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Abstract. Large uncertainties in global model-based snow
datasets, particularly in snow water equivalent (SWE), limit
our understanding of snow storage and its response to climate
change. These uncertainties are sensitive to meteorological
inputs used to force offline snow models. In this study, we
assessed the impact of three meteorological forcing datasets
(i.e., ERAS5, MERRA-2, and NLDAS-2) on ensemble SWE
estimates within a probabilistic snow modeling and reanal-
ysis framework across three snow-dominated mountainous
watersheds in the western US. Prior (open-loop) SWE es-
timates show significant inter-dataset variability, primarily
driven by differences in cumulative snowfall. SWE errors
are dominated by bias and no single-forcing dataset con-
sistently outperforms the others across all domains or ele-
vations. To assess the value of using multiple products, we
construct a multi-forcing ensemble using least-square-based
weighting informed by prior performance. The multi-forcing
ensemble generally reduces errors compared to most individ-
ual forcing datasets and improves prior SWE accuracy across
the study regions. Assimilation of near-peak lidar-derived
snow depth substantially corrects prior SWE errors, reduc-
ing the influence of forcing-driven biases accumulated during
the snowfall season. As a result, random error is the dom-
inant source of posterior error. Although assimilation nar-
rows performance differences, the multi-forcing ensemble
still yields slightly better overall accuracy and improved un-
certainty characterization. This work demonstrates that inte-
grating diverse meteorological forcings within a data assim-
ilation framework can improve SWE estimates (both model-
based and reanalysis-based) when the optimal forcing dataset
cannot be identified a priori and varies across space and time.

1 Introduction

Seasonal snowpack in mountainous regions plays a crucial
role in the global energy and water cycle. Mountains serve
as water towers by storing water in snowpack and releasing
snowmelt runoff during the warm season to supply down-
stream water demands and ecosystems. Such water tow-
ers are vulnerable to climatic and socio-economic changes,
which can have negative impacts on ~ 2 billion people (22 %
of global population) living downstream (Immerzeel et al.,
2020; Mankin et al., 2015). Exceptional snow droughts can
cause economic loss of billions of dollars, food shortages,
and regional conflicts. Recent studies have documented sub-
stantial declines in snowpack across the western US (WUS),
with over 90 % of long-term monitoring sites exhibiting de-
creasing trends in 1 April SWE, including a 15 %—30 % de-
cline since the mid-20th century — equivalent to the volume
of Lake Mead (Mote et al., 2018). Projections further suggest
a34£8 % loss in volumetric snowfall across the WUS by the
end of the century under high-emissions scenarios (Norris et
al., 2025). Efforts to quantify snow droughts and their socio-
economic impact have expanded across High Mountain Asia
(HMA), Central Asia, western Russia, Andes, and Patagonia
(Huning and AghaKouchak, 2020; Qin et al., 2020). Beyond
snow droughts, recent studies have identified rain-on-snow
(ROS) events as key drivers of major floods across North
America (Li et al., 2019), including in mountainous regions
like Alberta, where such events contributed to the 2013 flood
(Mohammed et al., 2025; Pomeroy et al., 2016). Heavy rain-
fall on top of snowpack increases runoff and poses a sig-
nificant flood hazard. Snowpack should be characterized not
only as a water supply but also as a potential source of hy-
drologic hazard.
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Despite its importance, large uncertainties exist in the cli-
matology of seasonal SWE magnitude and timing across dif-
ferent global datasets (e.g., ERAS, ERAS-Land, MERRA?2,
GLDAS, JRAS5S5, GlobSnow; Mortimer et al., 2020). For
example, Wrzesien et al. (2019) found that global datasets
(ERA-Interim, GLDAS, MERRA?2, VIC outputs) may un-
derestimate snow water storage by as much as 1500km?>,
which is equivalent to 4 % of the rivers over the globe. Recent
work further quantified climatological peak snow storage un-
certainties, estimating 161 =102 km? over HMA (Liu et al.,
2022), 284 4 14km> among high- and moderate-resolution
products and 127 & 54km> among low-resolution products
over the WUS, and 19 + 16km3 across the Andes (Fang et
al., 2023). In addition to these substantial uncertainties in
bulk storage estimates, the spatial distribution of snow stor-
age also varies across datasets and is resolution dependent.
Coarse resolution products often fail to capture snow stor-
age patterns in rain shadow mountain regions (e.g., Sierra
Nevada and Andes) where snowmelt feeds watersheds that
supply distinct downstream populations (Fang et al., 2023).
These uncertainties in global snow datasets directly impact
process-based estimates of runoff, thereby leaving our physi-
cal understanding of mountain snowmelt driven systems still
incomplete and highly uncertain.

