SNOTEL ratio is constant at 1.0 across all dates and sites.
“AvgSNOTEL” quantifies the error of UA SWE estimates if the SNOTEL ratio is fixed at
a more informed constant value (rather than assuming 1.0). The average SNOTEL ratio
across all dates and sites is used. “KrigSNOTEL” quantifies the error of UA SWE estimates
if a more sophisticated interpolation scheme (i.e., OK, where the SNOTEL ratio varies in
space and time) is used to scale net snowfall.
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SNOTEL net snowfall (i.e., assuming a net snowfall scaling factor of 1.0) overestimates
SNOTEL SWE. Using a constant average SNOTEL ratio to scale net snowfall in the UA
SWE algorithm reduces this error substantially, resulting in minimal difference when com-
pared to SNOTEL SWE at the SNOTEL sites, on average. The confidence interval spans
the mean error of SNOTEL SWE (i.e., 0%), indicating uncertainty about whether there is
significant difference from SNOTEL SWE. Applying a more intricate interpolation scheme,
such as kriging, to the SNOTEL ratio to scale net snowfall reduces the average error in net
snowfall significantly and consistently. The small negative mean error and its associated
confidence interval not containing the baseline SNOTEL SWE mean error provides evidence
of a significant (albeit small) difference when kriging is used.

The fifth row, “PRISM,” is exactly UA SWE, which exhibits negative error when com-
pared to SNOTEL SWE at SNOTEL sites. The incorporation of PRISM data in the UA
SWE algorithm results in a significant underestimation of UA SWE relative to SNOTEL
SWE. The small errors contributed by smoothing and the ablation modeling, in conjunction
with large negative errors presented when using PRISM P and/or T in the estimation of
net snowfall, suggest that the mathematical formulation of the UA SWE algorithm is gener-
ally sound and reinforces the predominant effect of input data in inducing bias in UA SWE
estimates, at the very minimum at SNOTEL sites in the UCRB.
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Figure 2.16: Error decomposition of alternative UA SWE modeling decisions, when interpo-
lation is included in the algorithm. Solid colored bars indicate the average of the δ2, δ3, and
δ4 errors on April 1, computed across sites and years. Bars with red hue signify underesti-
mation and bars with blue hue signify overestimation relative to the reference (“SNOTEL”,
“krigSNOTEL”, and “PRISM” for δ2, δ3, and δ4, respectively). The horizontal black error
bars represent 95% confidence intervals (mean ± 1.96 × standard error) with respect to
the reference. The black dashed vertical line marks the mean SNOTEL SWE error (0% by
definition) and the grey dashed vertical lines mark the mean error of “krigSNOTEL” and
“PRISM” (i.e., UA SWE).

The rows in Figure 2.16 capture the errors associated with alternative modeling decisions
that could have been made in the generation of UA SWE. Substituting GridMET and Livneh
precipitation for PRISM precipitation in the UA SWE algorithm adds negative error to the
UA SWE estimates, on average. On the other hand, on average, substituting GridMET
and Livneh temperature for PRISM temperature in the UA SWE algorithm offsets some of
the errors in the UA SWE estimates. In particular, using the Livneh temperature series in
place of PRISM temperature in the UA SWE algorithm offsets the error significantly more
frequently. While using GridMET or Livneh precipitation in place of PRISM precipitation
produces similar amounts of added negative error to UA SWE, using Livneh temperature
in place of PRISM temperature produces significantly larger positive error (i.e., reduces
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overall UA SWE error) than using GridMET temperature in place of PRISM temperature.
The dynamic Jennings rain-snow partitioning threshold in place of the default fixed 2◦C
temperature threshold once again exhibited very minor effects on UA SWE estimates.

Overall, with the exception of GridMET P and T whose interaction consistently adds
negative error on top of UA SWE (as evidenced by its confidence interval that is entirely
below the mean error of the UA SWE reference), the incremental errors and associated
confidence intervals in this analysis including interpolation are similar to those found in
the analysis where interpolation was ignored (Figure 2.12). This agreement suggests that
interpolation has a minor effect on differences between predicted SWE and SNOTEL SWE.

2.5 Conclusion

In this study, we proposed a suite of methods for identifying and quantifying compensating
errors in gridded datasets that can be easily concealed when conducting bulk error analy-
ses. We applied our proposed sensitivity analysis and error decomposition approaches to
understand variability and errors underlying the UA SWE gridded product.

Our results suggest that precipitation and temperature are the most significant drivers
influencing variability and bias in the UA SWE algorithm. The impact of precipitation
and temperature lies in both the natural variability of these variables as well as in differ-
ences between datasets providing estimates for these variables. We found that PRISM (and
GridMET and Livneh) underestimation of SNOTEL precipitation propagates errors into UA
SWE estimation. This is because SWE estimation depends on precipitation and it therefore
inevitably inherits some of the errors in the underlying precipitation input data. In terms of
temperature, we found that the Livneh product, whose generation procedure, unlike PRISM
and GridMET, involves a lapse rate correction and does not depend on SNOTEL tempera-
ture data, offsets negative errors produced by the default UA SWE formulation that depends
on PRISM substantially more than GridMET. While this seems to suggest that using the
Livneh temperature product in place of PRISM temperature is favorable for reducing UA
SWE error, Livneh temperature diverges considerably from SNOTEL temperature during
the snow season. Thus, the promising performance of Livneh temperature on UA SWE
prediction may either be misleading due to inaccurate Livneh predictions that happen to
cancel out negative errors in UA SWE or it could be true, in which case reported biases in
SNOTEL temperature records are a concern for producing gridded datasets, such as PRISM
and GridMET, that integrate SNOTEL temperature observations into their data generation
process. In order to draw definite conclusions on which input datasets to employ in algo-
rithms such as UA SWE, a thorough analysis of observed and gridded input datasets, for
variables such as precipitation and temperature, as well as model assumptions, is recom-
mended. Furthermore, careful consideration is required for generalizing findings presented
here to other or larger geographic regions, as results may differ in other areas.

By quantifying uncertainty contributed by model components, our analysis supports
improved SWE model development and helps guide decisions on areas that require additional



CHAPTER 2. QUANTIFYING VARIABILITY AND ERROR OF A GRIDDED SWE
PRODUCT 60

attention.
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Chapter 3

Advancing SWE Prediction through
Statistical Modeling

3.1 Introduction

While gridded products such as UA SWE provide significant utility to the community, as-
sumptions underlying the generation of most gridded SWE products have not been suffi-
ciently investigated. In this chapter, we closely examine methodological decisions, especially
around the prediction of snow ablation, in the UA SWE algorithm and introduce a novel
approach for predicting SWE.

At present, UA SWE estimates snow ablation on a cumulative basis depending strictly on
average air temperature. However, snow ablation, the process of snowpack reduction due to
melting, sublimation, and evaporation, is complex and influenced by a multitude of factors
beyond air temperature, including energy balance dynamics (e.g., longwave radiation, sen-
sible heat flux, and latent heat flux), meteorological conditions (e.g., wind speed, humidity,
and solar radiation), terrain effects (e.g., slope orientation, shading, and local topography),
and snowpack properties (e.g., albedo, density, and grain size) [58, 34].

Following an in-depth discussion on the limitations of the present ablation modeling
approach employed by the UA SWE product development team, we propose an alternative
data-driven approach for modeling ablation. Our proposed approach models ablation on the
daily rather than cumulative scale and takes advantage of a wide range of relevant physical
variables to improve prediction accuracy. We further extend our methodology to produce a
second empirical model that predicts daily SWE directly. Our versatile method can be easily
applied to predict SWE at the point-level as well as extended to generate gridded fields of
SWE across geographical areas of interest.

Our daily SWE modeling approach shares some similarities to a recently published paper
[76], which models daily change in SWE using a support vector regression (SVR). In addition
to differences in covariate sets employed by ours and their method, our daily SWE model
makes no assumptions about the snow state while their approach incorporates various manual
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checks (as does our daily ablation modeling approach). For example, they only uses the
pretrained daily SWE SVR to predict change in SWE on warm days that experience average
temperature exceeding −1◦C; on all other days (i.e., cold days), the change is SWE is simply
taken as the precipitation on that day.

This chapter is structured as follows. Section 3.2 outlines the limitations associated with
the UA SWE ablation estimation approach. Section 3.3 details our proposed ablation mod-
eling approach, including the data and covariates used. A full assessment of the performance
of our proposed ablation modeling approaches in estimating ablation and SWE is provided
in Section 3.4. The implications of our findings are discussed and concluding remarks are
made in Section 3.5.

3.2 Datasets

Datasets Used

A list of SWE datasets was outlined and described in Sections 1.3 and 1.5. This chapter
leverages SNOTEL SWE and UA SWE.

Limitation in UA SWE

Figure 3.1: The UA SWE ablation regression as depicted in Figure 2b of [10]. Each blue
dot represents a day at a SNOTEL site located in a 10◦ × 10◦ longitude-latitude box in the
WUS during the 2004-2007 water years. The green line is the best fit regression line that is
used to estimate cumulative ablation on each day for both SNOTEL and PRISM in the net
snowfall components in the UA SWE algorithm.
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Figure 3.1 illustrates the regression used to estimate ablation in the net snowfall component
in the UA SWE algorithm, taken directly from [10]. The values are taken from SNOTEL
sites within a 10◦ × 10◦ longitude-latitude box in a region of the WUS over the 2004-2007
water years [10]. The quadratic regression utilizes cumulative degree days > 0◦C to predict
cumulative ablation. The cumulative degree days variable is the total degrees across days
in a water year up to the target date for which temperature > 0◦C at the SNOTEL sites.
The outcome variable (cumulative ablation) is defined as the difference between accumulated
snowfall and SWE at the SNOTEL sites.

As is apparent in Figure 3.1, there are large deviations in ablation quantities from the
regression line, implying large errors in the model predicted ablation values. Moreover,
ablation is modeled based solely on average temperature data, through degree days. We
hypothesize that including information from different moments of the diurnal cycle of air
temperature (e.g., minimum and maximum) and additional physical variables could improve
the model’s ability to predict ablation. However, it is not straightforward to include physical
variables in the modeling pipeline when it is on a cumulative scale.

Assumptions made in the UA SWE algorithm also raise some concerns. First, the use
of a rain-snow partitioning threshold leads to some erroneous categorization of precipitation
as rain or snow. Decisions on rain-snow partitioning thresholds are often made in modeling
exercises, however, studies have shown that the chosen threshold does not always yield
accurate predictions of rain versus snow, especially when applied over larger regions [29]. The
sensitivity of the estimation of snow accumulation to a fixed rain-snow partitioning threshold
is illustrated empirically in Figure 3.2. The deviation in climatological snow accumulation
across all days derived from five different partitioning thresholds, ranging from -4◦C to
+4◦C, demonstrates the strong influence the selected threshold value has on estimating
snow accumulation, and therefore SWE. Second, the ablation model assumes that ablation
never occurs on cold days (days where the average temperature falls below 0◦C), even though
it is physically possible through processes such as sublimation. Third, the effects of rainfall
on persisting snow on the ground, or rain-on-snow, on both snow accumulation and ablation
are not able to be explicitly and fully captured in their approach.
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Figure 3.2: Climatological snow accumulation derived from five different fixed rain-snow
partitioning thresholds, from -4◦C to +4◦C. The snow accumulation quantity on each day is
the average snow accumulation across all sites and years in the study area and period.

For these reasons, we seek an alternative ablation modeling approach to estimating snow
ablation that uses daily ablation as the target variable, rather than cumulative ablation.

3.3 Methods

In this section, we describe our proposed daily modeling approaches, the derivation of cumu-
lative SWE across water years from our daily model predictions, and the validation schemes
we employ.

Figure 3.3 provides a high-level overview of our overall approach. After collecting and
cleaning all relevant data, we train two daily models: (1) a daily ablation model whose
ablation predictions are used to derive SWE; (2) a daily SWE model. Feature importance
experiments are carried out during the initial model training stage under the daily ablation
model, in order to narrow down the set of desired input variables to use for the remainder
of the study. Once both the daily ablation and daily SWE models are trained with the
desired covariate set, the daily model predictions are combined mathematically to generate
continuous predictions on the cumulative scale (time series), for SWE as well as intermediate
variables (such as cumulative ablation) when applicable. After the SWE time series are
validated, a best performing model is selected and applied to gridded input data to produce
a gridded field of SWE.
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Figure 3.3: Overview of study workflow, including model training, evaluation, and applica-
tion.
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Modeling Approaches

We investigate two modeling approaches based on the daily scale:

1. Daily ablation modeling, where we train models to predict daily ablation, then pre-
dict SWE on each day in a water year by combining independently estimated snowfall
and ablation components. This approach follows the intuition underlying the UA SWE
algorithm.

2. Daily SWE modeling, where we predict the daily change in SWE and then accu-
mulate the predicted SWE across days for each water year. This approach eliminates
computational intricacies involved in balancing the snow accumulation and snow ab-
lation components, as well as any assumptions on an optimal rain-snow partitioning
threshold.

In the next two subsections, we discuss these two approaches in greater detail.

Modeling Daily Snow Ablation

This approach predicts SWE by estimating snow accumulation and ablation separately and
then taking their difference, as in the UA SWE algorithm. Our focus here is on estimating
the snow ablation component via daily ablation modeling.

Following the notation introduced in Section 1.5 and defining the true daily ablation (At)
on each day as:

At = St − (SWEt − SWEt−1) (3.1)

where snowfall St is the total precipitation observed on day t if mean temperature falls
below the 2◦C rain-snow partitioning threshold and zero if mean temperature exceeds 2◦C.
(SWEt − SWEt−1) is the change in SWE from day t− 1 to day t.

True daily ablation is defined as above, rather than simply the negative change in SWE
on each day (i.e., −(SWEt − SWEt−1)), for several reasons. First, UA SWE defines true cu-
mulative ablation on each day t as the difference between accumulated snow and cumulative
SWE. The daily equivalent on each day t is therefore the difference between snowfall and the
change in SWE, which is exactly Eq. (3.1). Second, there exist discrepancies between pre-
cipitation and SWE quantities recorded at SNOTEL sites on cold days. This phenomenon is
clear when plotting the distribution of differences between observed snowfall (precipitation
on cold days) and change in SWE (Figure 3.4) — there is a non-negligible number of cold
days on which a discrepancy between precipitation and change in SWE is observed. These
differences in the records are largely attributable to instrumental error at the sites (precip-
itation and SWE data are collected by precipiation gauges and snow pillows, respectively)
and since it is unclear whether to interpret them as ablation, defining daily ablation the way
we have here mitigates this challenge and eliminates erroneous estimates caused by instru-
mental differences. Finally, this definition also offers the added benefit of allowing ablation
to occur on snow that falls on the same day.
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Figure 3.4: Distribution of non-zero differences between precipitation on cold days (snowfall)
and change in SWE (dSWE).

