https://doi.org/10.5194/essd-2026-303
Preprint. Discussion started: 30 June 2026
(© Author(s) 2026. CC BY 4.0 License.

en Access

10

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

28

29
30
31
32
33

ClimAVA-SWE: A High-Resolution CMIP6-Based Snow Water Equivalent Dataset for the Western
United States

Authors

Sajad Khoshnood Motlagh?*, Kayla Smith2, Wei Zhang3, Sarah Null?, Anna Miller?, Yoshimitsu
Chikamoto3, Andre Geraldo de Lima Moraes!

1Utah State University, Department of Watershed Sciences, Logan, UT, USA.
2Utah State University, Department of Biology, Logan, UT, USA.

3Utah State University, Department of Plant, Soil and Climate, Logan, UT, USA.
4Utah State University, Department of Environment & Society, Logan, UT, USA.

*Corresponding author: sajad.khoshnoodmotlagh@usu.edu

Abstract

The ClimAVA-SWE dataset provides bias-corrected daily snow water equivalent (SWE) estimates at
approximately 4 km spatial resolution across the western United States, publicly available through
the Harvard Dataverse and can be accessed via its official repository at
https://doi.org/10.7910/DVN/SCD2VT (Khoshnood Motlagh, de Lima Moraes and Smith, 2026).
The dataset is generated using the Spatial Interactions Downscaling for Snow Water Equivalent
(SPID-SWE) method, a data-driven statistical downscaling framework that integrates high-
resolution reference SWE data (NSIDC-0719) with daily outputs from an ensemble of 14 CMIP6
global climate models (GCMs). SPID-SWE employs a dual random forest modeling strategy that
explicitly distinguishes snow accumulation and ablation phases, improving seasonal SWE
representation relative to single-phase approaches. ClimAVA-SWE spans a historical period (1981-
2014) and future projections (2015-2100) under three Shared Socioeconomic Pathways (SSP245,
SSP370, and SSP585). The pixel-based design of SPID-SWE independently downscales each grid cell
across space and time, preserving both spatial and temporal variability in the SWE signal. Although
performance is conditioned on the quality of the driving input data, the dataset demonstrates strong
accuracy and computational efficiency, providing a robust and scalable resource for high-resolution
climate and hydrological impact applications.

1.Introduction

Snow water equivalent (SWE) is a key metric for quantifying the water content stored in snowpack,
integrating snowfall, compaction, and melting processes. As such, it provides a direct link between
climate dynamics, hydrology, and water resource management. In many mountainous regions—
particularly across the western United States—SWE is the primary contributor to streamflow,
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sustaining water availability through spring and summer(Mote et al, 2005; Kapnick and Hall, 2012;
Lietal, 2017). Over recent decades, numerous observational studies have documented widespread
declines in SWE, particularly across the western U.S(Brown and Mote, 2009; Kapnick and Hall,
2012; Klos, Link and Abatzoglou, 2014a; Knowles, 2015; Shi and Wang, 2015; Demaria et al,, 2016;
Fassnacht et al., 2016; Solander, Bennett and Middleton, 2017; Mote et al., 2018). These observed
reductions have increasingly been attributed to anthropogenic climate change(Pierce et al., 2008),
raising concerns about future water scarcity, heightened drought risk, and cascading impacts such
as increased wildfire activity and ecological stress(L Westerling et al, no date; Mahanama et al,
2012). Climate model projections reinforce these concerns, consistently indicating continued
reductions in snowpack, earlier onset of melt, and shifts in runoff timing under future warming
scenarios(Brown and Duguay, 2010; Klos, Link and Abatzoglou, 2014b; Solander, Bennett and
Middleton, 2017). However, snow responses are not uniform to these changes: some high-latitude
and high-elevation regions may experience localized snow increases due to enhanced winter
precipitation(Notarnicola, 2020; Kawase et al, 2021). These complex, regionally dependent
dynamics highlight the need for accurate, spatially resolved SWE projections to inform water
management(Cho and Jacobs, 2020), hazard preparedness, and climate adaptation strategies in
vulnerable basins(Callaghan et al, 2011).

Global climate models (GCMs), such as those contributing to the Coupled Model Intercomparison
Project Phase 6 (CMIP6), are the primary tools for generating future climate projections(Eyring et
al., 2016). GCMs provide essential insights into large-scale climate processes and long-term trends,
but their coarse horizontal resolutions (typically 50-300 km) are insufficient for representing the
complex terrain and microclimates of mountainous regions(Wood et al., 2004; Maurer et al., 2010;
Walton et al., 2017). This deficiency is particularly true for SWE, which is strongly influenced by
elevation gradients, aspect, and local precipitation patterns. The direct application of GCM outputs
at local scales, therefore, might misrepresent snowpack dynamics and evolution, which are critical
for adaptation and planning(Fowler, Blenkinsop and Tebaldi, 2007; Harris et al., 2014; Ekstrom et
al, 2016).

To overcome this limitation, researchers increasingly rely on downscaling techniques(Christensen
and Lettenmaier, 2007; Alder and Hostetler, 2019) that translate large-scale GCM outputs into high-
resolution climate information, thereby supporting regional and local decision-making(Christensen
and Lettenmaier, 2007; Abatzoglou and Brown, 2012; Alder and Hostetler, 2019; Tabari et al,
2021). Downscaling approaches fall into two main categories: dynamical downscaling, which uses
regional climate models (RCMs) nested within GCMs to produce physically consistent
projections(Eum, Gupta and Dibike, 2020; Keller et al., 2022; Attique, Rientjes and Booij, 2023), and
statistical downscaling, which leverages empirical relationships between large-scale predictors and
local climate variablesr(Fowler, Blenkinsop and Tebaldi, 2007; Abatzoglou and Brown, 2012;
Tabari et al., 2021; Attique, Rientjes and Booij, 2023; Cody Ratterman et al., 2025; Vernon, Zhang
and Chikamoto, 2025). While RCMs offer high physical fidelity, their high computational demands
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and sensitivity to the prescribed boundary conditions constrain their practicality for large-scale
impact assessments(Wood et al, 2004; Ashfaq et al, 2016; Lanzante et al, 2018). Statistical
approaches, by contrast, are more computationally efficient and flexible, enabling the generation of
large ensembles of high-resolution projections that are particularly valuable for assessing climate
impacts(America et al., no date; Payne et al., 2004; Wood et al., 2004; Christensen and Lettenmaier,
2007; Maurer, 2007; Demaria et al, 2016; Alder and Hostetler, 2019). Within statistical
downscaling, machine learning (ML) techniques have emerged as powerful tools for capturing
complex, nonlinear relationships in climate data. Among the most commonly used ML-based
approaches are Artificial Neural Networks (ANNs)(Liu et al, 2010), Support Vector Machines
(SVMs)(Chen, Yu and Tang, 2010), and Random Forests (RF) and their extensions, such as the
Spatial Interactions Downscaling (SPID) method(de Lima Moraes and Motlagh, 2024). Recent
advancements also include deep learning architectures such as Convolutional Neural Networks
(CNNs)(Vandal et al, 2017; Baghanam et al., 2024) and hybrid CNN-LSTM models(Zarei et al,
2025). These ML-based methods enhance the flexibility and accuracy of statistical downscaling,
enabling more robust high-resolution climate projections for impact.