The vast majority of gridded SWE datasets are model-
derived, with limited observational constraints, making SWE
estimates highly sensitive to the meteorological inputs used
as model forcing. These inputs govern both snowfall accu-
mulation and snowmelt processes, with snowfall primarily
controlled by precipitation and air temperature (Guan et al.,
2010) and snow ablation influenced by solar radiation, snow
albedo, air temperature, and atmospheric humidity (Cazorzi
and Dalla Fontana, 1996; Harpold and Brooks, 2018). With
the growing number of gridded meteorological datasets, the
selection of snow model input data leads to substantial vari-
ability in snow simulations (Mizukami et al., 2014). Previ-
ous studies have evaluated different gridded meteorological
datasets in the context of hydrological modeling (Eldardiry
et al., 2025; Kim et al., 2021; Raimonet et al., 2017; Wang et
al., 2020; Wayand et al., 2013; Yoon et al., 2019). For exam-
ple, Yoon et al. (2019) compared ten precipitation products
over HMA and found that although the general spatiotem-
poral patterns are similar, significant differences in the mean
estimates are observed across products and are propagated to
the terrestrial water budget estimates. Models used to esti-
mate SWE typically fall into two categories: coupled land-
atmosphere models and offline land surface models (LSMs).
Coupled models, such as Earth System Models (ESMs) can
be used for applications ranging from seasonal-scale predic-
tion systems (e.g., NASA’s GMAO S28 system; Molod et al.,
2020) to decadal and century-scale climate projections (e.g.,
NASA’s GISS ModelE; Kelley et al., 2020). A common fea-
ture of these models is that they generally produce estimates
that are either significantly coarser than moderately sized wa-
tersheds or do not sufficiently capture the spatial variability
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within large watersheds. They also frequently exhibit sig-
nificant biases (Duethmann et al., 2013; Emmanouil et al.,
2021; Mamalakis et al., 2017; Seyyedi et al., 2014), which
along with their coarse spatial resolution, limit their utility
for hydrologic prediction in moderately sized to large wa-
tersheds without additional bias correction and downscaling.
Offline LSMs are often used to reduce the influence of these
biases by using bias-corrected meteorological inputs. How-
ever, SWE estimates in both frameworks remain sensitive to
the characteristics and quality of the input data used.

Data assimilation (DA) techniques aim to constrain SWE
estimates by optimally merging model simulations with ob-
servational data such as snow depth and snow cover area,
thereby correcting prior model outputs (Andreadis and Let-
tenmaier, 2006; Fang et al., 2022; Liu et al., 2021; Mar-
gulis et al., 2015; Slater and Clark, 2006; Smyth et al., 2019,
2020). In this study, we adopt an offline LSM to generate
a prior ensemble, which represents a range of possible snow
states before assimilation. These prior estimates are driven by
meteorological forcings with modelled uncertainties in key
variables such as precipitation, air temperature, and radia-
tion. The prior estimates are highly sensitive to the meteoro-
logical forcings, especially in complex mountainous regions
with limited in-situ observations (Raleigh et al., 2015; Slater
et al., 2013). Raleigh et al. (2015) demonstrated through
global sensitivity analyses that different choices of pertur-
bation functions and error distributions can substantially in-
fluence prior model outputs. Although DA frameworks are
designed to ultimately reduce these a priori uncertainties,
the effectiveness is limited by how well meteorological forc-
ing uncertainty is represented (Girotto et al., 2020). Most
existing DA studies rely on a single meteorological dataset
(e.g., interpolated weather station data or gridded reanalysis
datasets) to generate a prior ensemble, often without explic-
itly accounting for inconsistencies across different datasets.
Clark et al. (2011) advocate for the multiple working hy-
potheses for hydrological modeling, emphasizing the need
to test alternative model structures rather than assuming a
single “correct” representation. Similarly, assuming a single
“correct” forcing dataset with perturbations can limit our un-
derstanding of uncertainty propagation in SWE estimates.
An ensemble-based data assimilation framework fits natu-
rally within the multiple hypotheses approach, allowing us
to examine how differences in forcing datasets, error charac-
teristics, and uncertainty perturbations influence SWE esti-
mates.