We model daily ablation as a function of relevant climate variables (Section 3.3) on days
where ablation may occur. At in Eq. (3.1) is the outcome variable used in the model training,
as well as the ground truth against which daily ablation predictions from our trained models
are validated. Given ablation defined as At in Eq. (3.1), we determined our training datasets
as follows.

We consider three types of daily ablation models, distinguished by differences in the
preprocessing of their training set and by the days on which our models are used to predict
possible ablation:

1. UA SWE-like daily ablation model: This model setup aligns exactly with the
intuition underlying UA SWE. According to the UA SWE algorithm, ablation on a
day can only occur when temperature is greater than zero (cumulative degree days is
based on degree days exceeding 0◦C), regardless of the amount of precipitation. So, we
allow the model to predict daily ablation only on days where T > 0◦C, as long as there
is already snow present on the ground. All other days are filtered out of the training
set and assumed to experience zero ablation when the model-predicted daily ablation
quantities are accumulated to produce cumulative ablation time series and cumulative
SWE time series.

2. Physically-constrained daily ablation model: This model is constrained based on
physical intuition. Physically, on days where snow is already present, we expect SWE
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may decrease because of ablation on days with high temperature or on days where no
snow falls (through melt or sublimation). Based on this reasoning, we allow our model
to predict daily ablation on days with snow on the ground, either when temperature
exceeds the rain-snow threshold (melt) or when temperature falls below the rain-snow
partitioning threshold and no precipitation occurs (sublimation). All other days are
filtered out of the training set and assumed to experience zero ablation when the model
predicted daily ablation quantities are accumulated to produce cumulative ablation
time series and when generating cumulative SWE time series.

3. Full daily ablation model: This model learns and predicts daily ablation on all days
except when no snow is present on the ground and no precipitation occurs (as there
is nothing to ablate). The idea is that the model will determine on its own, based on
the information we provide it, whether a day should or should not experience ablation.
Unlike in the configuration of the physically-constrained daily ablation model, the
configuration of the full daily ablation model allows ablation to occur on days that
experience snowfall, which corresponds to days where there is snow falling for only
part of the day.

A tabular summary of these three model configurations is included in Table B.1.

Predicting SWE from Modeled Daily Ablation From our model-predicted daily ab-
lation (Ât), cumulative ablation (Â1:t) can be computed in a straightforward manner by
summing across the water year:

Â1:t = Â1:t−1 + Ât (3.2)

Continuous estimates of cumulative SWE can also be derived across an entire water year
following a straightforward procedure similar to that of the UA SWE algorithm:

ŜWEt = ŜWEt−1 + (Ŝt − Ât) (3.3)

where ŜWEt−1 is the cumulative SWE predicted from the previous day, snowfall Ŝt is the total
precipitation on day t if temperature falls below the 2◦C rain-snow partitioning threshold
and zero otherwise, and Ât is daily ablation predicted directly by our model.

Modeling Daily SWE

This approach models SWE directly, bypassing the need for any arbitrary decision-making
in the modeling process.

We define the true daily SWE on each day as the change in SWE (∆SWE) from the
previous day:

∆SWEt = SWEt − SWEt−1 (3.4)

Just like in the daily ablation model, we model daily SWE as a function of relevant
climate covariates on days where we expect SWE may be present. We utilize the same set of
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climate covariates as inputs to the daily SWE (dSWE) model, except ∆SWEt in Eq. (3.4)
is the target variable used for model training and evaluation in place of At in Eq. (3.1).

When there is no snow already on the ground (i.e., when SWEt−1 = 0 mm) and no
precipitation recorded (i.e., Pt = 0 mm), we expect there to be no change in SWE (i.e.,
∆SWEt = 0 mm). Under all other conditions, SWE has the potential to increase or decrease.
As a result, we allow the dSWE model to learn and predict on all days except those that
experience zero SWE and zero precipitation. These days are filtered out of the training set
and assumed to be zero when accumulating the daily SWE quantities.

Predicting SWE from Modeled Daily SWE A continuous time series of SWE over
a water year can be easily derived from our dSWE model by accumulating predicted daily
SWE across time:

ŜWEt = ŜWEt−1 + ∆̂SWEt (3.5)

where ∆̂SWEt is the change in SWE prediction on day t taken directly from the dSWE model

and ŜWEt and ŜWEt−1 are cumulative SWE quantities on day t and day t− 1, respectively.

Modeling Decisions

Input Variables

UA SWE depends solely on average temperature to predict snow ablation, and solely on
precipitation and average temperature to predict SWE. Precipitation also directly affects
melt rates through processes such as rain-on-snow [39]. As part of this study, we investigate
whether the inclusion of different moments of daily air temperature (e.g., minimum and
maximum) and additional variables including precipitation itself improves the predictive
performance of an ablation model in the estimation of SWE. Table 3.1 outlines the full set
of input variables considered in our ablation and SWE modeling exercises, as well as their
associated data sources.
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Variable Units Data Source
Precipitation mm SNOTEL [PRISM]

Mean Temperature (on days t up to t− l, l ∈ {0, 1, 3, 7}) ◦C SNOTEL [PRISM]
Min. Temperature (on days t up to t− l, l ∈ {0, 1, 3, 7}) ◦C SNOTEL [PRISM]
Max. Temperature (on days t up to t− l, l ∈ {0, 1, 3, 7}) ◦C SNOTEL [PRISM]

Elevation m SNOTEL [GTOPO30]
Slope deg GTOPO30
Aspect deg GTOPO30

Diurnal Anisotropic Index (DAH) - GTOPO30
Topographic Solar Radiation Aspect Index (TRASP) - GTOPO30
Snow Water Equivalent on previous day (SWEt−1) mm SNOTEL [Predicted]

Snow Depth on previous day (SDt−1) mm SNOTEL

Table 3.1: Full list of covariates considered in daily ablation and daily SWE modeling.
Variables for which site-level data exists, the corresponding data source at the grid scale, if
available, is indicated in brackets.

Slope and aspect were computed using the Global 30 Arc-Second Elevation (GTOPO30)
Digital Elevation Model (DEM) dataset. DAH and TRASP are indices that account for topo-
graphic aspect and/or slope that help to determine solar radiation loading on the snowpack
(a key driver of dSWE on non-precipitation days). DAH is defined by

DAH = cos(αmax − α) * arctan(β),

where αmax is the aspect receiving the maximum amount of heat, α is the aspect and β is
the angle of the slope [5].

TRASP is defined by

TRASP = 1
2

[
1− cos

((
π
180

)
(α− 30)

)]
.

Beyond precipitation and average temperature, each of the other covariates in Table 3.1
falls into one of the following groups: 1) static terrain characteristics (elevation, slope, aspect,
DAH, and TRASP), which provide spatial context; 2) different moments of the diurnal cycle
of air temperature (minimum and maximum temperature), which provide additional con-
text about temperature conditions that the snowpack experiences (e.g., overnight refreezing
potential); 3) historical weather conditions that influence the current snowpack state in the
form of temporal lags (temperature and precipitation at lagged values), which informs recent
meteorological conditions that may have lingering effects; 4) existing snowpack conditions
(previous day SWE and SD).

Terrain attributes, such as local topography, slope orientation, and shading, strongly
influence snow dynamics, including ablation patterns, particularly in heterogeneous moun-
tainous landscapes. Higher elevations generally experience colder temperatures, which are
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conducive to snow formation, accumulation, and persistence [3]. Steeper slopes generally
accumulate less snow and experience increased ablation rates, due to gravitational effects
and wind redistribution [45]. South-facing slopes receive more solar radiation and experience
faster snowmelt compared to north-facing slopes [51]. Shaded areas may retain snowpack
longer due to reduced solar exposure [45].

In addition to daily average temperature, daily minimum and maximum temperature are
useful because, together, they capture diurnal temperature variations that are critical for
understanding freezing and thawing cycles within snowpack, which influences its stability
and melting rates [33]. Additionally, information on the range of temperatures experienced
by the snowpack provides more comprehensive insight into the surface energy balance that
governs ablation processes like snowmelt and sublimation [58, 33].

Precipitation and temperature temporal lags (indicated by lag days l in Table 3.1) also
influence snow dynamics, including snow ablation, because they capture the delayed response
of snowpack to changes in weather conditions. The influence of changing weather conditions
(e.g., temperature, precipitation, humidity, and solar loading) can take time to accumulate
and melt snow, while temperature changes affect snowmelt rates with a lag due to the thermal
inertia of the snowpack [8].

Previous day SWE reflects the state of the existing snowpack. The combination of previ-
ous day SD and SWE provides additional context on the condition and density of the current
snowpack, which directly impacts how quickly snow melts and how much water is released
during the ablation process.

Each group of covariates has key physical connections to the evolution of snow dynamics.
As a result, one may expect that including all or a subset of these covariate groups could
aid a model in more accurately predicting snow ablation and SWE. We first assess, from an
empirical standpoint, the relative importance of these individual groups of SWE covariates
and their combination on affecting snow ablation modeling. Then, using the most promising
sets of variables, we carry out the entire modeling exercise and the remainder of our analyses.

In model training, we utilize SNOTEL data for variables that are observed by SNOTEL at
the site-level (i.e., precipitation, temperature variables, SD, SWE, and elevation). Variables
that cannot be derived from SNOTEL data alone due to the network’s spatial discontinuity,
yet are important sources of spatial heterogeneity that influence snow (i.e., slope, aspect,
DAH, TRASP), are computed from the GTOPO30 grid and the nearest grid cells containing
the corresponding SNOTEL sites are then used in the model training. Once the models are
trained on site-level data, the same or different site-level data can be fed into the trained
model to predict SWE at certain stations over time or grid-level data can be used as input
variables (indicated in brackets in Table 3.1) if a gridded field or product of SWE is desired.

It is important to note that while SNOTEL SWEt−1 is listed as a covariate in Table 3.1,
it is not a feasible model input since SWE data is not readily available at the grid-level and
SWE is also the variable we are ultimately interested in predicting. Thus, when generating
continuous time series from our trained daily models, the previous day SWE predicted by
our model is used in place of previous day SNOTEL SWE. SDt−1, on the other hand, is only
included and considered in the covariate set to gauge the influence of snow density, since
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it is a key physical factor affecting ablation. SD is not used in the main models leading to
the final results due to gridded data limitations, but a dedicated discussion is included in
Section 3.4 to provide a note on the utility of snow depth in informing ablation, in the event
that snow depth data becomes available at a more consistent spatial and temporal scale in
the future.

Statistical and Machine Learning Models

For each daily ablation and daily SWE modeling approach and each covariate set, we ex-
amined several statistical and machine learning approaches. Since we expect the effects of
the physical variables to be non-additive, we investigated linear and non-linear models of
varying complexities. Linear models are more interpretable and computationally efficient
and provide a baseline understanding of relationships between variables. Non-linear models,
on the other hand, are better able to capture interactions and intricacies in non-additive and
non-multiplicative relationships. Specifically, we considered regression, random forest, and
neural network models. In the following subsections, we provide a brief overview of each of
these model types.

Regression Linear regression is a widely used modeling technique that aims to establish
a linear relationship between the input variables X (Table 3.1) and the continuous target
variable Y (daily ablation or dSWE). The model can be summarized by:

Y = Xβ (3.6)

where Y =


y1
y2
...
yn

, X =


1 x11 x12 . . . x1p

1 x21 x22 . . . x2p
...

...
...

. . .
...

1 xn1 xn2 . . . xnp

, and β =


β0

β1

β2
...
βp

. for p input variables. The

model assumes a linear combination of the input covariates to predict the output variable.
While linear regression is simple to implement and interpret, real world data are usually

complex and nonlinear. Polynomial regression, an extension of linear regression that capture
non-linear relationships between the input and target variables, can therefore be considered.
The fundamental idea is to fit a polynomial equation of degree k to the data, allowing for a
more flexible representation of the underlying relationship. The general form of a polynomial
regression can be expressed exactly as Eq. (3.6),

with Y =


y1
y2
...
yn

, X =


1 x11 x2

12 . . . xk
1m

1 x21 x2
22 . . . xk

2m
...

...
...

. . .
...

1 xn1 x2
n2 . . . xk

nm

, and β =


β0

β1

β2
...
βm

.
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wherem= k·p. The coefficients of the input variables, β, are estimated using optimization
algorithms, such as ordinary least squares, that minimize the difference between the predicted
values from the equation and the actual observed values.

In our modeling efforts, we consider polynomial regression with linear, quadratic, and
cubic terms. It is imperative to acknowledge that incorporating additional terms and non-
linear extensions to the simple linear regression can improve the model’s fitting capacity,
but the resulting model may be more complex, less interpretable, and more susceptible to
overfitting.

Random Forest (RF) Random forest (RF) regression [7] is an ensemble learning tech-
nique. It trains a large number of decision trees on random subsets (bootstrap samples) of
the training data and randomly selects covariates at each node for splitting. Each decision
tree makes independent predictions and the final prediction is the average prediction across
all trees. The randomness in both sample selection and covariate choice reduces the possi-
bility of overfitting and improves the model’s robustness. RF can handle both linear and
non-linear relationships and is equipped to handle high-dimensional data with large number
of covariates that may involve complex interactions. In our study, we build RFs consisting
of 100 trees.

Neural Network (NN) An artificial neural network (NN) [37] is a deep learning model
that consists of interconnected nodes, or neurons, organized into layers that process infor-
mation hierarchically. During training, NNs use backpropagation to iteratively adjust the
weights and biases of the connections between the neurons and refine the network’s pa-
rameters, by minimizing the error between the predicted and actual output. This iterative
process helps the model capture complex non-linear relationships between input and output
variables. In our study, we employ NNs with a single hidden layer consisting of 1024 nodes
and we train the networks for 1500 epochs using a learning rate of 0.0001 and batch size of
256.

Cross-Validation

To train our daily ablation and dSWE models, we divide the 30 water years using an 80%-
20% train-test split, resulting in 24 water years for training and 6 for testing. We employ
k-fold cross-validation with k = 4 to validate our models. In k-fold cross-validation, the 24
water years in the training set are randomly partitioned into four folds of six water years
each. During each iteration, one fold is designated as the validation set while the remaining
three folds constitute the training set. Daily ablation and dSWE models are trained on
the training set and evaluated on the validation set, with performance metrics computed
on the validation set and retained. This process iterates through all folds, ensuring each
serves as the validation set exactly once. After completing the cross-validation procedure,
performance metrics such as those outlined in Section 3.3 are averaged across all folds to
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obtain a final performance metric. Averaging these metrics across folds provides a robust
measure of model performance, accounting for variations in training-validation splits.