Despite recent advances, significant gaps remain in the availability of high-resolution snow water
equivalent (SWE) datasets across regions. Much of the existing research has relied on coarse-
resolution global climate model (GCM) ensembles, single RCM experiments, or limited downscaling
efforts applied to a narrow range of models and scenarios(America et al., no date; Plummer et al,
2006; Raisdnen, 2008; Brutel-Vuilmet, Ménégoz and Krinner, 2013; Diffenbaugh, Scherer and
Ashfaq, 2013; Krasting et al., 2013; Musselman et al, 2017; Matiu and Hanzer, 2022). A variety of
SWE products currently exist, yet most are constrained by spatial resolution, temporal coverage, or
geographic extent. For example, the Global Snow Monitoring for Climate Research (GlobSnow)
provides hemispheric SWE estimates at ~25 km resolution using passive microwave and reanalysis
data(Luojus et al, 2021), offering valuable long-term records but limited utility in complex
mountainous terrain where coarse pixels smooth steep gradients. Regionally, the Airborne Snow
Observatory (ASO) has produced exceptionally detailed 50 m SWE maps derived from LiDAR and
modeling for selected mountain basins in California and Colorado(Painter et al, 2016),
demonstrating the potential of high-resolution mapping but with limited spatial and temporal
coverage. Other gridded datasets, such as Livneh(Livneh et al,, no date) and Daymet v4(no date),
offer daily SWE estimates at 1-4 km resolution across the contiguous U.S., though their SWE
components are derived indirectly from temperature and precipitation rather than explicit
snowpack modeling. More recent reanalysis-based products—such as ERA5-Land(Mufioz-Sabater
etal,2021) and MERRA-2(Gelaro et al., 2017) —provide global coverage at 9-25 km resolution but
remain too coarse for basin-scale hydrologic and ecological studies. These limitations are
particularly pronounced in the western United States, a region where snowpack serves as a critical
water resource(Li et al, 2017). Here, many efforts have focused primarily on downscaling
temperature and precipitation(Bano-Medina, 2020; Band-Medina et al., 2022; Zarei et al, 2025),
often overlooking SWE despite its central role in hydrologic systems and climate adaptation
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planning. More recently, machine-learning-based studies have begun to explore SWE
downscaling(Zakeri, Mariethoz and Girotto, 2024; Damiani et al, 2025; Li et al, 2025),
demonstrating the potential of these approaches. However, applications specifically targeting the
western United States and future SWE projections remain relatively limited.

Although the growing body of evidence has documented snowpack decline and the associated
environmental and societal risks across the western U.S., there remains a pressing need for robust,
bias-corrected, high-resolution SWE datasets derived from multi-model GCM ensembles.

To address the above needs, the present study enhances the Spatial Interactions Downscaling
(SPID) method to produce a long-term, high-resolution SWE dataset for the region.

Unlike other high-resolution SWE products, SPID-SWE is unique in its computational efficiency and
its ability to generate a continuous, bias-corrected SWE dataset spanning a long temporal period
(1981-2100) across the entire western U.S. at a fine spatial resolution (~4 km). This combination
of spatial and temporal coverage fills a critical gap in existing datasets, enabling both regional and
long-term analyses of snowpack dynamics. Using this improved method, we generate a daily SWE
dataset derived from 14 global climate models (GCMs) under three future climate scenarios. This
long-term future projections establishes a strong foundation for assessing snowpack dynamics with
high spatial representation, thereby supporting improved water management, climate risk
assessment, and adaptation planning(de Lima Moraes and Motlagh, 2024) in one of North America’s
most climate-sensitive regions.

2. Methods
2.1. Data Acquisition

ClimAVA-SWE is based on two primary data sources (step 1 in Fig. 1(a)):

Reference SWE Data. We used the University of Arizona’s daily snow water equivalent (SWE)
dataset (NSIDC-0719, Version 1)(Zeng, Broxton and Dawson, 2018), publicly available through the
National Snow and Ice Data Center (https://nsidc.org/data/nsidc-0719/versions/1). This dataset
provides daily SWE estimates at a 4-km spatial resolution across the contiguous United States for

the period 1982-2023. This resolution is consistent with our previous ClimAVA dataset(de Lima
Moraes and Khoshnood Motlagh, 2024a; Khoshnood Motlagh and de Lima Moraes, 2025), allowing
for direct comparison and integration across analyses. It is developed by assimilating in-situ
measurements from the SNOTEL and COOP networks with gridded meteorological data
(precipitation and temperature) from the PRISM dataset(Zeng, Broxton and Dawson, 2018). Owing
to its high spatial resolution, long temporal coverage, and integration of multiple data sources, the
dataset has been widely adopted in hydrological and climate research(Cho and Jacobs, 2020; Siegel,
Fullerton and Jordan, 2022; Roberts-Pierel, Raleigh and Kennedy, 2024).

CMIP6 GCM Data. Daily historical and future projections of snow water equivalent (SWE) from
Phase 6 of the Coupled Model Intercomparison Project (CMIP6) were obtained from 14 global
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147  climate models (GCMs) available through the CMIP6 archive(O’Neill et al., 2016), accessed via the
148  Earth System Grid Federation (ESGF) MetaGrid portal (https://aims2.lInl.gov/search). Models were
149  selected based on the following criteria: (1) availability of daily SWE output; (2) inclusion of
150  projections for the SSP245, SSP370, and SSP585 scenarios to ensure coverage across a broad range

151  of socioeconomic and emissions pathways; and (3) a nominal spatial resolution between 50 and
152 250 km. To ensure consistent sampling across models, only the first realization (r1lilp1fl or
153  equivalent) of each model was used. These selection criteria resulted in a final ensemble of 14 GCMs
154  (see Table 1).

155

156

157 Table 1. 14 selected CMIP6 Global Climate Models (GCMs). The variant label provides information about realization (r),
158 initialization method (i), physics (p), and forcing (f).

suoIssnoasiq

GCM Variant label Grid spacing Institute
. 0.703125° x .
EC-Earth3 rlilplfl 0.703125° European EC-Earth Consortium (Europe)
. o o Geophysical Fluid Dynamics Laboratory, National
GFDL-ESM4 rlilplfl 1°x1.25 Oceanic and Atmosphere Administration (USA)
INM-CM4-8 rlilplfl 1.5°x2° Institute for Numerical Mathematics (Russia)
INM-CMS5-0 rlilplfl 1.5°x2° Institute for Numerical Mathematics (Russia)
MPI-ESM1-2-HR rlilplfl 0.9375° x 0.9375° Max Planck Institute for Meteorology (Germany)
. 1.24137931° x Commonwealth Scientific and Industrial Research
ACCESS-ESMI-5 rlilplfl 1.875° Organization (Australia)
IPSL-CM6A-LR rlilplfl é'§§8741259 X Institut Pierre Simon Laplace (IPSL) (France)
. 1.40625° x Japan Agency for Marine-Earth Science and
MIROC6 rlilplfl 1.40625° Technology (Japan)
AWI-CM-1-1-MR rlilplfl 0.927224°x 0.937°  Alfred Wegener Institute, Helmholtz Centre for
Polar and Marine Research (Germany)
BCC-CSM2-MR rlilplfl 1.112091° x 1.125°  Beijing Climate Center, China Meteorological
Administration (China)
MIROC-ES2H rlilp4f2 1.38903° x 1.40° Japan Agency for Marine-Earth Science and
Technology (Japan)
MPI-ESM1-2-LR rlilplfl 1.849638° x 1.875°  Max Planck Institute for Meteorology (Germany)
MRI-ESM2-0 rlilplfl 1.11209° x 1.125° Meteorological Research Institute, Japan
Meteorological Agency (Japan)
UKESM1-0-LL rlilplf2 1.25° x 1.875° Met Office Hadley Centre / United Kingdom Earth

System Model (UK)

159  2.2.Study Area and data preparation

160 The western United States—characterized by complex mountainous terrain and diverse climate
161 zones—was selected as the study domain due to its strong dependence on seasonal snowpack
162  (SWE) for water resources, ecological integrity, and socio-economic stability, particularly in support
163  of agriculture, hydropower, and municipal supply(Stewart, Cayan and Dettinger, 2005; Mote et al.,
164  2018; Rahimi et al, 2024). The study area encompasses 11 western U.S. states—Washington,
165  Oregon, California, Idaho, Nevada, Utah, Arizona, Montana, Wyoming, Colorado, and New Mexico.
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166  Prior to analysis, the reference SWE dataset was spatially subset to the 11-state study domain and
167 resampled to match the native grid of each GCM. As detailed in Table 1, 14 GCMs were selected,
168 representing 12 unique native spatial resolutions, ranging from 0.703125° x 0.703125° (EC-Earth3)
169  to01.849638° x 1.875° (MPI-ESM1-2-LR). The resampling procedure was applied at a daily time step
170  using a pixel-aggregation approach designed to match the spatial footprint of each GCM grid cell. All

171  overlapping 4-km reference pixels within a coarse grid cell were aggregated and averaged,

172  preserving the spatial mean of the original GCM while avoiding interpolation artifacts that can occur

173  during regridding(Rupa Rajulapati et al,, no date).