The objective of this study is to examine how differences
among meteorological datasets influence both model-based
(prior) and DA-based (posterior) SWE estimates, and to as-
sess whether using multiple datasets can improve perfor-
mance relative to using any single dataset. We implement
an ensemble Bayesian snow reanalysis framework that inte-
grates multiple meteorological datasets, explicitly accounts
for their uncertainties, and conditions prior snow depth esti-
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mates on lidar-based snow depth observations as a case study.
This framework allows us to address the following questions:

1. Does one of the widely used meteorological forcing
datasets (ERAS, MERRA2, or NLDAS?2) yield the most
accurate model-based prior SWE spatio-temporal esti-
mates?

2. To what extent does using multiple meteorological forc-
ing datasets improve the accuracy of model-based prior
SWE estimates compared to any single forcing?

3. To what extent can assimilation of independent data
reduce errors arising from meteorological forcing in
model-based prior SWE estimates?

4. How does the incorporation of multiple meteorologi-
cal forcing datasets influence the accuracy of DA-based
posterior SWE estimates and their uncertainty?

The rest of the paper is organized as follows: Section 2
presents the case study domains and methodology used in
this work. Section 3 provides the results and discussion to
answer the questions listed above, and Sect. 4 summarizes
the key points of this work.

2 Methods
2.1 Case study domains and water year testbed

The case study domains include three mountainous water-
sheds in the WUS: the Merced River Basin, Aspen-Castle
Maroon (hereafter Aspen), and Gunnison-East. The loca-
tions of the domains are shown in Fig. 1a. These watersheds
are selected because (1) they are representative of season-
ally snow-dominated WUS sites and provide important wa-
ter resources through spring snowmelt, (2) the snow reanal-
ysis method employed herein has been successfully applied
over these sites previously (Fang et al., 2022), and (3) lidar-
based snow depth data near 1 April is available as a constraint
for data assimilation, and additional lidar-based observations
later in the snowmelt season are available for evaluation dur-
ing the melt season. Water year (WY) 2019 is selected for
analysis due to the availability of lidar-based observations
across all three domains at both near-peak SWE and in the
melt season. WY 2019 was characterized by well above av-
erage snow accumulation across much of the western United
States, making it a wet snow year relative to long-term cli-
matology. In California, peak statewide snowpack was 175
percent of average with records dating back to 1950 accord-
ing to the hydroclimate report from California Department
of Water Resources. Colorado also experienced above aver-
age snow accumulation in WY 2019. Statewide snowpack
was 136 % of median on April 1, with snowpack in the Up-
per Colorado River Basin at 130 % of median, according to
the Colorado Water Supply Outlook Report. We acknowl-
edge that restricting the analysis to a single WY limits the
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hydroclimate conditions examined. Therefore, this study is a
demonstration of a representative wet snow year. Extending
the analysis across multiple snow regimes would be valuable
but is currently limited by the availability of consistent ASO
observations across all study domains.