Evaluation Schemes

We assess our models following three validation schemes, illustrated in Figure 3.3. First,
we compare our daily ablation models amongst themselves in a straightforward approach on
the daily scale. Then, we assess the performance of our daily ablation models compared to
the UA SWE quadratic regression in estimating cumulative ablation. Finally, we compare
the effect of our daily ablation model, dSWE model, and a point-level UA SWE approach in
predicting cumulative SWE across time and space. In the following subsections, we describe
each of the validation schemes in detail.

Daily Ablation

First, we directly evaluate the performance of our daily ablation models. We carry out
this evaluation scheme by preprocessing the validation and test sets following the same
procedure as the preprocessing of the training set, as outlined in Section 3.3, and then
comparing our daily ablation model predictions on the remaining dates. This approach allows
a straightforward one-to-one comparison of our daily ablation predictions to observed daily
ablation without any influence from decisions in the time series generation. The directness of
this approach also allows us to investigate the importance of various sets of covariates (Section
3.3) under this evaluation scheme. Only the most promising covariate sets determined by
this evaluation are used in subsequent modeling to generate cumulative ablation and SWE
time series.

Cumulative Ablation Time Series

Next, we evaluate the performance of our cumulative ablation predictions. In this evalua-
tion approach, we simultaneously examine the effect of our proposed time series generation
procedure and compare cumulative ablation predictions derived from our modeling approach
directly against cumulative ablation generated by the UA SWE algorithm.

The true cumulative ablation against which we validate our predictions and UA SWE
predictions follows UA SWE’s definition of cumulative ablation in their original estimation
of the ablation regression coefficients:

A1:t = Ŝ1:t − SWEt (3.7)

where Ŝ1:t is accumulated snow, estimated by summing daily snowfall, which is determined
by partitioning daily precipitation with the 2◦C rain-snow threshold.
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SWE

Finally, we evaluate the performance of SWE predictions — the ultimate quantity of interest
— derived from both our daily ablation and dSWE modeling approaches, in comparison to
SNOTEL net snowfall from our reconstruction of UA SWE and a bias-corrected version of
SNOTEL net snowfall (since these are point-level estimates in the UA SWE algorithm). All
of these model-predicted quantities are validated against SNOTEL SWE, the true SWE.

Performance Metrics

We evaluated the performance of all the models under all evaluation schemes using the
coefficient of determination (R2) and root mean squared error (RMSE):

R2 = 1−
∑n

t=1 (observedt − predictedt)
2∑n

t=1 (observedt − observed)2
(3.8)

RMSE =

√∑n
t=1 (observedt − predictedt)

2

n
(3.9)

where n is the total number of data points, i.e., days across sites and years, and observed
denotes the mean of the observations. R2 typically takes values between 0 and 1, with 1
indicating perfect alignment of the predictions to the observations; however a negative R2

is possible if the model performs worse than the mean. This is similar to the Nash-Sutcliffe
Efficiency (NSE), which ranges from −∞ to 1, where 1 denotes perfect prediction. RMSE
takes values greater than or equal to 0, where 0 indicates perfect alignment of the predictions
with the observations.

As we employed cross-validation, all metrics reported in Section 3.4 are metrics averaged
over the validation folds.

3.4 Results

Evaluation of Daily Ablation: Covariate Selection

To establish baselines for evaluating covariate importance, we first assess the predictive
performance of the full daily ablation model with average temperature as the sole input
variable, and then assess the predictive performance of the full daily ablation model with
average temperature and precipitation as the only two input variables. We specifically employ
the full daily ablation model for this evaluation as it has the fewest constraints and therefore
contains the largest number of data points encompassing the widest range of conditions. We
identify the models with average temperature and average temperature and precipitation
inputs as baselines because average temperature is the sole variable on which UA SWE
depends for predicting ablation and precipitation is also an important factor influencing
ablation, through processes such as rain-on-snow [71]. The R2 values of models trained on
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these two covariate sets are represented by the black and grey bars, respectively, in Figures
3.5 (through 3.10).

When average temperature is the sole input variable, model performance increases with
model complexity, with the machine learning models (RF and NN) outperforming regression
models and additional coefficients in regression leading to improved performance. Including
precipitation in addition to average temperature in the covariate set has little effect on the
predictive power of the regression models, but improves the performance of both machine
learning models.

In the following subsections, we evaluate the efficacy of including additional covariates
beyond precipitation and average temperature, specifically by the groups outlined in Section
3.3. As mentioned previously, the goal is to identify the most promising covariate set(s) to
best estimate cumulative ablation and SWE.

Terrain Attributes
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Figure 3.5: Performance of the full daily ablation model trained only with static terrain
covariates, compared to the baselines, under the daily ablation evaluation approach.

When including static terrain attributes in addition to the baseline precipitation and aver-
age temperature covariates, the performance of the regression models is minimally improved,
while the performance of the neural network improves more noticeably. However, the per-
formance of the RF decreases.
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Granular Temperature
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Figure 3.6: Performance of the full daily ablation model trained only with granular temper-
ature covariates, compared to the baselines, under the daily ablation evaluation approach.

When including granular temperature variables in addition to the baseline covariates, the
behavior in performance across statistical models is very similar to that when adding only
static terrain attributes. Specifically, the performance of the regression models minimally
improves and the performance of the neural network more noticeably improves, while the
performance of the RF reduces. The magnitude of the improvement in neural network
against the baseline neural networks is smaller than the magnitude of the improvement in
the neural network adding only static terrain attributes to the baseline covariates. Similarly,
the magnitude of the reduction in performance of the random forest against the baseline
neural networks is larger.
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Historical Weather Conditions
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Figure 3.7: Performance of the full daily ablation model trained with historical weather
condition covariates of differing temporal lags, compared to the baselines, under the daily
ablation evaluation approach.

Including a one day lag of precipitation and average temperature improves the performance
of all models against the baseline — significantly in the regression and NN models and
marginally in the RF.

Including longer precipitation and average temperature lags in the covariate set improves
the performance across all models. Notably, including additional lag days significantly im-
proves the performance of RF, moving it from one of the worst performing models (when
only a one day lag is included) to the best performing model (when up to seven lag days
are included). This significant change in RF performance with the inclusion of additional
meteorological lag variables could suggest the existence of complex temporal patterns in
the data that the random forest model can’t adequately capture unless sufficient lags are
explicitly fed into the model. Overall, out of the various maximum lag days considered for
precipitation and average temperature, seven days leads to the most favorable performance
across models.

Including information on historical weather conditions strongly enhances the performance
of all models, in contrast to including information on terrain attributes or granular temper-
ature, both of which exhibit mixed impacts across models, with the improvements relatively
minimal.
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Figure 3.8: Performance of the full daily ablation model trained with static granular tem-
peraturelags, compared to the baselines, under the daily ablation evaluation approach.

Lags for Granular Temperature Given the significant improvements in model predictive
performance exhibited when lag days for precipitation and average temperature are included
in the covariate set, a question about the potential utility of further incorporating minimum
and maximum temperature and their lags naturally arises. In Figure 3.8, we investigate
these effects. Since including up to seven days of lags proved to be the most effective (Figure
3.7) out of the values examined, we only show results for up to seven lag days.

When including the granular temperature variables, in addition to the baseline and his-
torical weather variables, the predictive performance increases in all models. Implementing
lags of the granular temperature variables leads to marginal improvement in linear regression,
quadratic regression, RF, and NN, and a slightly worse performance in cubic regression.
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All Covariates
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Figure 3.9: Performance of the full daily ablation model trained with all static terrain,
granular temperature, and historical weather (seven day lag) covariates, compared to the
baselines, under the daily ablation evaluation approach.

As illustrated earlier in Figures 3.5 to 3.8, incorporating information on terrain attributes,
granular temperature, and historical weather conditions independently improves the perfor-
mance of some, if not all, models, by varying magnitudes. Since the interaction between
these variables could reveal additional insights that further enhances model learning, we also
consider the effect of training the models with all aforementioned covariates.

Leveraging all covariates improves predictive performance across all models (Figure 3.9),
in comparison to the baseline models as well as to all previously considered models trained
on fewer covariates. Notably, the inclusion of lags on the granular temperature variables
in conjunction with all other physical variables leads to improvements in model predictive
performance across the board.
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SWE
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Figure 3.10: Performance of the full daily ablation model trained with covariates sets in-
cluding previous day SWE, compared to the baselines, under the daily ablation evaluation
approach.

Including previous day SWE on top of the baseline precipitation and average temperature
input variables marginally improves the performance of the regression models and noticeably
improves the performance of the neural network, while reducing the performance of the
random forest. The performance pattern is similar to that observed in Figures 3.5 and 3.6.

However, when including previous day SWE in conjunction with all other physical vari-
ables, the performance of all models is significantly improved, even compared to the pre-
viously best performing covariate set (all aforementioned covariates except SWEt−1), with
random forest continuing to show the best performance.
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SD
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Figure 3.11: Performance of the full daily ablation model trained with previous day SD in
addition to previous day SWE, compared to the baselines, under the daily ablation evaluation
approach.

When previous day SD is also included in the covariate set along with previous day SWE (and
all other covariates), the predictive performance of all models increases further, suggesting
that snow density provides additional insight for predicting snow ablation.

Note that due to additional missing data in the SNOTEL SD record, compared to the
other SNOTEL meteorological records, the results in Figure 3.11 are based on training and
validating models on a subset of site-days from the dataset used in previous subsections.
This difference in datasets explains discrepancies between the R2 values reported for the full
covariate sets excluding SDt−1 but both excluding and including SWEt−1 (olive green and
cyan bars in Figures 3.11 and 3.10).

Discussion

When evaluating the covariate groups individually, including terrain attributes, granular
temperature or previous day SWE as covariates in addition to the baseline precipitation and
average temperature provides marginal benefit in the performance of the regression models,
some improvement to the performance of the NN, and decreases the performance of the RF.

However, the inclusion of temporal lags of the meteorological variables improves model
performance across the board, especially when more lagged values are included. Including
lagged minimum and maximum temperature in addition to lagged precipitation and average
temperature further improves the model performances across the board, although the impact
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is not particularly large. In both cases, including lagged variables up to seven day is the most
effective, followed by including lag variables up to three days, which is in turn more effective
than including only one day lag variables. This suggests that incorporating information
about past meteorological conditions at larger lags is more beneficial for predicting snow
ablation. However, additional experimentation is needed to determine the lag threshold at
which this utility may begin to converge or decline.

Including all covariates with seven day lags except SWEt−1 and SDt−1 improves the pre-
dictive performance of all models over the next best performing corresponding models. This
suggests that there are interactions and/or non-linear relationships between the individual
covariates that are only revealed when covariates are considered altogether.

Injecting information on the previous snow state, via previous day SWE or via previous
day SWE and SD, on top of all other terrain, temperature, and historical variables further
improves model prediction, with the latter exhibiting the best performance.

Based on the covariate selection exercise carried out on the daily scale here, we select
the best covariate set for generating time series of cumulative ablation and SWE. While the
model trained on all covariates, including previous day SWE and SD, shows the strongest
performance overall, data limitations in gridded SD and significant amount of missing data
in the SD SNOTEL measurements makes this covariate set a less feasible option. In the
future, if point- and grid-level SD data become more abundant and reliable, a covariate set
containing SD is a promising avenue to reconsider.

The second best performing covariate set is the one containing all covariates in Table 3.1
except SDt−1. Recall, however, that because we do not possess SNOTEL SWE data in the

validation phase, we instead substitute our model-predicted previous day SWE (ŜWEt−1),
during the prediction phase. As there remains uncertainty around whether and how SWEt−1

may differ from ŜWEt−1, we carry out subsequent analyses of cumulative ablation and SWE
using models trained on the full covariate set with up to seven day lags both including and
excluding previous day SWE.

Evaluation of Cumulative Ablation

The daily ablation evaluation scheme identified the full set of covariates with seven day lags
including and excluding previous day SWE as the practical covariate sets leading to the
most promising model performance. The results shown in the following sections are based
on these two covariate sets.
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Figure 3.12: Performance from the cumulative ablation evaluation scheme. The green bars
correspond to the UA SWE-like daily ablation (dAbl) model, the orange bars correspond to
the physical daily ablation model, and the blue bars correspond to the full daily ablation
model. For each daily ablation model type, the solid bar corresponds to the model excluding

ŜWEt−1 from the covariate set, and the textured bar corresponds to the model including

ŜWEt−1 in the covariate set.

In the daily ablation evaluation scheme, we focused on comparing our models with dif-
ferent covariate sets and model choices. Now, in the cumulative ablation evaluation scheme,
we accumulate daily predictions generated by the trained models over time to construct
cumulative ablation time series (as detailed in Section 3.3). Once on the cumulative scale,
we can naturally extend the comparison to cumulative ablation predicted by the UA SWE
algorithm. For a direct point-level comparison, in Figure 3.12, the performance of cumula-
tive ablation predictions from our models are compared against our implementation of the
UA SWE cumulative ablation regression approach applied to SNOTEL input temperature.

Recall that we considered three configurations for the daily ablation modeling setup
(Section 3.3). The goal of examining these different settings is in part to construct our
approach in a way that closely resembles UA SWE to allow for a more straightforward
comparison of UA SWE to the two more physically based daily ablation modeling approaches
(i.e., the UA SWE-like daily ablation model acts as a bridge to facilitate comparison of UA
SWE to the physical and full daily ablation models).

In Figure 3.12, if we stratify the three modeling configurations by inclusion or exclusion

of ŜWEt−1 from the full covariate set, we observe that cumulative ablation derived from
the full daily ablation model generally performs more favorably than cumulative ablation
predicted by the UA SWE-like and physical daily ablation models across most model types.
This indicates that the full daily ablation modeling approach improves upon the approach
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employed by UA SWE, specifically in largely eliminating its decisions surrounding when
ablation may occur.

Focusing on the modeling configurations when ŜWEt−1 is excluded from the covariate set
(solid colored bars), the full daily ablation model exhibits the largest variance in performance
across models, followed by the physical daily ablation model, while the performance of models
under the UA SWE-like daily ablation model configuration is much more similar. This is not
surprising given that the full daily ablation model configuration requires the model to predict
across the largest number of days, while the UA SWE-like daily ablation model configuration
is the most limited in terms of number of days on which the model predicts ablation (versus

assuming zero ablation). However, when focusing on the model configurations when ŜWEt−1

is included in the full covariate set, this pattern is not apparent.
Dissecting the cumulative ablation results further, we can compare the results within

each model configuration. For the UA SWE-like daily ablation model configuration (solid

and textured green bars), Figure 3.12 shows that including ŜWEt−1 in the full covariate
set improves the performance of all models except quadratic regression and NN. For both

covariate sets (including and excluding ŜWEt−1), RF exhibits the best performance.
A similar pattern is observed within the physical daily ablation model configuration (solid

and textured orange bars), where including ŜWEt−1 in the full covariate set improves the
performance of all models except quadratic regression and NN, although the difference in
NN performance is smaller than the UA SWE-like daily ablation model configuration. For
both covariate sets, RF once again exhibits the best performance.