174  2.3.Bias Correction and Model Training

175  To reduce systematic biases in the GCM-derived SWE predictors prior to downscaling, a quantile
176  mapping bias correction approach was employed(Li, Sheffield and Wood, 2010; Cannon, Sobie and
177  Murdock, 2015; Enayati et al, 2021; Michel et al.,, 2024) (see step 3 in Fig. 1(a)). This technique
178  adjusts the statistical distribution of each GCM variable to match that of the resampled reference

179  dataset, thereby aligning the predictors with the reference data and improving the reliability of

180 downscaled SWE estimates. This correction was applied only to pixels and time steps with nonzero

181 SWE values, and all zero SWE observations were excluded when constructing the cumulative
182  distribution functions (CDFs). This exclusion is essential because GCMs contain many more zero-

183  SWE days than reference data, and including these would lead to overestimation of SWE.
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Fig. 1. Overview of the SPID-SWE downscaling framework. (a) Workflow schematic illustrating the five main steps of
the approach: (1) acquisition of reference and CMIP6 GCM data, (2) spatial resampling of the reference dataset to match
the native resolution of each GCM, (3) bias correction of GCM predictors using quantile mapping (QM), (4) pixel-specific
training of random forest models using paired fine-resolution and resampled coarse-resolution reference data, and (5)
application of trained models to downscale the bias-corrected GCM data. (b) Rationale for dual-model training per pixel:
separate random forest models are developed for the snow accumulation and ablation periods to account for seasonally
distinct predictor-predictand relationships. (¢) Temporal structure of the validation design, showing the training and
downscaling periods used across four non-contiguous time windows spanning 1982-2023.
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194  Following bias correction, downscaling was performed using a modified version of the Spatial
195 Interaction Downscaling (SPID) method (de Lima Moraes and Khoshnood Motlagh, 2024b), referred

196  to here as SPID-SWE. While the original SPID framework relies on a single model per pixel,

SPID-

197  SWE introduces a dual-model approach, training separate random forest models for the snow
198 accumulation and ablation periods at each 4-km reference pixel. The separation between
199  accumulation and ablation periods is determined dynamically from the GCM SWE time series by
200  identifying the annual peak SWE (marking the transition to ablation) and the subsequent seasonal
201  minimum (marking the onset of the next accumulation period). This approach allows the method
202  to naturally accommodate shifts in snow season timing, including potential changes under warmer

203  future conditions (Fig. 1(b)).

204  As shown in Fig. 1(b), the relationship between GCM and reference pixels is approximately linear
205  during the accumulation period, reflecting a relatively direct scaling of coarse-scale predictors to

206  local snowpack growth. In contrast, the ablation period displays a strongly nonlinear,

near-

207  exponential pattern. Although it could be hypothesized that linear regression might capture these
208  patterns, in reality, the relationship between coarse-scale predictors and fine-scale SWE varies
209  substantially across pixels. Predictor importance and interactions differ by location, and the central
210  coarse cell is often not the primary driver, with neighboring cells contributing in complex ways.
211  Random Forest models are well suited to handle such nonlinearity and covariable interactions,

212 capturing variable importance and complex predictor relationships that simple linear or

213  exponential models cannot. Linear models might approximate pixels with near-linear accumulation,

214  but they would not generalize across heterogeneous terrain.

215  Each pixel-specific model is trained using a random forest algorithm(Liaw and Wiener, 2002). The

216  algorithm first identifies the larger (coarse-resolution) GCM grid cell in which it is located.

From

217  this central coarse cell, it collects the surrounding eight coarse-resolution cells in a spatial order:

218  down, right, up, up, left, left, down, and down again (see step 4 in Fig. 1(a)). These nine GCM-scale

219  pixels collectively form the predictor set for that fine-resolution pixel. This spatial window captures

220  the local coarse-scale SWE context necessary for accurate downscaling. For pixels near the

221  coastlines or along the national border, the number of available predictor cells may be fewer than

222 nine due to limited spatial coverage in the reference dataset.

223 2.4.Validation design

224  To evaluate the robustness and generalizability of the SPID-SWE downscaling framework, we
225  conducted external validation through a series of spatial-temporal validation experiments using the
226  reference resampled SWE dataset spanning 1982 to 2023. Specifically, we downscaled the
227  resampled reference data back to its original resolution and compared the results to the original
228 reference data. Model performance was quantified using standard statistical indicators, including
229  the coefficient of determination (R?), root mean square error (RMSE), and mean prediction error
230  (MPE). Four distinct training-validation splits were designed to assess model performance across

231  varying climatic regimes and non-contiguous time periods (Fig. 1(c)):

8
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Split 1: Models trained on 1992-2023 and validated in 1982-1991.
Split 2: Models trained on 1982-1991 and 2002-2023 and validated in 1992-2001.
Split 3: Models trained on 1982-2001 and 2012-2023 and validated in 2002-2011.
Split 4: Models trained on 1982-2011 and validated in 2012-2023.

These configurations were designed to test model performance across varying climatic regimes and
temporal gaps. For the final application in generating the ClimAVA-SWE dataset, models are trained
using the full 42-year reference period (1982-2023) to maximize exposure to diverse climatic
conditions and temporal variability.

Two complementary validation approaches were employed: (a) Pixel-Based Validation, applying
the statistical indicators above at the daily time scale and at the individual grid-cell level across the
western United States; and (b) Watershed-Based Validation, evaluating spatially aggregated SWE
metrics over major hydrologic regions within the study domain. Spanning 42 years (1982-2023),
this evaluation enables a robust long-term assessment across diverse climatic and topographic
settings. To assess how SPID-SWE performs when downscaling from different spatial resolutions,
two GCMs representing the extreme spatial resolutions within the CMIP6 ensemble were selected:
EC-Earth3 (fine resolution, FR; 0.703125° x 0.703125°) and MPI-ESM1-2-LR (coarse resolution, CR;
1.849638° x 1.875°), which define the resolution bounds of the selected GCMs and allow evaluation
of SPID-SWE performance across scales.

2.5. SPID-SWE Computational Demand

The SPID-SWE method is designed to be computationally efficient and scalable, making it accessible
even for users with limited high-performance computing (HPC) resources. All computations in this
study were performed on AMD 7713P nodes equipped with 64 cores and 256 GB of memory. The
4-km reference SWE dataset covers the western U.S,, totaling 188,786 pixels. Since SPID-SWE trains
two random forest models per pixel (for snow accumulation and ablation periods), 377,572 models
were trained per GCM. Across the 14 GCMs used in this study (see Table 1), this amounts to more
than 5.28 million models.