The Merced River Basin is in the western Sierra Nevada
of California and corresponds to an Airborne Snow Obser-
vatory (ASO) surveyed area of approximately 966 km?, with
elevations ranging from about 1195 to 3861 m. It receives
winter precipitation predominantly as snow at higher eleva-
tions, forming a seasonal snowpack that melts in spring and
early summer. The snowmelt contributes to downstream river
flow as it eventually drains westward into the San Joaquin
River in California’s Central Valley. The Aspen watershed
is located within the Roaring Fork watershed in central Col-
orado on the western side of the Continental Divide. It spans
an ASO surveyed area of about 369 km?, with elevations
ranging from 2532 to 4284 m. Snowmelt from this water-
shed feeds Castle and Maroon Creeks, which largely flow
northward and supply almost all the water for the city of As-
pen. Adjacent to Aspen, the Gunnison-East watershed, part
of the Gunnison River Basin, covers an ASO surveyed area
of 1342 km?, with elevations ranging from 2529 to 4172 m. It
receives substantial winter precipitation as snow, with spring
snowmelt feeding major tributaries that flow southeast into
the Gunnison River and ultimately into the Colorado River.
The three watersheds also exhibit different dominant land
cover types that influence snow accumulation and ablation
processes. Land cover type and fractional forest cover are
derived from the AVHRR land cover and GLCF forest cover
datasets and interpolated to the 150 m model grid using a
nearest neighbour interpolation. As shown in Fig. S1 in the
Supplement, Merced is dominated by grassland and wooded
grassland, with relatively limited dense forest cover. Aspen
exhibits a transition from deciduous forest at lower eleva-
tions to wooded grassland and alpine terrain at higher eleva-
tions. Gunnison-East contains a heterogeneous mix of bare
ground, deciduous forest, and wooded grassland. These dif-
ferences influence canopy interception, sublimation, and ra-
diative fluxes.

2.2 Meteorological datasets for forcing a snow model

This study uses hourly meteorological forcings that include
surface precipitation, 2 m air temperature and specific hu-
midity, surface pressure, surface downwelling shortwave and
longwave radiation, and 10 m wind speed. These variables
are derived from three widely used datasets - ECMWF Re-
analysis v5 (ERAS) (Hersbach et al., 2020), Modern-Era
Retrospective analysis for Research and Applications v2
(MERRA-2) (Gelaro et al., 2017), and North American Land
Data Assimilation System Phase 2 (NLDAS-2) (Xia et al.,
2012). These datasets were selected because they are large-
scale, gridded hourly products developed by different agen-
cies using distinct atmospheric models, assimilation systems,

The Cryosphere, 20, 3345-3367, 2026



3348

and observational constraints. They have been used in a vari-
ety of modeling and data assimilation applications (e.g., Lim
et al., 2017; Margulis et al., 2016; Tao et al., 2019; Tarek
et al., 2020). While additional forcing datasets are available,
triplet configurations are commonly used to derive weights
and characterize uncertainty (Yilmaz et al., 2012). ERAS is
a global dataset generated based on the Integrated Forecast-
ing System and a 4D-Var data assimilation system that inte-
grates satellite-based observations and station data (Hersbach
et al., 2020). It provides hourly output at 0.25° x 0.25° reso-
lution from 1979 onward. MERRAZ2 is developed by NASA’s
Global Modeling and Assimilation Office (GMAO). It uses
the GEOS-5 atmospheric model and a 3D-Var assimilation
system, incorporating satellite observations and conventional
meteorological observations (Gelaro et al., 2017). It pro-
vides global data at 0.625° x 0.5° resolution from 1980 to
present. In contrast, NLDAS?2 is a Contiguous U.S. product
that combines model output from the NCEP North American
Regional Reanalysis (NARR) with high-resolution observa-
tional data. It replaces NARR precipitation with gauge-based
estimates, utilizes GOES satellite-derived radiation, and ad-
justs near-surface variables using dense surface station net-
works (Xia et al., 2012). It provides data at a 0.125° x 0.125°
resolution from 1979 to present.