A different pattern is present within the full daily ablation model configuration (solid

and textured blue bars), where including ŜWEt−1 in the full covariate set only improves the

performance of the linear regression. When including ŜWEt−1 in the full covariate set, NN
exhibits the best performance (followed closely by RF). In contrast, in the case of excluding

ŜWEt−1 from the full covariate set, RF has the best performance (followed closely by NN).
When cumulative ablation predicted by our models is compared against SNOTEL cumu-

lative ablation following the UA SWE methodology, our RF models from all configurations
outperform SNOTEL cumulative ablation. The physical and full cubic regression and NN
models also exhibit comparable or better performance to SNOTEL cumulative. The lin-
ear and quadratic regression generally perform worse than SNOTEL cumulative ablation,

although the UA SWE-like linear regression model including ŜWEt−1 in the covariate set

and the full cubic regression model model excluding ŜWEt−1 from the covariate set show
comparable performance to SNOTEL cumulative ablation.

Overall, the RF under the full daily ablation model configuration excluding ŜWEt−1 from
the full covariate set exhibits the best performance in cumulative ablation prediction across
all model configurations, statistical models, and covariate sets.
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Evaluation of SWE at SNOTEL Sites

Since deriving SWE from our daily ablation models depends solely on linear arithmetic
operations, the relative performance of our models in predicting SWE under the different
daily ablation modeling configurations will be equivalent to the relative performance of our
models in predicting cumulative ablation seen in Figure 3.12. In view of this, this section
will focus solely on results from the full daily ablation modeling approach, comparing them
against results from the dSWE model and SNOTEL net snowfall from UA SWE.
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Figure 3.13: Performance from the SWE evaluation scheme. The blue bars correspond to
the full daily ablation model, whereas the red bars correspond to the dSWE model. For each

model type, the solid bar corresponds to the model excluding ŜWEt−1 from the covariate

set, and the textured bar corresponds to the model including ŜWEt−1 in the covariate set.

The pattern of behavior across models under the full covariate set including and exclud-

ing ŜWEt−1 is the same under the full daily ablation and dSWE modeling configurations

(despite differing in magnitudes), with the covariate set including ŜWEt−1 outperforming

the covariate set excluding ŜWEt−1 only in linear regression and underperforming across all
other models.

Comparing the full daily ablation and the dSWE model, we observe that the dSWE model
performs significantly worse than the full daily ablation model in the quadratic and cubic
regression models, while showing comparable performance in RF, and better performance in
the NN.

When compared to SNOTEL net snowfall (from our reconstruction of UA SWE) at
SNOTEL sites, all linear regression models underperform. For the quadratic regression, only

the full daily ablation with the covariate set excluding ŜWEt−1 outperforms. For the cubic
regression, the full daily ablation model with both covariate sets outperform, with the set
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excluding ŜWEt−1 exhibiting stronger performance. All RF and NN models substantially
outperform SNOTEL net snowfall.

Since SNOTEL net snowfall was previously found to be a biased estimate of SNOTEL
SWE (as discussed in Section 1.6, for instance), we also compare our SWE predictions to
a bias corrected version of SNOTEL net snowfall (purple dashed line in Figure 3.13). The
simple bias correction involves adjusting SNOTEL net snowfall for each site on each day by
multiplying it by the average SNOTEL ratio computed from all sites for that day. When
comparing to the bias-corrected SNOTEL net snowfall at SNOTEL sites, only our RF and
NN models outperform, all with slimmer margins of improvement.

For both covariate sets, the full daily ablation and dSWE machine learning models per-
form well. For subsequent analyses in this section, we focus on predictions from the four

machine learning models driven by the full covariate set excluding ŜWEt−1 since this covari-
ate set leads to the best performance within each model configuration and is generally more
stable across models.
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Figure 3.14: Climatological mean of observed and predicted SWE across the water year,
comparing SNOTEL SWE, SNOTEL net snowfall, bias-corrected SNOTEL net snowfall,
and our full daily ablation (dAblation) and dSWE ML models.
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Figure 3.15: Climatological standard deviation of observed and predicted SWE across the
water year, comparing SNOTEL SWE, SNOTEL net snowfall, bias-corrected SNOTEL net
snowfall, and our full daily ablation and dSWE ML models.

Figures 3.14 and 3.15 show the climatological mean and standard deviation of SWE
values for each day of the water year, comparing SNOTEL against SNOTEL net snowfall,
bias-corrected SNOTEL net snowfall, and our four best performing models. Amongst our
models, SWE predicted by the full daily ablation RF, full daily ablation NN, and dSWE
RF produce similar climatological time series across the entire water year. On average, all
four of our models underestimate SNOTEL SWE at SNOTEL sites during most of the water
year, up until mid-May. SWE predicted by our full daily ablation RF, full daily ablation
NN, and dSWE RF produce similar climatological mean across the entire water year, all
of which are lower than SWE predicted by the dSWE NN around the peak SWE period
between February and May. As June approaches, the average predicted SWE from all models
and observed SNOTEL SWE begin to converge. Throughout the water year, SNOTEL net
snowfall generally overestimates SNOTEL SWE, while the bias correction brings the average
net snowfall estimate close to the average SNOTEL SWE.

In terms of spread, all four of our models exhibit approximately the same climatological
standard deviation as SNOTEL SWE until around mid-April, when they all begin to un-
derestimate until mid-June. Meanwhile, the climatological standard deviation of SNOTEL
net snowfall consistently overestimates that of SNOTEL SWE. The bias correction aligns
the spread of values closer to that of SNOTEL SWE; however, bias-corrected SNOTEL net
snowfall values still exhibit larger spread than SNOTEL SWE values during the accumu-
lation season and after June and smaller spread between mid-April and June. Beginning
in June, the climatological standard deviation of the dSWE NN and to a lesser extent, the
dSWE RF and full daily ablation NN, overestimate that of SNOTEL SWE.

Overall, the climatological mean of bias-corrected SNOTEL net snowfall agrees well with
SNOTEL SWE, but the climatological standard deviation of bias-corrected SNOTEL net
snowfall is less aligned with SNOTEL SWE than that of our models.
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Figure 3.16: Climatological RMSE on each day across the water year for the best performing
full daily ablation and dSWE ML models, compared to SNOTEL net snowfall and bias-
corrected SNOTEL net snowfall.

Examining the daily climatological errors (average RMSE against SNOTEL SWE across
sites and years for each day) of the four best performing models (Figure 3.16), we can
get a better sense of how the errors are distributed across the water year. The RMSE of
the full daily ablation RF, full daily ablation NN, and dSWE RF modeling approaches are
very similar during most of the snow season, from October to mid-May. Compared to bias-
corrected SNOTEL net snowfall, all three models produce comparable error between October
and March, demonstrate slightly greater error in April, and reduce the error between May
and July. Starting around mid-May, the errors of the full daily ablation RF, full daily
ablation NN, and dSWE RF begin to deviate from one another, with the former exhibiting
the lowest climatological error through the end of the water year, followed by the dSWE RF
and then the full daily ablation RF.

The daily climatological errors exhibited by the dSWE NN model differs from our other
three models. Specifically, the dSWE NN produces lower error during the bulk of the snow
season, from November to mid-May, and gradually higher error during the summer season,
beginning around mid-to-late May.

Collectively, the results from Figures 3.13, 3.14, 3.15, and 3.16 suggest that our four ML
models outperform SNOTEL net snowfall at SNOTEL sites.
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(a) SNOTEL Net Snow.
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(b) Bias-Corrected SNOTEL Net Snow.
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(c) Full daily ablation RF.
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(d) Full daily ablation NN.
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(e) dSWE RF.
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(f) dSWE NN.

Figure 3.17: Distribution of site RMSE (against SNOTEL SWE) of SNOTEL net snowfall,
bias-corrected SNOTEL net snowfall, and our full daily ablation and dSWE ML models.
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Figure 3.17 shows the distribution of RMSE of SNOTEL net snowfall and bias-corrected
SNOTEL net snowfall, and our models by site. The RMSE distribution of SNOTEL net
snowfall exhibits a longer skewed tail that the bias-corrected mitigates. The error distribu-
tions of the RF model predictions are more consistent with each other, and those from the
NN model predictions are more similar to each other.

Gridded SWE

All of our results outlined in the previous sections were at the point level at SNOTEL sites
within the UCRB. Our proposed modeling approach can be easily extended to the grid level
to produce a gridded SWE product. We can simply apply our pre-trained daily ablation or
dSWE models to gridded covariate data (data sources outlined in Table 3.1). Practically,
since more detailed information is derived at a higher resolution, we first convert PRISM
meteorological covariate data from 4 km to 30 m resolution using nearest neighbor resampling
to match the spatial resolution of GTOPO30. We then apply the pre-trained models to the
30 m resolution covariate data and then aggregate the predicted values back to the 4 km ×
4 km spatial resolution to match UA SWE for comparison.

Evaluation of Gridded SWE at Grid Cells Containing SNOTEL Sites
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Figure 3.18: Climatological mean of observed and predicted SWE across the water year at
grid cells containing the SNOTEL sites, comparing SNOTEL SWE, UA SWE, and our full
daily ablation and dSWE ML models when PRISM meteorological inputs are used.
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Figure 3.19: Climatological standard deviation of observed and predicted SWE across the
water year at grid cells containing the SNOTEL sites, comparing SNOTEL SWE, UA SWE,
and our full daily ablation and dSWE ML models when PRISM meteorological inputs are
used.

Figures 3.18 and 3.19 show the climatological mean and standard deviation of SWE values
for each day of the water year predicted by our four ML models when 4 km gridded PRISM
is used as input data for the meteorological covariates. The distributions exhibited are
respectively contrasted against Figures 3.14 and 3.15, in which point SNOTEL data was
used as input meteorological data to predict SWE. Evidently, when using gridded PRISM
input data instead of point SNOTEL input data, the mean and standard deviation of SWE
predicted by all four of our ML models, as well as in the estimation of net snowfall, generally
decreases. This demonstrates that when gridding with PRISM data, the resulting predicted
SWE at grid cells containing SNOTEL sites is much lower, on average, than direct point
predictions at sites using SNOTEL meteorological data.
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Figure 3.20: Taylor diagram.

Figure 3.20 is a Taylor diagram of the four best performing models. Taylor diagrams
summarize three different statistical metrics — correlation coefficient, standard deviation,
and centered root mean square difference (RMSD) — in a single graphical representation
[72]. The x- and y-axes of the Taylor diagram represent the standard deviation, the curve
connecting the x- and y-axes illustrates the correlation coefficient, and the faint violet curves
running in the opposite direction indicate contours of RMSD ticks. The correlation coefficient
quantifies the strength and direction of the relationship between observed and predicted
values, taking values between -1 and 1 (only values between 0 and 1 are shown in the
diagram), with 1 being an exact match of SNOTEL observed SWE with model predictions,
and the RMSD takes values greater than 0, with 0 indicating exact alignment between
SNOTEL observed SWE and model predictions. The standard deviation of SNOTEL SWE
is shown with the black dashed curve for reference.
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UA SWE outperforms our four models in terms of correlation and RMSD. UA SWE
maintains a larger standard deviation that is closer to that of SNOTEL SWE. Amongst our
four models, the full daily ablation RF model and dSWE ML models are comparable in
correlation and RMSD and perform more favorably than the full daily ablation NN model
based on these metrics.

Evaluation of Gridded SWE at the Grid Level

While ground truth SWE data is not readily available at the grid level, we can examine
how gridded fields of SWE produced by our method differ from that produced by other
gridded SWE products, such as UA SWE. Based on our findings thus far, the full daily
ablation RF and dSWE NN models exhibit the best overall performance. In this section, we
conduct an analysis of gridded fields produced by the full daily ablation model, delving into
the full grid-level results. For a comparative overview, gridded results from the dSWE NN
model are included in Appendix B.2. Figure 3.21 shows the 4 km gridded SWE from our
full daily ablation RF model compared to UA SWE, and Figure 3.22 shows the difference in
climatological average and standard deviation of peak SWE (April 1) values. The SNOTEL
sites are included for reference (orange dots in the Figure 3.21 maps and black dots in the
Figure 3.22 maps).

In higher elevation mountainous areas that tend to experience more snow during the
winter season, UA SWE estimates are on average higher than SWE predicted by our daily
ablation RF model on gridded covariate data. The spread of SWE predicted by the UA
SWE product also tends to be larger than that predicted by our daily ablation RF model
over most of the UCRB to varying magnitudes; however, there do exist pockets of smaller
areas in the eastern side of the region that exhibit lower standard deviation.

Figure 3.23 reveals that the pattern of UA SWE estimates being higher on average than
SWE predicted by our daily ablation RF model with gridded covariate data does not apply
solely to April 1, but it is a trend observed throughout the snow season. Particularly in more
mountainous regions, UA SWE tends to predict larger SWE, with the difference between
UA SWE and SWE predicted by our model, peaking in April.

This general trend is also evident when comparing the empirical cumulative distribu-
tion functions (ECDF) of the climatological mean and standard deviation of April 1 SWE
predicted by UA SWE and the full daily ablation RF model (Figure 3.24).
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Figure 3.21: Gridded SWE prediction from the full daily ablation RF model compared to
UA SWE on April 1.
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(a) Differences in mean on April 1. (b) Differences in standard deviation on April 1.

Figure 3.22: Differences in the mean and standard deviation of our full daily ablation RF
model compared to UA SWE (i.e., UA SWE - full daily ablation RF SWE) on April 1, by
4 km × 4 km grid.
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Figure 3.23: Difference in mean of our full daily ablation RF model versus UA SWE by 4
km × 4 km grid for each month.
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(a) ECDF of means. (b) ECDF of standard deviations.

Figure 3.24: Comparison of ECDFs of climatological April 1 means and standard deviations
of SWE predicted by UA SWE compared to the full daily ablation RF model at the grid
level over the UCRB.