To optimize the efficiency of model training, we divided two nodes into six concurrent jobs, each
using 20 cores and 80 GB of RAM. This setup achieved a training rate of approximately 2,700 pixels
per minute per job. As a result, the entire training process for all 14 GCMs was completed in ~5.5
hours.

Once the models were trained, the downscaling phase was performed using four parallel jobs, each
using 32 cores and 120 GB of memory. Each downscaling job processed 20 NetCDF files per model:
two for the historical period and six for each of the three SSP scenarios (SSP245, SSP370, SSP585).
Each file, representing approximately 15 years of daily data, required around 2.5 hours to
downscale. This results in: ~50 hours of processing per GCM (20 files x 2.5 hours) and ~700 total
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267  hours for all 14 GCMs, equivalent to ~29 days of runtime sequentially. However, with four

268  concurrent jobs, the actual total runtime was reduced to approximately 7.3 days.

269  3.Validation and Uncertainty Assessment

270  Results from both pixel-based and watershed-based validation approaches are presented below,
271  spanning 42 years (1982-2023) across diverse climatic and topographic settings of the western

272  United States.

273  3.1.Grid-cell Level Validation

274  Validation results for the two bounding spatial resolutions—FR (0.703125° x 0.703125°; EC-
275  Earth3) and CR (1.875° x 2.5°; MPI-ESM1-2-LR)—are shown in Fig 2. Using results derived from
276  both FR and CR inputs, SPID-SWE demonstrates strong performance in areas with high snow

277  accumulation, such as the Sierra Nevada, Cascade Range, and Rocky Mountains. These mountainous

278  regions correspond to higher R? values, shown in blue on the maps, indicating a close match with

279  reference SWE data. In contrast, flatter, low-SWE areas like California’s Central Valley and southern

280  portions of Arizona and Nevada exhibit lower R? values (yellow to red tones).

281  Accuracy increases systematically with peak SWE magnitude. For the highest SWE category (300-
282 3024 mm), R? values approached 1.0 for both FR and CR. Although absolute RMSE values tend to be
283  larger in regions with greater SWE due to higher magnitudes, expressing RMSE as a percentage of

284  observed SWE reveals that relative errors remain small. This indicates that the method maintains

285  strong proportional accuracy, particularly in areas with substantial snowpack. The mean prediction

286  error (MPE) follows a similar pattern, remaining close to zero across all SWE classes and indicating
287  no systematic bias. Overall, when averaged across the entire domain, FR inputs outperform CR,
288  with mean R? values of 0.68 versus 0.64, RMSE values of 11.9 mm versus 12.7 mm, and lower MPE
289  values (0.02 mm versus -0.016 mm), demonstrating the benefits of finer input resolution for
290  capturing spatial variability in SWE. Higher performance in mountainous regions should not be
291  interpreted as the model explicitly resolving fine-scale terrain variability; rather, these regions
292  typically exhibit stronger and more persistent SWE signals, which improve the statistical

293  predictability of SWE.
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296 Fig. 2. Validation of daily snow water equivalent (SWE) downscaling from the finest (FR) and coarsest (CR) spatial
297 resolutions. Panels (a)-(c) show the spatial distribution of the coefficient of determination (R?), root mean square error
298 (RMSE), and mean prediction error (MPE) for FR across the western United States. Panels (d)-(f) show the same metrics
299  forCR.

300 To further evaluate spatial fidelity and climatological realism, we turn to the long-term mean peak
301  SWE patterns shown in Fig. 3. Evaluation of the 42-year mean annual peak SWE highlights the ability
302 of SPID-SWE to preserve climate realism and spatial consistency in the downscaled data. The
303 reference dataset (Fig. 3(a)) shows strong spatial gradients and orographic patterns, with high SWE
304  values concentrated in mountainous regions such as the Sierra Nevada, Cascades, and the Central
305 and Northern Rockies, consistent with expected climatological spatial distributions. Comparisons
306  with the FR (Fig. 3(b)) and CR (Fig. 3(c)) downscaled products reveal small mean biases of -1.54
307 mm and -4.20 mm, respectively, indicating strong agreement in domain-wide SWE magnitudes.
308  However, localized discrepancies emerge in high-elevation zones—particularly in the Rockies,
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309 Wasatch, and Sierra Nevada—where SWE amounts are highest. These differences, while visually
310 distinct, remain relatively small in proportion to the total SWE (often >1000 mm), further
311  supporting that the SPID-SWE method performs well in preserving spatial accuracy, particularly in

312  snow-dominated regions.

(@) (b) (c)

(mm)

313 0 1000 2000 3000 -600 -300 0 300 600 -600 -300 0 300

600

314 Fig. 3. Forty two-year annual average peak snow water equivalent (SWE) from the reference data shown in panel (a)
315 and their difference to SPID-SWE downscaled data from finest (FR) resolution in panel (b) and coarsest (CR) spatial

316  resolution in panel (c).

317 3.2. Watershed-Based Validation

318  Four representative hydrologic basins in the western U.S. were selected: the Upper Colorado River

319  Basin, Great Salt Lake Basin, Sacramento-San Joaquin Basin, and Willamette Basin. These basins

320 encompass a broad range of climatic, topographic, and hydrologic conditions—from arid, high-

321 elevation snow-dominated regions to temperate, mixed-rain-snow systems—making

them

322 representative of the diverse snow regimes across the western United States. Model performance

323 is evaluated using three statistical metrics (R?, RMSE, and MPE) applied to (i) daily snow

water

324  equivalent (SWE) time series and (ii) annual maximum SWE, enabling quantitative comparison of

325 downscaled products against the reference dataset.

326  Overall, the SPID-SWE outputs demonstrate excellent agreement with the reference dataset across

327  all basins and throughout the 42-year evaluation period, as evidenced by high R? (= 0.96) and low
328 errors for both daily SWE and annual maximum SWE (Table 2). At the daily time-step, both FR and
329  CR reproduce the seasonal evolution and interannual variability of SWE with very high fidelity

330 across all basins (R? ~ 0.99). However, FR consistently yields lower RMSE than CR, indicating

331 improved representation of SWE magnitude. This improvement is most pronounced in the Great
332  Salt Lake and Willamette basins, where daily RMSE is reduced by approximately 33% and 55%
333  relative to CR, respectively. MPE remains small for both approaches, with FR generally exhibiting

334  slightly lower bias across basins.
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0.98),

336 including years with extreme snow accumulation. Nevertheless, FR systematically improves peak
337 SWE magnitude relative to CR across all basins, as reflected by lower RMSE values. In the Upper
338  Colorado River Basin, FR reduces annual maximum SWE RMSE from 4.79 mm to 2.94 mm, while in
339  the Great Salt Lake Basin RMSE decreases from 12.15 mm to 9.19 mm. Similar improvements are
340 observed in the Sacramento-San Joaquin Basin, where FR lowers RMSE by approximately 25%
341 relative to CR. The Willamette Basin exhibits the weakest overall agreement among the four basins,
342  with CR showing substantially higher errors (RMSE = 21.00 mm, R? = 0.88) for annual maximum
343  SWE. Even in this basin, FR provides a notable improvement, reducing RMSE by nearly 50% and
344  increasing R* to 0.96. Across all basins and both temporal scales, FR downscaling yields more

345  accurate SWE magnitudes than CR, particularly during years with high snow accumulation.

These

346 results demonstrate that while both approaches preserve large-scale SWE variability, fine-
347  resolution inputs more effectively constrain SWE magnitude, especially for annual maxima and in

348  topographically complex or snow-dominated basins.

349 Table 2. Basin-aggregated performance metrics for daily and annual maximum snow water equivalent (SWE) derived
350 from resampled downscaled model outputs used for SPID-SWE validation, compared against the reference dataset.