Figure 1b shows the raw annual surface precipitation for
WY 2019 from ERAS, MERRA?2, and NLDAS?2 across the
study domains, with domain-averaged mean and standard
deviations annotated for each dataset. Differences in pre-
cipitation magnitude and spatial variability are significant
due to variations in spatial resolution and estimation meth-
ods, which are expected to propagate to substantial uncer-
tainties in hydrological model outputs (Tang et al., 2023).
In Merced, ERAS and MERRA?2 exhibit similar mean pre-
cipitation values, with both substantially higher than NL-
DAS2. However, MERRA?2 shows significant spatial contrast
across the watershed due to the coarse resolution. In Aspen
and Gunnison-East, the three products diverge more signifi-
cantly: MERRA?2 exhibits higher precipitation, while ERAS
and NLDAS?2 are more similar to each other. To reduce the
large spatial contrast seen in the coarse-gridded datasets, a
bilinear interpolation step was applied to smooth the abrupt
spatial artifacts prior to downscaling as described below in
Sect. 2.3.

2.3 Downscaling and ensemble uncertainty modeling of
meteorological forcings

This study uses a modeling spatial resolution of 150 m,
which represents a relatively high-resolution capable of re-
solving topographic variability relevant to mountain snow
processes, while remaining computationally feasible for the
study domains. However, as is commonly the case, the na-
tive resolutions of meteorological forcing datasets (ERAS,
MERRAZ2, and NLDAS?2) are much coarser than the model
grid. Therefore, a downscaling approach is required to adjust
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the coarse inputs to the finer model resolution. To address
this mismatch, we apply topographic corrections following
the method of Girotto et al. (2014), as detailed in Sect. S2 in
the Supplement. This approach has been successfully applied
in snow studies over various mountainous regions, including
the WUS (Fang et al., 2022), HMA (Liu et al., 2021), and
the Andes (Cortés and Margulis, 2017). Detailed procedures
for downscaling air temperature, dew point temperature, sur-
face pressure, specific humidity, and incoming shortwave and
longwave radiation are provided in Sect. S2. Meteorological
variables are downscaled to the 150 m model grid by explic-
itly accounting for elevation differences between the coarse
forcing grids and the high-resolution SRTM DEM used in
the land surface model. Discrepancies between raw forcing
elevations and SRTM elevations propagate directly into the
downscaled forcings.

In addition to downscaling, bias correction is important to
account for known systematic errors in the meteorological
forcing datasets, particularly when generating prior ensem-
bles for data assimilation. Previous studies have documented
biases in downscaled MERRA2 (Fang et al., 2022; Liu et
al., 2021; Cortés and Margulis, 2017) and NLDAS2 (Mar-
gulis et al., 2016) datasets, and evaluations of global reanal-
ysis products have identified systematic underestimation of
SWE associated with forcing and model representation er-
rors (Broxton et al., 2016), suggesting that similar biases are
expected in ERAS. To address these first-order biases and
enable a probabilistic modeling framework, we apply a uni-
form prior bias correction approach that adjusts each forc-
ing dataset across the whole WUS. Following downscaling,
key meteorological variables including precipitation, air tem-
perature, dew point temperature, and shortwave radiation are
bias-corrected and perturbed to generate prior ensemble real-
izations. The ensemble generation methodology follows that
used in previous MERRA2-based reanalyses over the WUS
(Fang et al., 2022) and HMA (Liu et al., 2021). Specifically,
precipitation is adjusted using a lognormally distributed mul-
tiplicative factor (Eq. S1 in the Supplement), while air tem-
perature (7,) and dew point temperature (74) are perturbed
with normally distributed additive error (Eqs. S2 and S3).
Shortwave radiation (SW) is corrected with a normally dis-
tributed multiplicative factor that varies with the solar index
(Eq. S4). These first-order prior bias correction parameters
are applied uniformly in space for each forcing dataset across
the WUS.