Discussion

Our training and validation approaches share some similarities and differences to a recent
paper [76] on machine learning for daily SWE prediction. That study, which also leverages
SNOTEL data in model training, was touched upon in this chapter’s Introduction. Their
final model of choice was the SVR and their model configuration differed in where manual
decisions were made (see Section 3.1). While their covariate set differs from ours, there are
similarities, including the use of precipitation, average temperature, minimum temperature,
maximum temperature, as well as consideration of precipitation and temperature lags and
elevation. For model training, their study area and time period differed from ours: they
used SNOTEL data from the WUS for the 2017 and 2018 water years, whereas we used
SNOTEL data from the UCRB covering 80% of the water years from 1986 to 2016 (based
on cross-validation train-test split).

To evaluate model performance, the authors of [76] conducted three main analyses. First,
their model was tested using observation data from a few hundred SNOTEL sites in the
WUS that were not part of the training dataset, covering the 2011 to 2022 water years.
Sites with significant precipitation undercatch were excluded, and only those with complete
daily records for at least five water years were included. They found that the model gen-
erally performed well in simulating SWE and snow melt-out dates, though variability in
snow accumulation predictions was noted. Second, they evaluated model performance at
10 reference stations from the Earth System Model–Snow Model Intercomparison Project
(ESM–SnowMIP). The analysis revealed general robust performance, but significant dis-
crepancies were found at some sites, due to factors such as wind redistribution. Lastly, their
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model’s performance was assessed against gridded snow cover data from remote sensing for
the western Pamir and central Andes regions across two consecutive snow seasons between
2014 and 2016. To generate the gridded predictions, their model relied on 1 km resolution
meteorological inputs from the CHELSA-W5E5 dataset [31]. The evaluation showed high
pixel-wise accuracy in snow/no-snow detection and generally captured the overall trend of
snow cover area. However, various spikes in snow cover area were under- or overestimated.

For site-level evaluation, our approach focused mainly on SNOTEL data. Our method
employs temporal cross-validation, where all sites in the study area are used, but data is
divided based on time periods to ensure that models are trained and validated on different
temporal segments. In contrast, their approach trains and tests on distinct sites and years.
No cross validation was documented in their publication. For gridding, we used 4 km gridded
PRISM data for the meteorological inputs, to match UA SWE. Gridded evaluation against
remote sensing observations for total snow cover, such as Moderate Resolution Imaging
Spectroradiometer (MODIS), would be beneficial to carry out.

Given that our results show that our approach performs better at the point level than the
grid level, there is significant potential for exploring the use of such daily SWE prediction
methods to generate gridded products.

3.5 Conclusion

The ablation modeling approach employed by UA SWE is limited in that it only relies
on daily average temperature data and there is a significant deviation of true cumulative
ablation from the cumulative ablation predicted by the quadratic regression. In this chapter,
we proposed a novel intuitive, straightforward, and versatile approach for predicting SWE,
based on predicting snow ablation or SWE on a daily scale. Our methodology can be easily
applied to available point- and gridded data to predict SWE at point locations as well as
over gridded fields.

Through thorough experimentation, we found that incorporating covariates beyond pre-
cipitation and daily mean air temperature, namely terrain attributes, historical weather
conditions, and additional granular air temperature data, improves model predictive perfor-
mance at out-of-sample site-dates. We also found that predicting SWE directly and pre-
dicting SWE via improved ablation modeling exhibit comparable performance, particularly
when limiting the number of constraints placed on model training and prediction. Amongst
the models considered, the machine learning models tended to outperform standard regres-
sion models, likely due to the ability of the ML models to capture more intricate non-linear
relationships between input variables and their effect on snow ablation.

When the pre-trained models are extended to the grid level and applied to gridded input
data, including 4 km PRISM data for meteorological covariates, the results indicate that
our approach may not perform as well as UA SWE. Additional analysis against true gridded
snow data, such as satellite-based MODIS snow cover data, is needed to draw definitive
conclusions on the performance of our gridded predictions. It would also be worthwhile to
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explore alternative gridded datasets for the meteorological inputs, as they could enhance the
grid level performance of our models.

Presently, our technique, like the majority of other publicly available gridded SWE prod-
ucts, produces deterministic spatiotemporal SWE estimates. One particular direction of
interest lies in transforming our deterministic SWE estimates into probabilistic estimates,
incorporating uncertainties to provide a more comprehensive understanding of the range of
possible outcomes.

Moreover, including additional relevant physical covariates, such as solar radiation, hu-
midity, and wind speed, has strong potential to elevate the predictive performance of our
models. The feasibility of this, however, is contingent upon the availability of point and
gridded data for these variables, which is currently limited. Nevertheless, as the data space
rapidly evolves and when data on these additional variables becomes more widely available
in the future, retraining our models with additional covariates should be a consideration.
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Chapter 4

Consideration of Spatial Scales and
Representativeness in Assessing
Gridded Snowpack Estimates

4.1 Introduction

Due to data limitations in ground truth snow depth (SD) and snow water equivalent (SWE)
data on regular spatial and temporal intervals, the accuracy and representativeness of gridded
SWE data products are often assessed at the point-level with individual grid cells compared
against in-situ measurements or at the grid-level with the full gridded dataset compared
against point-level measurements interpolated to the grid level [47, 4, 82]. Considering
the differences in scale and uncertainty between point and gridded SWE estimates, these
evaluation approaches are inadequate in for assessing gridded SWE estimates [47, 82].

With the emergence of a new remote sensing LiDAR-based measurement method — the
ASO dataset, a very high spatial resolution measurement-based SD and SWE dataset is
now publicly available [18, 55]. While ASO flights are only operated on select days in select
mountain regions, the rich spatial information contained within the flight-derived dataset
provides an unprecedented opportunity to understand, empirically, the true heterogeneity in
SD and SWE in mountainous regions.

In this chapter, we leverage ASO data to evaluate the accuracy of two gridded SWE
products, namely UA SWE and our gridded SWE product proposed in Chapter 3 (henceforth
termed “MY SWE”). Section 4.2 outlines the datasets used in the analyses presented in
this chapter. In Section 4.3, the two gridded data products are evaluated against in-situ
measurements at the site level, specifically from the SNOTEL network. We then discuss
challenges and issues associated with making grid-to-point comparisons. Taking advantage
of the fine spatial resolution of ASO observations within key hydrological basins, we evaluate
UA SWE and MY SWE on the grid-level against aggregated (gridded) ASO SWE in Section
4.4. Finally, in Section 4.5, we conduct analyses to identify potential reasons for the mismatch



CHAPTER 4. CONSIDERATION OF SPATIAL SCALES AND
REPRESENTATIVENESS IN ASSESSING GRIDDED SNOWPACK ESTIMATES 102

between empirically-based gridded products, such as UA SWE and MY SWE, and the true
SWE surface.

4.2 Datasets

Datasets Used

A list of SWE datasets was outlined and described in Sections 1.3 and 1.5. This chapter
leverages SD and SWE data from SNOTEL, ASO, and UA SWE, as well as SWE data from
the MY SWE product developed in Chapter 3. The results related to MY SWE presented
in this chapter are derived from applying the full daily ablation RF model.

We also consider a coarsened version of ASO SD and SWE data, in order to match
the spatial resolution of publicly available PRISM data and UA SWE. We generate these
datasets by aggregating daily ASO data to a 4 km × 4 km spatial resolution. Within each
4 km × 4 km UA SWE grid cell, we average all 3 m SD ASO pixels to produce “Gridded
ASO SD” and average all 50 m SWE ASO pixels to produce “Gridded ASO SWE” datasets.
These observation-based gridded datasets are considered a well-informed representation of
ground truth at the 4 km resolution for grid-level evaluation.

In sum, this chapter uses observational data from SNOTEL and ASO and gridded data
from UA SWE, MY SWE, and Gridded ASO.

To align with ASO data availability in Colorado, the study area is the Colorado ASO
basins, which are located within or immediately adjacent to the UCRB. A list of these basins
during the 2016-2022 study period is presented in Table 4.1.
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Basin Name Flight Dates
Taylor River 03-30-2018

04-08-2019
06-09-2019
02-20-2020
04-21-2022
05-25-2022

East River 03-31-2018
05-24-2018
04-07-2019
06-10-2019
02-14-2020
04-21-2022
05-18-2022

Blue River 04-19-2019
06-24-2019
04-19-2022

Crested Butte 04-04-2016
03-30-2018

Conejos River 04-03-2016
04-15-2022

Rio Grande River 04-03-2016
Grande Mesa 04-07-2019

06-10-2019
Windy Gap 04-18-2022
Dolores 04-15-2022
Animas 05-15-2021

Table 4.1: List of basins in or adjacent to the UCRB surveyed by ASO. The associated flight
dates and approximate basin area are provided.

Maps of Datasets

Below, the various datasets outlined above are illustrated. 3 m SD and 50 m SWE maps
encompassing a select basin (specifically, the Taylor River basin) on select days (specifically,
two dates within the 2022 water year) from the data products are shown in Figures 4.1-4.4.
The 3 m or 50 m fine resolution ASO data are displayed alongside 4 km resolution Gridded
ASO SD/SWE, 4 km SD/SWE from the UA SWE product, and 4 km SWE from the MY
SWE product. The location of SNOTEL sites are indicated on the maps.
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SD

Figure 4.1: Taylor River basin on April 21, 2022. (a) 3 m ASO SD; (b) 4 km Gridded ASO
SD; (c) SD from 4 km UA SWE.
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Figure 4.2: Taylor River basin on May 25, 2022. (a) 3 m ASO SD; (b) 4 km Gridded ASO
SD; (c) SD from 4 km UA SWE.

SWE
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Figure 4.3: Taylor River basin on April 21, 2022. (a) 50 m ASO SWE; (b) 4 km Gridded
ASO SWE; (c) SWE from 4 km UA SWE; (d) SWE from 4 km MY SWE.

Figure 4.4: Taylor River basin on May 25, 2022. (a) 50 m ASO SWE; (b) 4 km Gridded
ASO SWE; (c) SWE from 4 km UA SWE; (d) SWE from 4 km MY SWE.
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4.3 Assessing Gridded SWE against Point

Measurements

In this section, we conduct a point-level analysis of the various SD and SWE datasets. We
start by comparing the distributions of SNOTEL elevations and slopes to the distributions
of elevations and slopes in the UCRB and the ASO basins, identifying possible bias or skew
in the representation of SNOTEL sites in the context of the expansive regions in which they
reside. Then, we assess gridded SWE accuracy against observed SWE at SNOTEL sites
located within ASO basins on available ASO flight dates. This analysis is carried out to
prepare for a comprehensive grid-level evaluation in the subsequent section. We close out
the section by outlining some challenges associated with comparing gridded estimates to
point observations.

Distribution of SNOTEL site attributes in comparison with UCRB and ASO
attributes
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Figure 4.5: Distribution of elevation and slope quantities of SNOTEL sites in the UCRB
and all 30 m grid cells in the UCRB.
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Figure 4.6: Distribution of elevation and slope quantities of SNOTEL sites in the UCRB
and all 4 km UCRB grid cells containing SNOTEL sites.

Figure 4.5 compares the distribution of (a) elevations and (b) slopes of SNOTEL sites in the
UCRB against the total range of elevations and slopes represented by the UCRB (computed
from the GTOPO30 DEM). SNOTEL sites represent higher elevation areas of the UCRB, as
evidenced by the higher overall range of SNOTEL elevation values, as well as steeper areas,
as evidenced by higher peak of SNOTEL slope values.

The reason the elevation distribution of SNOTEL is higher than the distribution of
elevations in the UCRB is likely because in sampling, SNOTEL attempts to capture areas
with more snow, which is most common at mid-high elevations. However, from a practical
standpoint, it is difficult to implement and maintain equipment at the highest elevations.

The reason the slope distribution of SNOTEL congregates around a steeper slope value
is likely because the UCRB covers a very large region, inevitably there are a lot of flat areas,
which skews the distribution heavily toward zero slope, even though there are very steep
areas.

Figure 4.6 compares the distribution of (a) elevations and (b) slopes of SNOTEL sites
in the UCRB to that of 4 km × 4 km grid cells containing the respective SNOTEL sites.
Comparing these distributions accentuates the topographic conditions of SNOTEL site lo-
cations within their more localized areas, providing insight on how representative SNOTEL
sites are in snowy areas that may experience heterogeneity over short distances. We observe
that within their respective local areas, SNOTEL sites are generally located at slightly lower
elevations and on more gradual slopes, presumably due to practical difficulties in installing
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and maintaining measurement instruments at very high elevations and on very steep terrain.
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Figure 4.7: Distribution of elevation and slope quantities of SNOTEL sites within Colorado
ASO basins and all 30 m pixels in the Colorado ASO basins.

Figure 4.7 compares the distribution of (a) elevations and (b) slopes of SNOTEL sites
within the ASO basins in relation to the distribution of elevations and slopes of all ASO
grid cells across the Colorado ASO basins. The distribution of SNOTEL elevations in the
ASO basins is more aligned with the distribution of ASO elevations than the distribution
of SNOTEL elevations in the UCRB compared to the distribution of UCRB elevations for
cells that contain SNOTEL sites (Figure 4.6), as exhibited by the two distributions peaking
around the same elevation band of 3000 m to 3500 m. The elevations in the ASO basins as
a whole span a wider range. Similar to in 4.6, the distribution of slopes of SNOTEL in the
ASO basins is similar to that of slopes in the ASO basin as a whole, peaking around the
same slope value, although the latter includes some steeper slopes. The longer tail of the
ASO basins slope distribution suggests that there are steeper slope areas within the ASO
basins at which SNOTEL sites are not located.

Point-scale comparison at SNOTEL sites within ASO basins

First, we evaluated the gridded SD and SWE predictions from the data products outlined in
Section 4.2 against SD and SWE measured at SNOTEL sites within Colorado ASO basins
on available flight dates. To carry out the grid-to-point comparison, for each SNOTEL site,
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we extract data from the pixel (in the case of ASO) or grid cell (in the case of UA SWE,
MY SWE, and Gridded ASO) containing the site. The evaluation exercise here differs from
the site-level SWE evaluation in Section 3.4 in that only a small number of SWE values on
noncontinuous dates at a partially overlapping subset of SNOTEL sites are being compared
here, whereas the evaluation in Chapter 2 focused more on a climatological comparison of
all sites across the UCRB. The study period is also different, in that here we focus on the
years 2016 to 2022 containing ASO data, while Chapter 2 studied a 30-year period between
the 1986 and 2016 water years.

For SD, we compare SNOTEL measured SD to 3 m ASO observed SD, 4 km Gridded ASO
SD, and 4 km UA SWE predicted SD. For SWE, we compare SNOTEL measured SWE to 50
m ASO modeled SWE, 4 km gridded ASO SWE, 4 km UA SWE predicted SWE, 4 km MY
SWE predicted SWE (with PRISM and GTOPO30 inputs), and MY SWE point-predicted
SWE (with SNOTEL and GTOPO30 inputs).