Basin Model Type R? RMSE MPE
Annual Max

Upper Colorado FR SWE 0.98 2.94 1.04
Annual Max

Upper Colorado CR SWE 0.96 4.79 0.10
Annual Max

Great Salt Lake FR SWE 0.96 9.19 0.09
Annual Max

Great Salt Lake CR SWE 0.94 12.15 -1.25
Annual Max

Sacramento -San Joaquin FR SWE 0.98 6.70 1.49
Annual Max

Sacramento -San Joaquin CR SWE 0.97 8.92 1.023
Annual Max

Willamette FR SWE 0.96 10.80 2.26
Annual Max

Willamette CR SWE 0.88 21.00 -0.03

Upper Colorado FR Daily SWE 0.99 1.19 0.10

Upper Colorado CR Daily SWE 0.99 1.78 0.01

Great Salt Lake FR Daily SWE 0.99 2.80 0.14

Great Salt Lake CR Daily SWE 0.99 4.18 0.04

Sacramento -San Joaquin FR Daily SWE 0.99 2.21 0.11

Sacramento -San Joaquin CR Daily SWE 0.99 3.21 0.14

Willamette FR Daily SWE 0.99 4.40 0.13

Willamette CR Daily SWE 0.96 9.79 -0.26

351
352
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353

354 To provide an evaluation of SPID-SWE against independent point-scale observations and to
355  illustrate model behavior beyond domain-wide statistical metrics, annual peak SWE from the Split
356 1 validation downscaled output (models trained on 1992-2023, applied to 1982-1991 using EC-
357  Earth3) was compared against SNOTEL station measurements at four sites: Echo Peak, CA (Sierra
358  Nevada); Somsen Ranch, ID (Bear River Range); Island Park, ID (Snake River Plain); and Joe Wright,
359  CO (Rocky Mountains) (NRCS, 2026) (Fig. 4). These SNOTEL observations were not used in the
360 training of SPID-SWE or in the construction of NSIDC-0719, making this a fully independent
361 evaluation. It is important to note that the downscaled output used here is the Split 1 validation
362  product — derived from models trained exclusively on 1992-2023 data and applied backwards to
363 1982-1991 — rather than the final ClimAVA-SWE dataset, which uses the full 42-year training
364 period. As shown in Fig. 4, the validation downscaled output and SNOTEL observations track
365 interannual variability in peak SWE consistently across all four stations and throughout the 10-year
366  evaluation period, capturing both wet years (e.g., 1983, 1984) and dry years (e.g., 1987, 1988) with
367 reasonable fidelity. The reference dataset (NSIDC-0719) shows strong agreement with SNOTEL
368  across all sites (R? = 0.93-0.98), confirming its reliability as a gridded training target. R* values
369 between SNOTEL and the validation downscaled output are 0.85, 0.94, 0.92, and 0.80 for Echo Peak,
370  Somsen Ranch, Island Park, and Joe Wright, respectively, indicating strong to very strong agreement
371 across all stations with a mean R? of 0.88. Overall, these results demonstrate that SPID-SWE
372 produces physically plausible SWE estimates that are consistent with independent observations
373  across diverse hydroclimatic and topographic settings, providing confidence in the dataset beyond
374  what statistical validation metrics alone can convey.
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(a) Echo Peak CA (Sierra Nevada) (b) Somsen Ranch ID (Bear River Range)
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Fig. 4. Comparison of annual peak snow water equivalent (SWE) at four SNOTEL stations across the western United
States for the independent validation period 1982-1991: (a) Echo Peak, CA (Sierra Nevada); (b) Somsen Ranch, ID (Bear
River Range); (c) Island Park, ID (Snake River Plain); and (d) Joe Wright, CO (Rocky Mountains). Blue dotted lines
represent SNOTEL point observations, which are independent of both the training and reference datasets. black solid
lines represent SPID-SWE validation downscaled output from Split 1 (models trained on 1992-2023, applied to 1982-
1991 using EC-Earth3 as the driving input). Black dashed lines represent the gridded reference dataset (NSIDC-0719).

3.3. Evaluation of GCM SWE and Bias Correction Effects

The performance of 14 CMIP6 GCMs in simulating key snow water equivalent (SWE) metrics across
the western United States, evaluated both before bias correction (BC) and after bias correction (AC)
is presented in Table 3. The primary objective is to assess whether bias correction improves model
fidelity with respect to reference data SWE characteristics and seasonal dynamics.
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The evaluation includes a comprehensive set of metrics grouped into three categories that capture
essential aspects of snowpack behavior. The following sections provide concise definitions for each
metric used in this analysis.

Magnitude Metrics:

a. Peak SWE Value: The maximum snow water equivalent (SWE) recorded within a given water
year.

b. Mean Seasonal SWE: The average SWE over the defined snow season (typically from the
onset of persistent snow to melt-out).

2. Timing Metrics:

Snow Onset Day: The first day of the water year on which SWE exceeds a minimum threshold
(e.g., 1 mm) and remains above that threshold for a sustained period, indicating the start of
seasonal snow accumulation.

b. Peak SWE Timing: The day of the water year on which Peak SWE occurs.

c. Melt-Out Day: The last day of the water year on which SWE falls to zero (or below a minimal
threshold), marking the complete disappearance of the seasonal snowpack.

d. Snow Duration: The total number of days between Snow Onset Day and Melt-Out Day.

3. Spatial and Trend-Based Metrics:

Snow-Free Days: The number of days in the water year during which SWE remains at zero,
representing the absence of snow cover.

b. Sen’s Slope (Peak SWE): A non-parametric estimate of the long-term trend in Peak SWE
values over the analysis period, calculated as the median of pairwise slopes between annual
observations(Pranab Kumar Sen, 1968).

c. Sen’s Slope (Seasonal SWE): A comparable trend estimate computed for Mean Seasonal SWE.

Metrics were computed at the grid-cell level over regions with snow, excluding snow-free areas. For
each grid cell, the full time series of daily SWE was used to calculate each metric. After computing
metrics at each grid cell, spatial averages over the snow-covered area were calculated to summarize
results at the regional scale. No weighting based on snow amount was applied. This approach
ensures that the metrics reflect the spatial variability of snow across the snow-covered landscape
while excluding regions without snow. For each model, metric values are reported as the difference
between the GCM output and the reference data (i.e., GCM - Reference). Negative values indicate
underestimation, while positive values reflect overestimation. Improvements are identified when
AC (After Bias Correction) values move closer to zero or show reduced absolute bias compared to
BC (Before Bias Correction).

3.3.1. GCM Outputs Evaluation

Raw GCM outputs (prior to bias correction) generally underestimated peak SWE across the western
U.S. relative to the reference dataset, with an ensemble mean bias of -42.4 mm. EC-Earth3 and IPSL-
CM6A-LR slightly overestimated peak values, whereas several others (e.g., INM-CM5-0(-83.6 mm),
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424  ACCESS-ESM1-5(-64.5 mm), UKESM1-0-LL(-97.3 mm)) underestimated by more than 60 mm. Mean
425  seasonal SWE followed a similar pattern, with the ensemble consistently underestimating values
426  (-32.5 mm on average). The largest negative biases occurred in ACCESS-ESM1-5(-52.4 mm), INM-
427  CM5-0 (-51.8 mm), and INM-CM4-8 (-50.8 mm), whereas EC-Earth3 slightly overestimated

428  seasonal SWE by 17.5 mm.