In this study, snowfall model inputs are derived from the
prior ensemble of bias-corrected precipitation and air tem-
perature on an hourly basis (Sect. S3). Figure 2 shows the
time series of basin-averaged daily cumulative prior mean
snowfall, elevational binned histograms of annual snowfall,
and spatial maps of annual snowfall for WY 2019 across
the three study domains. The basin-averaged annual snow-
fall estimates vary across different datasets, ranging from
1553 to 2088 mm for Merced, from 798 to 1710 mm for As-
pen, and from 694 to 1363 mm for Gunnison-East. Differ-
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Figure 1. (a) Map of elevation and Hydrological Unit Codes 2 (HUC2) basins in the western US with the locations of study domains,
(b) maps of the raw annual precipitation (mm) for the Water Year (WY) 2019 from ERAS, MERRA?2, and NLDAS?2 across the reanalysis
tiles that cover the study domains (top row showing Merced and bottom row showing Aspen and Gunnison). The spatial mean and standard
deviation (Std. Dev.) of precipitation for each domain are annotated on the maps.

ences among datasets are consistent across many elevation
bands due to the coarse resolution of the raw forcing prod-
ucts and the use of the same deterministic downscaling ap-
proach. In addition, part of the elevation-dependent snowfall
differences arises from differences between the native eleva-
tions of the coarse forcing datasets and the high-resolution
SRTM DEM used for downscaling. ERAS, MERRA2, and
NLDAS?2 are different in spatial resolution and associated el-
evations, and air temperature is adjusted based on the eleva-
tion difference (AZ) between the SRTM DEM and interpo-
lated forcing DEM; therefore, any errors in the applied lapse
rates scale with basin-specific elevation distributions. This
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effect is illustrated in Fig. S2, which shows that although As-
pen and Gunnison-East share the same native MERRA?2 grid
cell (Fig. 1), Aspen exhibits systematically more positive AZ
(with more spread) in SRTM DEM than Gunnison-East. Air
temperature is spatially distributed using a fixed lapse rate
applied to the elevation difference AZ. Consequently, larger
elevation differences lead to larger temperature adjustments,
which directly influence the rain-snow partitioning. As As-
pen exhibits larger positive AZ than Gunnison-East, it has
systematically lower corrected temperatures and therefore
higher snowfall and peak SWE than Gunnison-East (Fig. 2).
As a result, adjacent basins with different elevation distri-
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Figure 2. Time series of prior mean basin-averaged daily cumulative snowfall, spatial distribution of prior mean annual snowfall, and
elevationally binned histograms of annual snowfall for Water Year (WY) 2019 over (a) Merced, (b) Aspen, and (¢) Gunnison-East. Each row
corresponds to a different basin. Basin-averaged annual snowfall values are annotated on the spatial maps.

butions can experience different snowfall partitioning even
when forced by the same dataset. In general, MERRA?2 ex-
hibits higher snowfall across all elevation bands, while ERAS
and NLDAS?2 yield lower values, particularly at higher ele-
vations. ERAS exhibits the lowest snowfall except at low el-
evations in Gunnison-East. These differences persist despite
the application of a uniform prior bias correction designed
to reduce the first-order biases in the forcing datasets. Note
that since the bias correction was derived using multiple sites
across the WUS (Sect. S3), it is expected that the impact
of that bias correction can vary significantly at more local-
ized scales, as illustrated here for the Merced, Aspen, and
Gunnison-East basins. The observed inter-product variabil-
ity reflects a combination of inherent differences in the raw
datasets, elevation-dependent errors from the downscaling of
coarse-scale forcings over complex terrain, and the spatially
varying impacts of the applied bias corrections. These varia-
tions are expected to propagate into significant differences in
SWE estimates, as discussed in Sect. 3.

2.4 Bayesian SWE estimation framework
2.4.1 Ensemble model framework
This study applies a previously developed ensemble model-

ing framework to explicitly represent uncertainties in me-
teorological forcings and evaluate their impact on SWE
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estimates (both model-based prior estimates and data-
constrained posterior estimates). The modeling setup is the
same as Fang et al. (2022). Specifically, the Simplified
Simple Biosphere model coupled with a three-layer Snow
Atmosphere-Soil Transfer model (SSiB3-SAST; Sun and
Xue, 2001) was used as the land surface model (LSM) to sim-
ulate snow states. A snow depletion curve (SDC) was used to
represent the subgrid heterogeneity in snow states. Static in-
puts required by the LSM, including topographic, land cover,
and forest cover fraction, are obtained from the same sources
and processed to the model resolution using the same meth-
ods as described in Fang et al. (2022).