In the evaluation results that follow, we stratify SNOTEL site-dates by time of year. In
total, 30 out of the 43 total SNOTEL site-dates fall in the peak SWE period (defined as the
earliest flight date in late February to the end of April) and the remaining 13 site-dates fall
in the ablation period (defined as May 1 to the last flight date in late June).

SD
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Figure 4.8: Scatterplots of SD from SNOTEL compared to ASO (top row), Gridded ASO
(middle row), and UA SWE (bottom row) during the peak SWE period (left column) and
the ablation period (right column).

Comparing ASO measured SD to SNOTEL measured SD at SNOTEL sites (top panel of
Figure 4.8), there is some agreement during the peak SWE period and very strong alignment
during the ablation period. During the peak SWE period, there is generally a positive corre-
lation where higher SNOTEL SD values correspond to higher ASO SD values; however, with
larger SD values, we see greater deviation between the SNOTEL and ASO measurements.
ASO SD measurements tend to be lower than SNOTEL SD measurements, especially as
SD increases. During the ablation period, SNOTEL and ASO SD measurements are almost
perfectly aligned, with both observing zero or near-zero SD on the same dates and positive
SD values of similar magnitudes on dates with non-zero SD.
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(a) The 100 (10 × 10) 3 m ASO
SD pixels surrounding the pixel
containing SNOTEL site 327 on
April 3, 2016, a day in the peak
SWE period.

(b) The 100 (10 × 10) 3 m ASO
SD pixels surrounding the pixel
containing SNOTEL site 335 on
April 18, 2022, a day in the peak
SWE period.

(c) The 100 (10 × 10) 3 m ASO
SD pixels surrounding the pixel
containing SNOTEL site 565 on
April 18, 2022, a day in the peak
SWE period.

Figure 4.9: Example of regions of ASO basins overlaid by a selected SNOTEL site on dates
in the peak SWE period, when ASO and SNOTEL at the point-level differ significantly.

There are several possible reasons for discrepancies observed between SNOTEL SD and
ASO SD. First, ASO observes SD on a gridded surface via remote sensing technology, whereas
SNOTEL SD is measured at single points by ultrasonic depth sensors. Figure 4.9 shows the
distribution of observed SD, as measured by ASO, across ASO pixels surrounding SNOTEL
sites where SNOTEL and ASO SD measurements diverge drastically. Seeing that there
is heterogeneity across ASO pixels, factors such as wind redistribution, vegetation, and
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topography can also contribute additional heterogeneity within each 3 m ASO pixel. A
single SNOTEL point in a pixel may not correspond with the full distribution of SD quantities
within the 9m2 area.

Furthermore, the data collection and subsequent processing and calibration procedures of
ASO and SNOTEL differ completely, and may create bias, error, or differences in the reported
SD quantities. The SNOTEL depth sensors measure SD by emitting ultrasonic waves toward
the ground covered with snow, and using the time it takes for the waves to reflect back
to calculate the distance to the snow surface (i.e., SD) [26]. While reported SD values
are directly taken from the depth sensors with little to no processing, the sensors do face
limitations in their data collection. The most common causes for erroneous measurements
include sensor misalignment with the snow surface, poor reflection due to terrain roughness or
unevenness, sound absorption by low-density (< 5%) new snow, obstruction of the transducer
by ice or debris, and presence of large or numerous snowflakes. Automated data quality
checks are applied to the SNOTEL SD data to filter out values deemed implausible; however,
errors falling within the range of possible SD values but are incorrect are unlikely to be
detected and flagged [63]. ASO, on the other hand, measures SD by subtracting LiDAR
data of gridded surface elevation on snow-off from that on snow-on days, followed by data
processing and calibration steps that address missing data, vegetation, and alignment of
gridded surfaces [18, 55]. These steps may at times introduce error into the snow depth
observations. Additionally, temporal variability might play a role. SNOTEL SD is measured
at various points throughout a day, but the daily reported quantity is the measurement taken
at midnight [63]. Conversely, ASO aircrafts are flown during a seven hour interval. While
this may not be a prominent driver for differences in SNOTEL and ASO SD on a number
of days, this temporal difference could be a contributor, especially if a sizeable amount of
accumulates or melts on a certain day over the course of several hours.

When SNOTEL measured SD is compared to Gridded ASO SD (middle panel in Figure
4.8), there continues to be non-negligible deviation between the two during the peak SWE
period, but the variance in the predictions is smaller than when SNOTEL SD is compared to
ASO SD. During the ablation period, however, Gridded ASO SD performs worse than ASO
SD in matching SNOTEL SD. In particular, Gridded ASO SD overestimates zero or near-zero
SNOTEL SD. This may be attributed to heterogeneity in SD in the pixels surrounding the
SNOTEL sites, as illustrated by the pixels surrounding an example SNOTEL site in Figures
4.9 and 4.10. This heterogeneity is reflected in Gridded ASO because pixels surrounding the
site are averaged, resulting in SD values higher than zero or near-zero SNOTEL SD.
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(a) The 100 (10 × 10) 3 m ASO SD pixels sur-
rounding the pixel containing SNOTEL site 380
on May 18, 2022, a day in the ablation period.

(b) 3 m ASO pixels in the 4 km × 4 km grid cell
containing SNOTEL site 380 on May 18, 2022,
a day in the ablation period.

Figure 4.10: Example of a region of an ASO basin (East River Basin) overlaid by a selected
SNOTEL site on a date in the ablation period. (a) The 10 × 10 ASO pixels surrounding the
SNOTEL site, and (b) the 4 km × 4 km grid cell containing the SNOTEL site. Generally,
there is less heterogeneity in ASO pixels surrounding SNOTEL sites, especially during the
ablation season.

Comparing SD predicted by the UA SWE algorithm to SNOTEL measured SD (bottom
panel in Figure 4.8), during the peak SWE period, the UA SWE-modeled SD tends to
overestimate SNOTEL SD at lower SD values and underestimate at higher SD values. At
SNOTEL sites that experience no snow (i.e., zero SD) during the ablation period (when all
snow has melted), SD predicted by UA SWE tends to overestimate. This overestimation in
the ablation period, in conjunction with SD alignment in the peak SWE period, suggests
that the ablation rate predicted by UA SWE may be too slow.

SWE
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Figure 4.11: Scatterplots of SWE from SNOTEL compared to ASO (top row), Gridded ASO
(second row), UA SWE (third row), MY SWE with gridded PRISM meteorological inputs
(fourth row), and MY SWE with point-level SNOTEL meteorological inputs (bottom row)
during the peak SWE period (left column) and the ablation period (right column).

At SNOTEL sites, ASO-estimated SWE and SNOTEL-measured SWE (top row panels
of Figure 4.11) are positively correlated during both the peak SWE and ablation periods. For
flight dates in the peak SWE period, the positive agreement does not exhibit a heteroskedas-
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tic pattern, unlike in the SD case. Aside from two noticeable outliers where ASO SWE is
significantly larger than SNOTEL SWE, the difference between ASO SWE and SNOTEL
SWE is generally greater when ASO SWE is lower than SNOTEL SWE than when ASO
SWE is higher than SNOTEL SWE. Moreover, there are more site-dates on which ASO
SWE is lower than SNOTEL SWE. For flight dates in the ablation period, ASO SWE and
SNOTEL SWE are generally in agreement, both in terms of zero or near-zero SWE and
positive SWE.

When SNOTEL SWE is compared to Gridded ASO SWE (second row panels in Figure
4.11), the estimates during the peak SWE period exhibit a similar pattern to that of SNOTEL
SWE compared to ASO SWE. However, the outliers that were observed in ASO SWE are
no longer present and there is a slightly more noticeable pattern of general underestimation.
This may be explained by the averaging procedure — that averaging means incorporating
more lower SWE values, due potentially to including more lower elevation pixels. Gridded
ASO SWE in the ablation period is less well aligned to SNOTEL SWE, with Gridded ASO
estimating positive SWE on many days where SNOTEL observes zero or near-zero SWE.
This is also due to the averaging procedure — when considering an entire grid cell, it becomes
likely that at least a few pixels within the grid cell will experience persisting snow even if
most of the snow has melted in the grid cell, thus increasing the average SWE above zero.

The deviation between UA SWE predicted SWE and SNOTEL measured SWE (third
row panels in Figure 4.11) is less pronounced than ASO SWE compared to SNOTEL SWE
during the peak SWE period. In general, UA SWE underestimates SNOTEL SWE. During
the ablation period, UA SWE predicted SWE has a tendency to overestimate zero or near-
zero SNOTEL SWE.

MY SWE with gridded PRISM meteorological inputs also generally underestimates SNO-
TEL SWE during the peak SWE period (fourth row panels in Figure 4.11). The magnitude of
underestimation is larger than that exhibited by UA SWE. During the ablation season, MY
SWE with gridded PRISM meteorological inputs is generally aligned with zero and near-zero
SNOTEL SWE with the exception of a couple site-dates, while significantly underestimating
positive SWE.

When MY SWE is generated with point-level SNOTEL meteorological input data rather
than gridded PRISM meteorological input data (bottom row panels contrasted with fourth
row panels in Figure 4.11), the positive correlation with SNOTEL SWE becomes stronger in
both the peak SWE and ablation periods. During the peak SWE period, the underestimation
of MY SWE persists even when site-level meteorological input data is used; however, the
magnitude of underestimation is lower than when MY SWE is generated with gridded PRISM
meteorological input data. Notably, MY SWE with SNOTEL meteorological inputs shows
a more consistent pattern of underestimation relative to SNOTEL SWE than UA SWE
does, with a more uniform bias. This pattern is similar to that seen in Figures 3.14 and
3.15, which illustrate that for the daily ablation RF model, the climatological mean of MY
SWE underestimates SNOTEL SWE to a greater extent than UA SWE during the peak SWE
period, but the climatological standard deviation of MY SWE aligns more closely with that of
SNOTEL SWE. Therefore, MY SWE with SNOTEL meteorological inputs shows a stronger
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systematic low bias compared to UA SWE, but the spread of the MY SWE predictions better
reflects the variability in SNOTEL SWE. During the ablation period, MY SWE generated
using site-level input meteorological input data more accurately captures zero or near-zero
SNOTEL SWE values than MY SWE generated using gridded input meteorological input
data as well as UA SWE.

The improvement in alignment of MY SWE derived from point SNOTEL meteorological
input data over MY SWE derived from gridded PRISM meteorological input data with SNO-
TEL SWE may be attributed to several possible reasons. One, PRISM meteorological data
generally underestimates SNOTEL meteorological data at the site-level. This is evidenced
in Figure 4.12 (as well as in contrasting Figure 3.18 against Figure 3.14), which shows that
for precipitation and the temperature variables, PRISM tends to underestimate during most
months at most SNOTEL sites in the ASO basins. This may be attributed to the average
precipitation and/or temperature within a larger grid area being lower than measurements at
a single in-situ site, influenced by the site’s specific topographic placement. Second, the in-
terpolation and averaging procedures involved in producing gridded meteorological datasets,
such as PRISM, may lead to biased predictions. Third, the discrepancy may be due to a
fundamental scale-related difference underlying point- and grid-level predictions.
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Figure 4.12: Comparison of SNOTEL and PRISM meteorology at SNOTEL sites within
ASO basins. Each dot represents a monthly average over the study period for a SNOTEL
site.

Challenges and issues associated with grid-to-point comparisons

Evaluating gridded data against point-level measurements presents several challenges pri-
marily related to differences in spatial representation, scale, and variability of the two types
of data sources.

By definition, gridded data are spatially continuous, representing values across grid cells,
while point-level measurements provide localized information at specific locations. Envi-
ronmental processes also naturally exhibit spatial heterogeneity, especially in regions with
complex terrain or land cover variability. The spatial averaging inherent in gridded data is
likely to smooth out fine-scale variations and heterogeneity that point-level measurements
are better able to capture at select locations, leading to discrepancies between the two types
of data.
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Moreover, datasets of different resolutions, including gridded datasets and point-level
measurements, often represent underlying physical processes at different scales, rendering
direct comparison unsuitable.

Point-level measurements are further subject to uncertainties and variability inherent
in the measurement process, such as instrumentation errors, sampling biases, and envi-
ronmental variability. Gridded datasets may also contain uncertainties arising from data
assimilation, interpolation techniques, and model assumptions. Directly comparing point-
level measurements to gridded data without accounting for these uncertainties can lead to
misleading conclusions about the accuracy and reliability of the gridded dataset.

In light of these issues that arise when comparing gridded estimates, such as the UA
SWE gridded product and MY SWE generated with gridded input data, against point mea-
surements, such as SNOTEL, we seek a more appropriate reference for evaluating gridded
estimates. Specifically, we define the gridded reference as Gridded ASO SWE, which, as
described in Section 4.2, is the integral (average) over ASO pixels in each corresponding 4
km × 4 km PRISM grid. Recall that ASO measures SD at a 3 m spatial resolution and
applies a model to estimate SWE at a 50 m spatial resolution, so Gridded ASO SD and
SWE are derived by averaging all 3 m pixels and 50 m pixels, respectively, within each 4 km
grid cell. This allows us to better conduct one-to-one comparisons of UA SWE or MY SWE
against an observation-based gridded dataset. Note that the point-level mismatch between
SNOTEL and ASO does raise some concern about using Gridded ASO SD and SWE as
ground truth for gridded evaluation.

4.4 Assessing Gridded SWE against Gridded

Observations

In this section, we evaluate UA SWE and MY SWE against Gridded ASO at each 4 km
× 4 km grid cell within ASO basins on available flight dates. We assess model predictions
based on SWE within each grid cell, total snow water volume in each ASO basin, and spatial
variability across ASO basins. Since MY SWE is only available for SWE and not SD, we
will only show results for SWE in this section.

SWE

First, we evaluate model-predicted SWE within each grid cell against Gridded ASO SWE.
Figure 4.13 stratifies grid cells based on elevation and Figure 4.14 stratifies grid cells by
month.

According to Figure 4.13, UA SWE and MY SWE both tend to overestimate Gridded
ASO SWE at the lowest elevation band (2000 m to 2500 m). At the second lowest elevation
band (2500 m to 3000 m), UA SWE tends to overestimate Gridded ASO SWE, but at
grid cells where UA SWE underestimates, the magnitude of the underestimation is more
drastic. On the other hand, the distribution of under- and overestimation of MY SWE
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is more balanced. In the two highest elevation bands (3000 m to 3500 m and 3500 m to
4000 m), there is a notable number of grid cells at which UA SWE and MY SWE both
underestimate Gridded ASO SWE, with the latter underestimating Gridded ASO SWE by
a greater magnitude.
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Figure 4.13: Scatterplots of Gridded ASO SWE compared to UA SWE (left column) and
MY SWE (right column) at four elevation bands, arranged in ascending order from top to
bottom rows. Each dot in each panel corresponds to a grid cell in an ASO basin on a flight
date.