429  GCMs produced pronounced biases in snow duration, simulating an average of 97 fewer snow-
430 covered days than reference data. Several models (e.g., INM-CM4-8, MPI-ESM1-2-HR, ACCESS-

431  ESM1-5, INM-CM5-0) underestimated coverage duration by more than 120 days. Snow

432  occurred later than the reference, with an average delay of +11 days, and in some cases (e.g.

onset

, INM-

433  CM4-8 and INM-CM5-0) by more than three weeks. Models generally reached peak SWE too early,
434  with an ensemble mean bias of -21.8 days. However, EC-Earth3 peaked 4 days later and UKESM1-
435  0-LLabout 68 days later than observed. All models simulated melt-out too early, 18 to 91 days ahead
436  of the reference, resulting in a large overestimation of snow-free days (+108 on average). In
437  contrast, SWE trends (Sen’s slope) in GCMs are similar to those in the reference data, with biases in
438  peak slope being small for most models, and the ensemble mean near zero. Only minor departures

439  were observed for the seasonal slope as well (~+0.2).
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Table 3. Performance evaluation of SWE metrics before and after bias correction across 14 CMIP6 GCMs

Peak SWE Mean Seasonal msoé Snow Onset vmm._w .m<<m Melt Out Snow Free Days  Peak Slope Seasonal
Value SWE Duration Day Timing Day slope

BC AC BC AC BC AC BC AC BC AC BC AC BC AC BC AC BC AC
EC-Earth3 29.3 -2.6 17.5 -7.2 -245 -274  -78 -3.7 3.9 3.9 -18  -18 34.7 34.7 01 03 02 03
GFDL-ESM4 -143 229 -31.8 -17.7 -87.8 -73.1 3.6 -5.5 -27.3  -273 -51 -36 1084 1084 05 05 04 04
INM-CM4-8 -539 18.0 -50.8 -27.8  -127 -87.1 293 2.7 -31.1 -31.1 -89 -59 1236 1236 04 04 04 0.2
INM-CM5-0 -83.6 -25.0 -51.8 -29.4  -126 -89.3 252 2.4 -340 -340 -91 -64 1265 126.5 00 -01 02 -01
MPI-ESM1-2-HR -46.2 5.8 -43.9 -314  -126  -110 131 0.2 -40.7  -40.7 -74 -49 1623 162.3 05 06 04 05
ACCESS-ESM1-5 -64.5 17.8 -52.4 -30.3 -139  -97.7 236 -3.2 -408 -408 -89 -45 1367 1367 -01 -05 01 -0.1
IPSL-CM6A-LR 3.4 5.5 -16.0 -151  -725 -554  -4.2 9.1 -259 -259 -31  -16 76.9 76.9 1.0 09 07 07
MIROC6 -439 -273  -336 -234 -898 -85.0 18,0 163 -248 -248 -66 -63 126.1 1261 -02 -04 01 0.0
AWI-CM-1-1-MR -52.2 4.7 -43.0 -189  -124 -684 115 -181 -414 -414 -72 -17 98.3 98.3 -03 -02 02 0.0
BCC-CSM2-MR -59.9  -27.2  -247 -16.2 -834 -576 -0.7 -152 -25.0 -250 -46 -15 83.7 83.7 04 04 03 0.2
MIROC-ES2H -689 -449  -26.0 -195 -741  -72.7 141 145 -203 -203 -59 -57 107.6 1076 -08 -0.7 -03 -03
MPI-ESM1-2-LR -51.3 2.2 -45.7 -32.1 -134  -115  16.0 2.0 -42.4  -424 -85 -59 1655 165.5 05 05 04 03
MRI-ESM2-0 9.5 25.7 -20.8 -182 -791  -63.7 5.3 -0.2 -22.8  -228 -47  -36 94.6 94.6 -02 -02 01 01
UKESM1-0-LL -97.3 -95.8 -31.9 -14.4 -69.9 -50.9 8.6 -10.6 68.1 68.1 -41 0.4 71.3 71.3 -1 -1.7 -04 -1.0
Average -424  -8.6 -32.5 -21.5  -971 -753 111 -2.0 -21.8  -218 -61 -38 1083 108.3 00 00 02 01
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3.3.2. Bias Correction Evaluation

Bias correction substantially improved the alignment of GCM-simulated SWE magnitude metrics
with the reference dataset across most models, although the degree of improvement varied by
model. Ensemble-mean biases in annual peak SWE and mean seasonal SWE were reduced from
-42.4 mm and -32.5 mm before correction to -8.6 mm and -21.5 mm after correction, respectively,
indicating a significant reduction in underestimation. Mean seasonal SWE improved for all models,
with an average improvement of ~34% across the 14 models, while peak SWE improved for nearly
all models, averaging ~80%. Several models showed marked improvements, such as MPI-ESM1-2-
HR (-46.2 mm to 5.8 mm), AWI-CM-1-1-MR (-52.2 mm to 4.7 mm), and MPI-ESM1-2-LR (-51.3 mm
to 2.2 mm). Excluding MRI-ESM2-0 and UKESM1-0-LL, which showed no improvement or slight
worsening, the correction was highly effective. UKESM1-0-LL remained strongly biased in peak
SWE values after correction (-97.3 mm to -95.8 mm). This bias stems from unrealistic zero SWE
values throughout the years 2010, 2011, and 2014, which prevented meaningful correction (Fig. 5).
This limitation arises because the bias correction method used does not adjust zero outputs from
GCMs (as noted in (Jorg-Hess et al., 2014; Michel et al., 2024)); As a result, days with simulated zero
SWE remain unchanged after correction. While excluding zeros from the CDF construction allowed
bias correction to function for most of the UKESM1-0-LL historical output, our approach cannot
generate SWE where none exists, and this model was excluded from the ensemble due to unrealistic
zero-SWE predictions. Overall, ensemble-mean peak SWE biases improved by ~90% (Table 1), and
after applying bias correction, simulated SWE curves aligned more closely with the reference data,
demonstrating clear improvement in model performance.

Analysis of different SWE metrics further highlighted systematic biases in raw GCMs, consistent
with findings from previous studies (e.g., (Maloney et al., no date; Mccrary and Mearns, no date;
Mearns et al., 2012)). Change in snow duration through time was consistently negative, indicating
fewer days with snow on the ground than in the reference(Callaghan et al,, 2011; Derksen et al,
2012; Trujillo and Molotch, 2014). Across all models, GCM outputs contained substantially more
zero-SWE days compared to the reference dataset, in line with observations that GCMs often
simulate more snow-free days(Mccrary and Mearns, no date). On average, GCMs produced roughly
twice as many zero-SWE days as the reference, with a mean ratio of about 2.08. Model-specific ratios
ranged from ~1.54 for EC-Earth3 to ~2.81 for INM-CM5-0. Notably, over half of the models
exceeded a ratio of 2.0, underscoring GCMs often overpredict snow-free conditions relative to the
reference dataset.

Timing metrics showed mixed results. Snow duration improved slightly, with the ensemble mean
bias reduced from -97.1 days before correction to -75.3 days after. Several models, including AWI-
CM-1-1-MR, INM-CM4-8, and INM-CM5-0, reduced their biases by over 30 days. Snow onset day also
showed some improvement, with the average delay reduced from +11.1 days to -2.0 days,
indicating that models simulated onset closer to the reference timing. INM-CM4-8, for example,
improved from a delay of 29.3 days to just 2.7 days. Melt-out day biases were similarly reduced,
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479  with the ensemble mean improving from -61 days to -38 days. Most models showed earlier melt-
480  outin the raw outputs, and bias correction shifted these values closer to the reference, though EC-
481  Earth3 remained unchanged at -18 days.