Simulations are conducted at a spatial resolution of 150 m
and an hourly time step for WY 2019, generating 120 en-
semble members of snow estimates. This ensemble size was
selected to ensure robust sampling of uncertainty in meteoro-
logical forcings while maintaining computational efficiency.
The ensemble members differ only in their meteorological
forcing inputs and bias correction parameters. The uncer-
tainty model for each forcing dataset, described in Sect. 2.3,
is used to generate a prior forcing ensemble to drive the LSM.

2.4.2 Assimilation of near-peak snow depth

The probabilistic DA framework used in this study is referred
to as the Particle Batch Smoother (PBS) developed by Mar-
gulis et al. (2015). Within this framework, the LSM is used to
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generate a prior ensemble estimate of snow states, based on
the specified input uncertainty and its propagation through
the model. Each member in the prior ensemble is treated as
an equally likely realization. The goal of the PBS approach
is to optimally weight uncertainties from prior estimates and
snow observations, in this case study, snow depth, to gener-
ate posterior estimates of snow states. A likelihood function
is used to update the weights of each prior ensemble mem-
ber based on its consistency with the snow depth observation.
The updated (posterior) weights define the probability distri-
bution of modelled snow variables (e.g., mean and variance).
The mathematical formulation is described in detail in Mar-
gulis et al. (2015).

In this study, a single snow depth (SD) map from the Air-
borne Snow Observatory (ASO, Painter et al., 2016), col-
lected near peak accumulation (closest to 1 April), is as-
similated to constrain the prior ensemble. This assimilation
timing is chosen to separate, to some extent, the effects of
meteorological forcing errors during the accumulation sea-
son from those during the melt season. Snow depth is tightly
coupled to instantaneous SWE (Margulis et al., 2019), and
near-peak SD observations are expected to primarily correct
errors during the snow accumulation season (i.e. primarily
due to snowfall inputs). This enables a more accurate initial-
ization of the snowpack antecedent to melt and allows us to
evaluate how differences in meteorological forcing inputs in-
fluence differences in SWE evolution during the melt season.
Before assimilation, the ASO snow depth maps were regrid-
ded to the modelling resolution at 150 m. The snow depth
observation is assumed to be unbiased with a specified error
standard deviation of 10 cm, which is in the correct range of
lidar snow depth errors (Painter et al., 2016) and the mod-
eling resolution of this study. While lidar-derived SD data
are not widely available, they provide an ideal case study
for evaluating the value of assimilating independent, high-
quality snow observations. Given the direct connection be-
tween SD and SWE, the case study with assimilation of SD is
likely to provide a lower bound on posterior SWE error, that
may be larger when assimilating other variables (e.g. frac-
tional snow-covered area).

2.4.3 Experimental setup

To assess the impact of meteorological forcings on SWE esti-
mates, two sets of experiments were designed: single-forcing
experiments (la and 2a) and multi-forcing experiments (1b
and 2b), as defined in Table 1 and described below. These
experiments are grounded in an ensemble modelling and DA
framework, where each ensemble member represents a plau-
sible realization of the forcing time series. Typically, ensem-
ble members are generated by perturbing a single nominal
forcing dataset; however, in this study, we also explore an al-
ternative approach where different forcing datasets are used
to contribute realizations to the ensemble.
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Single-forcing experiments

The single-forcing experiments (la and 2a) are designed
to assess how SWE estimates differ when using different
forcing datasets, while keeping all other model components
fixed. The setup is the standard approach commonly used in
snow modeling and data assimilation, where a single reanal-
ysis or gridded dataset is selected as the nominal driver for
the modeling system. Each 120-member ensemble is gener-
ated using bias-corrected and perturbed meteorological in-
puts from one dataset (ERAS, MERRA2, or NLDAS?2). The
output SWE provides a reference for comparison against the
multi-forcing ensemble. Therefore, the single-forcing exper-
iment serves as a baseline in addressing all four research
questions, including the relative accuracy of different forc-
ing products, the value of using multiple products, and the
value of data assimilation in reducing forcing-related SWE
uncertainty.