When stratifying solely by month (Figure 4.14), we observe that UA SWE and MY SWE
on the February flight dates tend to underestimate Gridded ASO SWE. UA SWE in March
tends to overestimate Gridded ASO SWE, while MY SWE tends to underestimate Gridded
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ASO SWE, especially at grid cells exhibiting larger amounts of SWE according to Gridded
ASO. In April, the under- and overestimation of UA SWE to Gridded ASO SWE is more
evenly distributed, even though the magnitude of overestimating values tends to be greater
than the magnitude of underestimating values at lower Gridded ASO SWE values and the
magnitude of overestimating values is lower than the magnitude of underestimating values at
larger Gridded ASO SWE values. The spread in MY SWE predictions is more narrow, with
more MY SWE values underestimating Gridded ASO SWE, especially at larger Gridded ASO
SWE values. On May flight dates, the spread in UA SWE increases as Gridded ASO SWE
increase, while the spread in MY SWE grid cell values is smaller, as are the predicted avlues
in general when compared to Gridded ASO SWE. In June, UA SWE tends to underestimate
Gridded ASO SWE, as does MY SWE, with the latter exhibiting more underestimation, in
terms of quantity and magnitude, especially when Gridded ASO SWE is larger.
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Figure 4.14: Scatterplots of Gridded ASO SWE compared to UA SWE (left column) and
MY SWE (right column) stratified by month. Each dot in each panel corresponds to a grid
cell in an ASO basin on a flight date.
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A notable pattern in both Figures 4.13 and 4.14 is that there are clusters of dots along
the x = 0 and y = 0 lines, meaning that there is a significant number of grid cells at which
Gridded ASO has zero SWE while UA SWE and/or MY SWE predict non-zero SWE, and
vice versa.

To try to understand this behavior, we first observe, from Figure 4.13, that at lower
elevations (2000 m to 3000 m), there is a noticeable number of grid cells in which Gridded
ASO SWE predicts full snowmelt while UA SWE predicts persisting snowpack (ASO = 0,
UA SWE > 0). This same pattern is observed with MY SWE in the 2500 m to 3000 m
elevation band, but the opposite pattern (i.e., ASO > 0, MY SWE = 0) is observed at
the lowest 2000 m to 2500 m elevation band (although not many grid cells fall within this
elevation band). At mid-high elevations (2500 m to 4000 m), there are noticeable occurrences
of Gridded ASO predicting persisting snowpack while UA SWE and MY SWE both predict
full snowmelt (ASO > 0, UA SWE = 0, MY SWE = 0).

According to Figure 4.14, during the peak SWE season (February-April), there is a
noticeable number of grid cells in which Gridded ASO predicts full snowmelt while UA SWE
and MY SWE predict persisting snowpack (ASO = 0, UA SWE > 0, MY SWE > 0). During
the ablation season (May-June), there is a noticeable number of grid cells in which Gridded
ASO predicts continued snowpack while UA SWE and MY SWE predict full snowmelt (ASO
> 0, UA SWE = 0, MY SWE = 0).

Combining these two observations, we conclude that at lower elevations earlier in the
season (during peak SWE season), Gridded ASO predicts zero SWE in some grid cells while
UA SWE and MY SWE predict non-zero SWE. At mid to high elevations, especially later
in the season (during the ablation period), Gridded ASO predicts that some grid cells still
contain snow while UA SWE and MY SWE predict that all snow has melted.

This makes sense intuitively because at lower elevations, we would expect less snow in
total, even during the peak SWE period. It suggests that UA SWE and MY SWE predict too
much accumulation or too little ablation in these locations. As the overestimating UA SWE
and MY SWE grid cells approach the ablation season, both catch up and begin to approach
zero (which is why there is no longer a trend of UA SWE > 0, MY SWE > 0, ASO = 0 in
the ablation period — UA SWE becomes zero). During the ablation season, however, other
grid cells that previously experienced non-zero UA SWE/MY SWE and non-zero Gridded
ASO SWE begin to experience a difference in timing of approaching zero SWE — with UA
SWE and MY SWE reaching zero SWE before Gridded ASO does. This trend is especially
true at higher elevations.

Overall, the patterns along the x- and y-axes are a reflection of difference in timing of
reaching full ablation. At lower elevations, Gridded ASO predicts full ablation earlier than
UA SWE and MY SWE. Whereas, at mid to higher elevations, UA SWE and MY SWE
predict full ablation earlier than does Gridded ASO.

On the other hand, there are also some non-zero outliers in the UA SWE and MY SWE
predictions when compared against Gridded ASO SWE. In particular, throughout all time
periods (months), UA SWE and MY SWE noticeably underestimate SWE at grid cells that
experience higher Gridded ASO SWE, with the underestimation from MY SWE being more
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pronounced (Figure 4.14). At higher elevations (3000 m to 4000 m), there is also a no-
ticeable number of grid cells at which UA SWE and MY SWE both underestimate Gridded
ASO SWE, with MY SWE once again underestimating at a greater magnitude (Figure 4.13).
Putting these two observations together, we conclude that at higher elevations when Gridded
ASO exhibits higher SWE values, UA SWE and MY SWE both tend to underestimate. A
probable explanation rests in the constrained representation of SNOTEL sites: since SNO-
TEL sites are sparse at higher elevations, gridded SWE predictions derived from SNOTEL
(i.e., UA SWE and MY SWE) experience greater difficulty in accurately predicting higher
SWE values at higher elevations (since presumably SWE is generally even higher at higher
elevations). The limited coverage of station data at higher elevations may also impact the
accuracy of point and gridded precipitation and temperature data. Gridded products such
as PRISM rely on both station and remote sensing data, and sparse representation of station
data in higher elevation areas can pose challenges for accurately interpolating these data.
Errors in precipitation and temperature data at higher elevations are likely to propagate into
UA SWE and MY SWE predictions, as these variables are key inputs to both models.

Note that due to the lack of spatial and temporal continuity in ASO basin locations and
flight dates (as well as years), the interpretation of 4.13 and 4.14 discussed above is subject
to limitations.

Total snow water volume

To provide a more comprehensive assessment of SWE model predictions, we also evaluate,
for each basin, the total water volume estimated by UA SWE and MY SWE against Gridded
ASO SWE. To compute total water volume (in million acre-feet) in a basin from gridded
SWE observations or predictions (in mm), we follow these steps:

1. For each grid cell, convert SWE from mm to m.

2. Compute the area of each grid cell, in m2.

3. For each grid cell, multiply total SWE in m (Step 1) by the grid cell area in m2 (Step
2). This results in water volume of each grid cell in cubic meters (m3).

4. Sum water volumes across all grid cells to obtain total basin water volume in cubic
meters.

5. Convert total basin water volume from cubic meters to million acre-feet, by multiplying
the total basin water volume in cubic meters by 0.000810714 and then by 1,000,000.

Figure 4.15 summarizes the total water volume per basin derived from Gridded ASO
SWE compared to (a) UA SWE and (b) MY SWE.
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Figure 4.15: Total water volume of each basin-date according to Gridded ASO SWE versus
UA SWE and MY SWE. Each dot in the scatterplots correspond to a basin-date at which
an ASO flight took place. The black dots correspond to basin-dates in the peak SWE season
and the red dots correspond to basin-dates falling in the ablation season.

With regard to water volume derived from UA SWE in comparison to water volume
derived from Gridded ASO SWE, there is decent overall alignment, especially in basin-dates
experiencing lower total water volume. Basin-dates where UA SWE underestimates Gridded
ASO SWE have a larger magnitude of difference compared to basin-dates where UA SWE
overestimates Gridded ASO SWE. The underestimation also tends to correspond more to
basin-dates in the ablation period (May-June) than in the peak SWE period (February-
April).

On the other hand, with the exception of one basin-date, total water volume derived
from MY SWE categorically underestimates total water volume derived from Gridded ASO
SWE. Similar to in the UA SWE case, the magnitude of underestimation tends to be more
pronounced in basin-dates that fall within the ablation period (May-June) than those that
fall in the peak SWE period (February-April). Basin-dates that observe higher total water
volume, according to Gridded ASO SWE, are also underestimated to a greater degree by
MY SWE.

Spatial variability

To assess the spatial variability underlying the Gridded ASO SWE, UA SWE, and MY SWE
fields, we employ the use of variograms. Variograms measure the degree of spatial depen-
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dence between pairs of data points as a function of their separation distance. The x-axis of a
variogram signifies the lag distance, indicating the spatial distance (i.e., separation distance)
between data points. The y-axis represents semivariance, a measure that quantifies the vari-
ability between data points that are separated by certain distances. A higher semivariance
indicates greater variability between data points separated by the given distance. In Figure
4.16, distances between pairs of grid cells within each ASO basin are aggregated into a single
diagram and then an exponential theoretical variogram is fit for each gridded SWE dataset.
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Figure 4.16: Comparison of variograms of Gridded ASO SWE, UA SWE, and MY SWE,
computed from grid cells aggregated across all basins.

Both MY SWE and UA SWE consistently demonstrate lower variability compared to
Gridded ASO SWE across all non-zero lag distances in the variograms shown in Figure 4.16.
The variograms suggest that UA SWE and MY SWE show more spatially smooth surfaces.



CHAPTER 4. CONSIDERATION OF SPATIAL SCALES AND
REPRESENTATIVENESS IN ASSESSING GRIDDED SNOWPACK ESTIMATES 128

4.5 Discrepancy Between Gridded SWE and True

SWE

As outlined and discussed in previous sections, there exist discrepancies between SWE predic-
tions from algorithms such as UA SWE and MY SWE and observed SWE, such as SNOTEL
in-situ SWE measurements and ASO LiDAR-derived SWE. These disparities underscore
limitations of empirically-derived gridded datasets in fully capturing complexities of the true
SWE surface. In this section, we explore potential factors contributing to why gridded
MY SWE may not be fully representative of true SWE. When possible, and for additional
context, UA SWE is also included in discussions.

There are several characteristics in the training and gridding procedures of the MY
SWE methodology that may play a part in affecting its accuracy in representing true SWE.
One potential driver is the difference in scale of some of the key training and prediction
data. To determine the optimal model parameters, MY SWE leverages SNOTEL data for
its meteorological inputs (including precipitation and temperature, which are key variables
driving SWE prediction). When applying the trained model in the gridding procedure,
however, in-situ data are unavailable at the grid-level. As a result, gridded products such
as PRISM are substituted for the meteorological inputs. Since SNOTEL and PRISM are
at different scales and resolutions, issues around information loss and mismatched feature
representation may arise. Another possible driver for discrepancies in MY SWE compared
to the true SWE field is in the limited representativeness of the SNOTEL training data.
SNOTEL sites are generally located in mid- and high-altitude areas with little to no tree
cover [30] and therefore do not represent the full range of topographic features inherent in
the true surface. This may introduce bias in the model parameter optimization procedure
during MY SWE model training, leading to more accurate predictions at grid locations that
match the range of SNOTEL site attributes and less accurate predictions at grid locations
outside these represented ranges.

In the following subsections, we carry out several analyses to explore these two potential
drivers in detail.

Scale differences in model training and prediction

To assess the potential impact of scale mismatch between input data used for model training
and prediction on the representativeness and accuracy of MY SWE, we carry out two anal-
yses. First, we investigate the effect of applying the pre-trained MY SWE model to gridded
covariate data of a different spatial resolution. Specifically, we compare the effect of 800 m
PRISM meteorological input data compared to 4 km PRISM meteorological data on MY
SWE prediction. Second, we examine the impact of a more smoothed surface. We do this
by filtering out ASO pixels whose elevation falls outside a narrow band (e.g., 100 meters)
around the 4 km cell-wise average elevation prior to gridding, or averaging, the ASO pixels
to produce Gridded ASO SWE.
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800 m vs 4 km PRISM input data for prediction The first analysis assesses the im-
pact on gridded MY SWE of altering the resolution of gridded meteorological input variables
from 4 km to 800 m. Due to data availability limitations in the proprietary 800 m PRISM
data, our analysis (including Figures 4.17 and 4.18) only encompasses basin-dates covering
2016 to 2019. This corresponds to 15 out of the 26 basin-dates for which ASO data are
available (Table 3.1).
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Figure 4.17: Histogram and boxplot of differences between predictions from MY SWE with
4 km meteorological input data and MY SWE with 800 m meteorological input data.

Figure 4.17 shows the distribution of differences between MY SWE gridded using 4 km
meteorological input data and MY SWE gridded using 800 m meteorological input data
across all 4 km grid cells in the 15 ASO basin-dates. The predicted differences range from
approximately -100 mm to 100 mm of SWE, with most values concentrated around 0 mm
SWE. Given that SWE in a grid cell located in snowy regions during the snow season
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can typically run into the hundreds and low thousands of millimeters, the SWE differences
observed in Figure 4.17 are not dramatic.

This observation is reinforced in Figure 4.18, where MY SWE gridded using 4 km me-
teorological input data against Gridded ASO SWE (middle panel) exhibits little difference
in overall pattern compared to MY SWE gridded using 800 m meteorological input against
Gridded ASO SWE (bottom panel). In both cases, MY SWE tends to underestimate Grid-
ded ASO SWE, particularly as Gridded ASO SWE increases. Compared to UA SWE (top
panel), MY SWE with meteorological input data of both resolutions generally underestimates
Gridded ASO SWE to a greater degree.

The similarities in MY SWE predictions given input data of varying resolutions suggests
that difference in scale of training and prediction input data may not be a major concern
driving discrepancies in MY SWE from true SWE. Nevertheless, previous results show that 4
km PRISM meteorological inputs in place of SNOTEL meteorological inputs decreases SWE
estimates considerably. That result, in conjunction with the spatial and temporal constraints
of the 800 m meteorological data available for this analysis, warrants further investigation
to reach a more definitive conclusion.
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Figure 4.18: Scatterplots comparing Gridded ASO SWE to UA SWE (top row), MY SWE
with 4 km PRISM meteorological input data (middle row), and MY SWE with 800 m
PRISM meteorological input data (bottom row). Each dot in the scatterplots represents a
single grid cell in a basin-date between 2016 and 2019 when proprietary 800 m PRISM data
are available.
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Filtering by average elevation The second analysis looks at the effect of gridding ASO
SWE after filtering out pixels whose elevations differ from their respective cell-wise average
elevations. Since MY SWE predictions are generated based on more homogeneous inputs,
comparing MY SWE to data from more homogeneous input pixels can provide insight into
whether heterogeneity of input data contributes to mismatch of MY SWE to true SWE.
Figure 4.19 shows the distribution of differences between Gridded ASO SWE and Gridded
ASO SWE generated by averaging 50 m pixels within each 4 km grid cell after filtering
out pixels that fall outside of a 100 m elevation band around the cell-wise average elevation
(hereafter “Average Elevation Filtered Gridded ASO SWE”). Despite a wide spread, the
differences in SWE values are generally small, most of which are concentrated around zero
and within 100 mm in both the negative and positive direction.