482  In contrast, no change was identified for Peak SWE timing or Snow-Free Days across any of the
483  models. The ensemble mean bias for peak timing remained at -21.8 days, and snow-free days stayed
484  at +108.3 days. This outcome is expected because the bias correction method adjusts the statistical
485  distribution of daily SWE values but does not alter zero values. Consequently, metrics related to
486  timing or binary snow presence/absence remain insensitive to this correction approach. Overall,
487  the results demonstrate that bias correction effectively improves peak SWE estimates and, to a
488 lesser extent, mean seasonal SWE, providing greater confidence in interpreting snowpack
489  magnitudes and spatial patterns. However, timing-related dynamics, particularly the number of
490 snow-free days and the seasonal progression of snow accumulation and melt, remain strongly
491  biased, reflecting structural limitations of the GCMs themselves.

492  The application of Quantile Mapping (QM) to future climate projections relies on the assumption
493  that model biases estimated during the historical period remain stationary in the future(Switanek
494  etal,2017). However, future climate data are inherently non-stationary(Switanek et al., 2017; Vrac
495  etal,2025). To assess whether non-stationarity in the projections is preserved after bias correction,
496  we evaluated PEAK SWE change signals before and after correction for each GCM. Fig. 5(b)
497  illustrates the GFDL-ESM4 model as a case study. The bias-corrected SWE closely follows the raw
498  GCM output over the 2015-2099 projection period, with a correlation of 0.989, indicating that the
499  temporal evolution is well preserved. For the same period, the linear trend in SWE from the raw
500 GCM was -0.305 mm yr~ %, while the bias-corrected series exhibited a slightly stronger decline of
501 -0.375 mm yr *. This minor difference results from the time-step-specific correction, which adjusts
502  systematic biases without altering the overall climate change signal. These results demonstrate that
503 the bias correction method effectively reduces systematic errors while retaining non-stationary
504 climate change signals, thereby mitigating limitations commonly associated with the stationarity
505 assumption in traditional bias correction approaches.
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507 Fig. 5. (a) Comparison of snow water equivalent (SWE) across the western U.S. (1982-2014) for 14 climate models
508 showing reference data (black), raw GCM outputs (gray), and bias-corrected GCM outputs (green). Panel (b) shows the
509 SWE projection from 2015 to 2099 for GFDL-ESM4 as an example, illustrating that time-step-specific bias correction
510 preserves the temporal evolution and long-term climate change trend despite non-stationary biases.
511 To complement the domain-wide ensemble assessment, bias-correction performance was also
512  evaluated at the pixel level. Fig. 6 presents empirical cumulative distribution functions (CDFs) of
513  daily snow water equivalent (SWE) at four representative grid cells selected to illustrate contrasting
514  bias regimes. In overestimation cases (EC-Earth3; Fig. 6(a)-(b)), the raw GCM CDF is shifted
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515 substantially to the right of the reference distribution, indicating higher simulated SWE than
516  observed, with mean biases of +91 mm and +66.2 mm. In underestimation cases (INM-CM5-0;
517  Fig. 6(c)-(d)), the raw GCM CDF is shifted to the left, reflecting lower simulated SWE relative to the
518 reference dataset, with mean biases of —-180.4 mm and -14.9 mm. Following bias correction, the
519 CDFs align closely with the reference distribution in all four cases, demonstrating that the
520 quantile-mapping approach effectively reduces systematic biases across a wide range of bias
521 magnitudes and directions. These pixel-level results are consistent with the ensemble-mean
522  improvements shown in Fig. 5 and indicate that the bias-correction procedure performs robustly
523 across individual locations and climate models, thereby reinforcing confidence in the spatial
524  consistency of the ClimAVA-SWE dataset.
(a) Overestimation | EC-Earth3 | 44.56° N 115.31° W | bias: 91 mm (b) Overestimation | EC-Earth3 | 40.35° N 120.94° W | bias: 66.2 mm
1.00 1
0.754
0.504
0.25
z
£ 0.00
g 0 250 500 750 0 200 400 600 800
-% (c) Underestimation | INM-CM5-0 | 48.75° N 122° W | bias: -180.4 mm (d) Underestimation | INM-CM5-0 | 41.25° N 108° W | bias: -14.9 mm
= 1.00
£
(8]
0.75
0.50 1
0.254
0.00 4
0 250 500 750 0 50 100 150
SWE (mm)
Raw GCM Bias-corrected GCM Reference (NSIDC-0719)
525
526 Fig. 6. Empirical cumulative distribution functions (CDFs) of daily snow water equivalent (SWE) at four randomly
527  selected locations across the western United States illustrating the effect of quantile-mapping bias correction. Panels
528 (a) and (b) show locations where the raw GCM output from EC-Earth3 overestimates SWE relative to the reference
529 dataset. Panels (c) and (d) show locations where the raw GCM output from INM-CM5-0 underestimates SWE. In all
530 panels, the gray dashed line represents the raw GCM output, the black line represents the reference dataset
531 (NSIDC-0719), and the green line represents the bias-corrected GCM output.
532 Supplementary spatial maps illustrating the distribution and magnitude of these metrics—both
533  before and after correction—are available in the supplementary material.
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535 To evaluate the consistency and realism of the downscaled SWE projections, we first used the
536  annual peak SWE metric to assess the dataset across four representative basins in the western U.S.
537  Table. 2, examining basin-scale snowpack behavior and inter-model variability. While these basins
538 cover only a portion of the domain, they serve as useful case studies for testing the physical
539  plausibility of the results (Fig. 7(a)). Across all four basins—Colorado, Great Salt Lake, Sacramento-

540  San]Joaquin, and Willamette—the downscaled historical simulations successfully capture reference

541 peak SWE patterns. The ensemble mean and long-term trends closely align with the reference data,

542  while extreme values remain consistently within the ensemble range. Future projections indicate a

543  clear decline in annual peak SWE under all three SSPs, with the steepest reductions occurring under

544  the highest emissions scenario (SSP585).

545  To further assess model performance, we produced spatial difference maps (Fig. 7(b)) showing the
546  mean bias between the historical run of each downscaled GCM and the reference dataset (model -
547  reference) for 1982-2014, corresponding to the availability of reference data. Most GCMs exhibit
548  systematic underestimation of annual peak SWE across high-elevation areas of the Rocky

549  Mountains, spanning the Southern, Central, and Northern Rockies in Colorado, Utah, Wyoming, and

550 Idaho. In contrast, AWI-CM-1-1-MR shows widespread overestimation across the domain. EC-

551  Earth3displays a mixed pattern, with both over- and underestimation depending on location. GFDL-
552  ESM4 tends to overestimate annual peak SWE in the snow-dominated high-elevation regions of the
553  Sierra Nevada, Cascade Range, and Olympic Mountains in California, Oregon, and Washington, while
554  underestimating elsewhere. INM-CM4-8, INM-CM5-0, and MPI-ESM1-2-LR consistently
555 underestimate annual peak SWE across most of the region, and MIROC-ES2H and MIROC also
556  exhibit widespread underestimation. Overall, EC-Earth3 and GFDL-ESM4 show the smallest biases
557 relative to the reference dataset, reflecting better performance in capturing reference data SWE
558  patterns across the western U.S. However, in the final panel, the deviation from the ensemble mean

559  exhibits smaller, more moderate biases across the domain, with a consistent tendency toward

560 underestimation rather than overestimation.
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Fig. 7. (a) Annual peak Snow Water Equivalent (SWE) from 1981 to 2100 across four western U.S. basins: Colorado,
Great Salt Lake (GSL), Sacramento-San Joaquin, and Willamette, Projections are shown for historical and future periods
under three CMIP6 scenarios (SSP245, SSP370, and SSP585), solid lines indicate the multi-model ensemble mean and
shaded areas reflect the inter-model range (minimum to maximum) across the 14 CMIP6 GCMs and (b) Spatial
difference maps showing the mean bias between each GCM and the reference dataset for 1982-2014, with the last panel
representing the ensemble mean.