Contrasting Figure 4.20 against Figure 4.13 provides a more granular view of the Gridded
ASO SWE difference in relation to UA SWE and MY SWE (first and second column, re-
spectively), stratified by elevation and month. While there is no strong systematic difference
in the pattern of Gridded ASO SWE and Average Elevation Filtered Gridded ASO SWE
compared to UA SWE and MY SWE, the R2 values of UA SWE and MY SWE decrease
marginally across all elevation bands, when compared against Average Elevation Filtered
Gridded ASO SWE (as opposed to Gridded ASO SWE). This suggests that heterogeneity
in ASO does not explain the mismatch between MY SWE and the true SWE surface.
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Figure 4.19: Histogram and boxplot of the difference between Gridded ASO SWE and
Gridded ASO SWE derived after filtering out pixels that fall outside bands around the 4 km
cell-wise average elevation (Average Elevation Filtered Gridded ASO SWE).
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Figure 4.20: Scatterplots showing the difference between Gridded ASO SWE and Gridded
ASO SWE derived after filtering out pixels that fall outside 4 km cell-wise average elevation
bands (Average Elevation Filtered Gridded ASO SWE) compared to UA SWE (left column)
and MY SWE (right column) at four elevation bands, stratified by month.
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Representativeness of training data: Filtering by static attributes

To assess how limitations in training data representation affects gridded SWE predictions,
we evaluate the impact of SNOTEL non-representativeness on MY SWE. This is done by
filtering out ASO pixels that do not match topographic attributes (specifically, elevation and
slope) of SNOTEL stations in the UCRB prior to the gridding of pixels to produce Gridded
ASO SWE.

Figure 4.21 shows the distribution of differences between Gridded ASO SWE and Gridded
ASO SWE generated by averaging 50 m pixels within each 4 km grid cell after filtering out
pixels that fall outside of the range of SNOTEL elevations and slopes observed at SNOTEL
sites across the UCRB (hereafter “Attribute Filtered Gridded ASO SWE”). The spread of
SWE differences is wide, but most of the differences are small, concentrated around zero,
with a slight positive skew.

Contrasting Figure 4.22 against Figure 4.13 provides a more granular view of the Gridded
ASO SWE difference in relation to UA SWE and MY SWE (first and second column, re-
spectively), stratified by elevation and month. Apart from the highest elevation band (3500
m to 4000 m) in May and June, there is no strong systematic difference in Gridded ASO
SWE and Attribute Filtered Gridded ASO SWE compared to UA SWE and MY SWE, as
exhibited by similar patterns and R2 values. In May and June, Attribute Filtered Gridded
ASO SWE values tend to be lower than Gridded ASO SWE values for grid cells in the highest
elevation band. This is ascribed to two main factors. First, SWE can be very high at higher
elevations. During the ablation season (May and June), many pixels undergo complete or
substantial snowmelt, resulting in lower SWE values. However, pixels located at extremely
high elevations retain higher SWE levels. Thus, there is notable variation in SWE values
between higher and lower elevations during the ablation period. Second, out of the total
ASO pixels across basins and dates, 17.53% exceed the maximum elevation monitored by
SNOTEL, 3.14% exhibit slopes steeper than those observed at SNOTEL sites, and 0.59% are
located at elevations lower than the minimum recorded by SNOTEL. This means that high
elevation is the predominant topographic feature eliminating ASO pixels in the generation of
Attribute Filtered Gridded ASO SWE. This finding indicates that higher elevation pixels are
less represented by SNOTEL and therefore tend to be excluded during the filtering process.
If the modeling procedure does not account for topographic features absent in the training
data (SNOTEL in the case of MY SWE), the resulting SWE predictions from the trained
model are prone to inaccuracies or misrepresentations at locations where these features are
present.

Furthermore, UA SWE and MY SWE align better with Attribute Filtered Gridded ASO
SWE than Gridded ASO SWE at high elevations. The stronger agreement between UA
SWE/MY SWE and ASO gridded from sites more similar to SNOTEL sites provides some
evidence that mismatch between ASO and UA SWE/MY SWE may be related to UA
SWE/MY SWE being trained on data from non-representative SNOTEL sites. This in-
dicates that non-representativeness of gridded SWE data could in part be attributed to
non-representativeness of training inputs.
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Figure 4.21: Histogram and boxplot of the difference between Gridded ASO SWE and
Gridded ASO SWE derived after filtering out pixels that fall outside the range of elevation
and slope values represented by SNOTEL sites in the UCRB (Attribute Filtered Gridded
ASO SWE).
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Figure 4.22: Scatterplots showing the difference between Gridded ASO SWE and Gridded
ASO SWE derived after filtering out pixels that fall outside the range of elevation and slope
values represented by SNOTEL sites in the UCRB (Attribute Filtered Gridded ASO SWE)
compared to UA SWE (left column) and MY SWE (right column) at four elevation bands,
stratified by month.
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Spatial variability

Figure 4.23 shows the variograms of Average Elevation Filtered Gridded ASO SWE and
Attribute Filtered Gridded ASO SWE. Variograms of Gridded ASO SWE, UA SWE, and
MY SWE from Figure 4.16 are included as reference. Across lag distances, Attribute Filtered
Gridded ASO SWE exhibits comparable spatial variability as UA SWE, which is lower than
that of Gridded ASO SWE. Since pixels at very high and very low elevations are excluded,
the remainder of the pixel SWE values are more homogeneous, leading to lower spatial
variability. This suggests that the geographic location of observation sites has some effect
on the mismatch between MY SWE and the true SWE surface.

Meanwhile, across lag distances, Average Elevation Filtered Gridded ASO SWE exhibits
similar spatial variability (and in fact, slightly greater) compared to Gridded ASO SWE. This
similarity might be attributed to the filtering of pixels by cell-wise averages (as in Average
Elevation Filtered Gridded ASO SWE), which tends to result in more disparate grid-cell
averages, particularly over larger spatial distances. This disparity may be influenced by
the substantial heterogeneity across pixels within various areas and on various days, which
persists even within individual grid cells (for instance, as seen in examples shown in Figures
4.9 and 4.10). In contrast, when no pixel filtering is applied (as in Gridded ASO SWE),
grid-cell averages show less disparity across distances. Overall, the agreement in spatial
variability implies that within-cell heterogeneity may not explain the discrepancy between
MY SWE and the true SWE surface.
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Figure 4.23: Comparison of variograms of Gridded ASO SWE, UA SWE, MY SWE, Average
Filtered Gridded ASO SWE, and Attribute Filtered Gridded ASO SWE computed from grid
cells aggregated across all basins.

4.6 Conclusion

In this chapter, we evaluated gridded SWE estimates derived from statistical models against
in-situ and remote sensing SWE data, in particular leveraging state-of-the-art ASO data
that reflects SD and SWE data at very fine spatial resolutions. Following a direct point-level
evaluation of UA SWE and MY SWE model predictions against measurements at SNOTEL
sites and a discussion on issues related to making point-to-grid comparisons, we conducted a
direct scale-matched evaluation of UA SWE and MY SWE against a gridded dataset derived
directly from ASO. Finally, an in-depth investigation on potential drivers for inconsistencies
between gridded SWE products, such as MY SWE, and the true SWE surface, which is
unknown, is presented.



CHAPTER 4. CONSIDERATION OF SPATIAL SCALES AND
REPRESENTATIVENESS IN ASSESSING GRIDDED SNOWPACK ESTIMATES 140

Our analyses suggest that when compared against SNOTEL and ASO, UA SWE and
MY SWE exhibit a general trend of underestimation. During the peak SWE period between
February and May, UA SWE and MY SWE have a tendency to overestimate SWE at grid
cells located in lower elevation regions. Meanwhile, during the ablation season in May and
June, UA SWE and MY tend to underestimate SWE in higher elevation areas when ASO
indicates persisting snow on the ground. Overall, gridded SWE products, such as MY
SWE, are not fully representative of the true SWE surface. We explored several potential
factors contributing to this lack of representation, namely input data resolution, small-scale
heterogeneity of the input data, and spatial distribution of input training data relative to
the full range of true terrain attributes. Due to spatial and more importantly temporal
limitations in ASO, in terms of both continuity and coverage, careful consideration is needed
before generalizing these findings.
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Appendix A

Supplementary Material for Chapter 2

A.1 Sensitivity Analysis

Mathematical Formulation of Total Sum of Squares (SST)
Decomposition

The full mathematical formulation of the sum of squares (SST) decomposition introduced in
Equation 2.1 is provided below. This can be easily extended to Equation 2.2, which includes
an additional factor, ϕ.

Let

• P be precipitation, with a = 3 levels.

• T be temperature, with b = 3 levels.

• θ be the rain-snow partitioning threshold, which has c = 2 levels.

• L be location, which has d levels, corresponding to the number of sites or grid cells
considered.

• W be year, which has e levels, corresponding to the number of water years considered.

• n be the total number of data points, or location-years.

As in Equation 2.1, the total sum of squares, SST, can be decomposed into the sum of
squares of the factors, their interactions, and the remaining error:

SST = SSP + SST + SSθ + SSL + SSW + SSI + SSresid

= main effects + interactions + residuals
(A.1)

where
SSI = SSP :T + SST :θ + SSP :θ + SSP :T :θ
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.
Further defining:

• yi,j,k,l,m,q as the observed value (SWE) q for factor P = i, factor T = j, factor θ = k,
factor L = l, and factor W = m

• ȳ······ be the overall average across all observations

• ȳi····· be the average when factor P has value i, ȳ·j···· be the average when factor T has
value j, and so on for factors θ, L, and W .

• ȳij···· be the average when factor P has value i and factor T has value j, ȳi·k·· be the
average when factor P has value i and factor θ has value k, and ȳ·jk·· be the average
when factor T has value j and factor θ has value k.

• ȳijk· be the average when factor P has value i, factor T has value j, and factor θ has
value k.

• ȳijklm· be the average when factor P has value i, factor T has value j, factor θ has
value k, factor L has value l, and W has value m.

The total sum of squares, SST, is defined mathematically as:

SST =
a∑

i=1

b∑
j=1

c∑
k=1

d∑
l=1

e∑
m=1

n∑
q=1

(yijklmq − ȳ······)
2

The sum of squares of each of the main effects is:

SSP = n · b · c · d · e
a∑

i=1

(ȳi····· − ȳ······)
2

SST = n · a · c · d · e
b∑

j=1

(ȳ·j···· − ȳ······)
2

SSθ = n · a · b · d · e
c∑

k=1

(ȳ··k··· − ȳ······)
2

SSL = n · a · b · c · e
d∑

l=1

(ȳ···l·· − ȳ······)
2

SSW = n · a · b · c · d
e∑

m=1

(ȳ····m· − ȳ······)
2
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The interaction effect, SSI , in Equation 2.1 and A.1 encompasses the interactions between
P , T , and θ (SSP , SST , and SSθ). The sum of squares of the interactions between the P ,
T , and θ main effects is:

SSP :T = n · c
a∑

i=1

b∑
j=1

(ȳij···· − ȳi····· − ȳ·j···· + ȳ······)
2

SSP :θ = n · b
a∑

i=1

c∑
k=1

(ȳi·k··· − ȳi····· − ȳ·j···· + ȳ······)
2

SST :θ = n · a
b∑

j=1

c∑
k=1

(ȳ·jk··· − ȳ·j···· − ȳ··k··· + ȳ······)
2

SSP :T :θ = n
a∑

i=1

b∑
j=1

c∑
k=1

(ȳijk··· − ȳij···· − ȳi·k··· − ȳ·jk··· + ȳi····· + ȳ·j···· + ȳ··k··· + ȳ······)
2

The residual effect in Equations 2.1 and A.1 encapsulates un-modeled variation, including
the interactions of the location factor and the year factor with one another as well as with
the other factors (P, T, and/or θ). The sum of squares of the residuals is:

SSresid =
a∑

i=1

b∑
j=1

c∑
k=1

d∑
l=1

e∑
m=1

n∑
q=1

(yijklmq − ȳijklm·)
2
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Appendix B

Supplementary Material for Chapter 3

B.1 Conditions for Daily Ablation and Daily SWE

Models

Physical Conditions UA SWE-like Physical Full dSWE
dAbl Model dAbl Model dAbl Model Model

Warm-wet days, no SWEt ✓
Warm-dry days, no SWEt

Warm-wet days, with SWEt ✓ ✓ ✓ ✓
Warm-dry days, with SWEt ✓ ✓ ✓ ✓
Mid-wet days, no SWEt ✓ ✓
Mid-dry days, no SWEt

Mid-wet days, with SWEt ✓ ✓ ✓
Mid-dry days, with SWEt ✓ ✓ ✓ ✓
Cold-wet days, no SWEt ✓ ✓
Cold-dry days, no SWEt

Cold-wet days, with SWEt ✓ ✓
Cold-dry days, with SWEt ✓ ✓ ✓

Table B.1: Physical conditions of days used for training and prediction for each daily ablation
(dAbl) and dSWE model. This is the tabular representation of the methodology discussed
in Section 3.3.

Warm days are days on which average temperature exceeds 2◦C, mid days are days on which
average temperature falls between 0◦C and 2◦C, and cold days are days on which average
temperature falls below 0◦C.
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Wet days are days that experience non-zero precipitation and dry days are days that
experience no precipitation.

“no SWEt” refers to days where there is no snow on the ground and “with SWEt” refers
to days where there is snow on the ground.

B.2 Gridded SWE

dSWE NN Gridded Field

Figure B.1: Gridded SWE prediction from the dSWE NN model compared to UA SWE on
April 1.
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(a) Differences in mean on April 1. (b) Differences in standard deviation on April
1.

Figure B.2: Differences in mean and standard deviation of our dSWE NN model versus UA
SWE by 4km x 4km grid.
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Figure B.3: Difference in mean of our dSWE NN model versus UA SWE by 4km x 4km grid
for each month.
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(a) ECDF of means. (b) ECDF of standard deviations.

Figure B.4: Comparison of ECDFs of climatological April 1 means and standard deviations
of SWE predicted by UA SWE compared to the dSWE NN model at the grid level over the
UCRB.
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