We next examine the spatial evolution of peak SWE changes relative to the historical baseline under
SSP585 (Fig. 8). The reference period (1982-2014), shown in Fig. 8(a), depicts the spatial
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570  distribution of mean annual peak SWE, with substantial snow accumulation concentrated at higher
571  elevations across the western United States. The three future panels depict differences in peak SWE
572  relative to this baseline (future minus reference): near-term (2015-2040) in Fig. 8(b), mid-century
573  (2041-2070) in Fig. 8(c), and late century (2071-2100) in Fig. 8(d). Across all future periods,
574  negative changes dominate, indicating widespread reductions in peak SWE under the high-emission
575  scenario. In the near future (Fig. 8(b)), decreases are already apparent across much of the region,
576  though their magnitude is generally modest and spatially heterogeneous. By mid-century (Fig. 8(c)),
577  the magnitude and spatial extent of negative differences increase substantially, particularly across

578  major mountain systems. By late century (Fig. 8(d)), strong and widespread negative departures
579 relative to the reference period prevail, indicating pronounced losses in peak SWE across nearly all

580 snow-dominated regions.

581 Regionally, the Sierra Nevada exhibits consistent negative changes beginning in the near future,
582  which intensify through mid- and late-century, indicating substantial reductions in snowpack. The
583 Cascade Range—from Washington through Oregon into northern California—shows a similar

584  pattern, with increasingly strong negative differences, especially at lower and mid-elevations.

In the

585 central Rocky Mountains, including the Sawatch and Front Range of Colorado, negative changes
586 become more pronounced over time, reflecting steady declines in SWE. Comparable patterns are

587  observed in the Wasatch Range in Utah and in the Teton and Wind River ranges in Wyoming, where

588 increasingly negative differences indicate substantial reductions and the progressive loss of

589  snowpack. These spatial patterns are consistent with previous downscaled GCM-based studies that

590 project widespread declines in SWE across the western U.S. under climate scenarios(Maloney et al.,

591 no date; Mccrary and Mearns, no date; Demaria et al,, 2016).
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Fig. 8. Spatial evolution of mean annual peak snow water equivalent (SWE) across the western United States under the
high-emission scenario SSP585. Panel (a) shows the spatial distribution of mean peak SWE during the reference period
(1982-2014). Panels (b)-(d) display changes in peak SWE relative to the reference period (future minus reference) for
the near-term (2015-2040) in (b), mid-century (2041-2070) in (c), and late-century (2071-2100) in (d).

In summary, SPID-SWE has demonstrated strong capability in downscaling snow water equivalent
(SWE) data by treating each pixel independently in both space and time. This pixel-based, double-
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600 model approach ensures that each location is processed without influence from neighboring pixels
601  or adjacent days, allowing for an accurate representation of spatial and temporal dynamics. The
602 model is computationally efficient (see Section 2.5. in Methods) and accurate, and as new
603  generations of GCMs improve the representation of temporal SWE dynamics, SPID-SWE is well-
604 positioned to downscale these datasets with precision. This capability is essential for generating
605  high-resolution future climate projections that support informed local decision-making in a rapidly
606  changing climate. However, the efficacy of SPID-SWE depends heavily on the quality of the coarse
607  input data. If the original dataset lacks realistic spatial or temporal patterns, the downscaling will
608  carry over those limitations. Current GCMs still exhibit significant temporal biases in SWE outputs,
609 most notably an overrepresentation of zero-snow days. Despite this, GCMs generally reproduce
610 annual peak SWE reasonably well, especially after bias correction, and trends derived from peak
611  SWE align closely with reference datasets, reinforcing confidence in their broader applicability.

612  Several additional sources of uncertainty should be noted. The model is trained using NSIDC-0719
613  dataset, which itself contains uncertainties because it is derived from in-situ measurements, and
614  gridded meteorological inputs from PRISM. Although PRISM incorporates elevation and provides
615  high-quality climate fields, precipitation and snow estimates in complex terrain can still exhibit
616  substantial uncertainty due to sparse observations and strong spatial gradients in mountainous
617  regions(Henn et al, 2018). Consequently, uncertainties in the reference SWE dataset propagate into
618 the downscaled product. SPID-SWE primarily relies on coarse-resolution SWE predictors and
619  spatial context rather than explicit land surface variables such as topography and vegetation. At 4-
620  km resolution, these factors can influence snow accumulation and melt processes, particularly in
621 mountainous regions of the western United States. Vegetation canopy, complex terrain, and local
622  energy balance processes can modify snow distribution and melt timing(lkeda et al., 2021).

623  Although terrain attributes are not explicitly incorporated, their effects are implicitly captured
624  through the reference datasets (e.g., NSIDC-0719), which rely on PRISM outputs and other auxiliary
625  covariates. Training models independently for each pixel allows these terrain characteristics to be
626 effectively represented without additional covariates, reducing model complexity and improving
627  computational efficiency. The strong validation performance of SPID-SWE in high-elevation,
628  complex terrain supports this approach (Fig. 2).

629  Glacierized areas represent an additional source of uncertainty in high-elevation regions,
630  particularly in the Cascade Range and northern Rockies. The downscaled SWE dataset produced
631 here captures seasonal snowpack variability at annual timescales, rather than multi-year
632  accumulation. This limitation arises from both the reference dataset and the driving climate model
633  outputs. The reference dataset, NSIDC-0719(Zeng, Broxton and Dawson, 2018), reconstructs SWE
634  using in-situ measurements and gridded temperature and precipitation from PRISM(Daly, Smith
635 and Olson, 2015), which itself provides no snow storage information. Consequently, NSIDC-0719
636  captures only seasonal snow and does not explicitly represent glacier mass or long-term ice
637  dynamics. Similarly, the CMIP6 GCM outputs used to drive the downscaling represent seasonal
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snow as part of the land surface scheme, without explicit glacier storage or multi-year
accumulation(O’Neill et al., 2016; Luojus et al., 2021). Glacierized grid cells are therefore effectively
treated as seasonal snow-covered areas, and the resulting SWE estimates primarily reflect the
seasonal snow component rather than total frozen water storage.

The random forest algorithm used in SPID-SWE is inherently limited in extrapolation beyond the
range of the training data. Extremely high SWE values outside the historical record may be
underestimated, although the multi-decadal training dataset captures a wide range of climatic
variability. Examination of peak SWE in future projections, following bias correction, indicates that
simulated maxima remain within the historical range (e.g, Fig. 5(b)). However, at finer resolutions,
extremes may not be fully captured, and dynamical downscaling approaches may be required to
resolve localized snow increases in high-elevation regions under enhanced winter
precipitation(Notarnicola, 2020; Kawase et al., 2021).

Data Availability

ClimAVA-SWE dataset provides daily snow water equivalent (SWE) projections at ~4 km spatial
resolution for 14 CMIP6 global climate models (GCMs; see Table 1), covering both historical and
future scenarios under three Shared Socioeconomic Pathways (SSP245, SSP370, and SSP585).
Historical simulations span January 1, 1981, to December 31, 2014, while future scenarios extend
from January 1, 2015, to December 31, 2100. Each year in the dataset contains exactly 365 days,
with leap days excluded for consistency, and data are provided in NetCDF4 format. This dataset
covers 11 western U.S. states, including Washington, Oregon, California, Idaho, Nevada, Utah,
Arizona, Montana, Wyoming, Colorado, and New Mexico. The ClimAVA-SWE dataset is publicly
available through the Harvard Dataverse and can be accessed via its official repository at
https://doi.org/10.7910/DVN/SCD2VT (Khoshnood Motlagh, de Lima Moraes and Smith, 2026)

Code Availability

All code required to reproduce the dataset creation methodology, as well as the analyses used to
generate the results, is publicly available on our GitHub repository:

https://github.com/ClimAVA/ClimaAVA-SWE
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