Multi-forcing experiments

Rather than merging meteorological inputs deterministically,
the multi-forcing experiments leverage the ensemble-based
framework to sample from the realizations associated with
each individual forcing dataset. This approach is expected
to generate a more diverse set of meteorological inputs, as
it draws from multiple nominal products, each with its own
variability. The 120-member prior ensemble is populated us-
ing subsets of realizations drawn directly from the single-
forcing ensembles. Each realization uses meteorological in-
puts from only one of the three forcing datasets to ensure
internal physical consistency within each meteorological en-
semble member.

A central design decision involves determining how many
realizations to allocate to each product within the 120-
member ensemble. This is addressed by assigning partition-
ing weights, W;, that specify the proportion of the ensemble
attributed to each dataset. One defensible approach is to use
weights that are calculated using the least squares weighting
approach developed by Yilmaz et al. (2012), which derives
optimal weights based on the relative uncertainties of each
product under the assumption of additive, Gaussian, and un-
correlated errors. The partitioning weights are calculated as:

w— ALzo] "
i= 2
Ziﬂj;ﬁiaj

where W; is the weight assigned to forcing product i and
0621, is the estimated error variance in modelled SWE rela-
tive to ASO-derived SWE at the time of assimilation (near
1 April). These error variances are approximated using the
root-mean-square error (i.e., 062[_ = RMSE%), which incorpo-
rates both systematic and random errors. RMSE can be de-
composed into bias and unbiased RMSE (ubRMSE) compo-
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Table 1. Summary of Experimental Design for Evaluating SWE Estimates.

Experiment  Forcing Type Assimilation Experimental Goal

la Single-forcing  No (model-based Prior) Establish baseline SWE uncertainty when using a single
meteorological forcing dataset.

1b Multi-forcing ~ No (model-based Prior) Assess if combining multiple forcing datasets can reduce uncertainty
compared to the single-forcing baseline.

2a Single-forcing  Yes (DA-based Posterior)  Quantify how much data assimilation improves SWE estimates within
a single-forcing framework.

2b Multi-forcing  Yes (DA-based Posterior)  Evaluate if a multi-forcing ensemble leads to greater improvements in

posterior accuracy and reduction in uncertainty compared to a
single-forcing ensemble.

nents according to (Entekhabi et al., 2010):
RMSE? = bias + ubRMSE? )

While the original formulation (Yilmaz et al., 2012) assumes
unbiased inputs such that RMSE = ubRMSE, we relax that
assumption here by using independent data and taking the
full RMSE to represent total error. Since this weighting ap-
proach requires a reference SWE dataset, it is implemented
herein as a case study at sites where ASO data are available.
Sensitivity of the results to the weighting scheme is further
evaluated in Sect. 3.6. This weighting method constructs the
multi-forcing ensemble as a weighted combination of the in-
dividual single-forcing ensembles. If one dataset performs
significantly better than the others, the weighted average may
underperform relative to that best case. However, in most ap-
plications, it is unlikely to know which forcing product is
most accurate in advance, nor can one assume a single prod-
uct is consistently best across space and time. Given this un-
certainty, the goal is not necessarily to outperform the best
product, but to avoid over-reliance on a single dataset and
to reduce errors in cases where no single product consis-
tently dominates. The number of realizations derived from
each dataset is then given by:

N,'ZW[XN (3)

where W; denotes the partitioning weights (Eq. 1) for ERAS,
MERRA?2, and NLDAS?2 respectively. Note that the sum of
W; is equal to 1. This setup ensures that N1 + N, + N3 = N,
so that the total number of realizations in the multi-forcing
ensemble (i.e., N = 120) is the same as that of the single-
forcing experiment, allowing for a fair comparison under
equal computational cost.

Figure 3 illustrates the Bayesian reanalysis framework,
with the forward model (red boxes) and lidar-based ASO
snow depth assimilation (blue boxes). The “Multi-forcing”
block shows how individual realizations are sampled from
ERAS, MERRA2, and NLDAS?2 single-forcing ensembles,
with partitioning weights applied to determine their contri-
butions.
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2.5 SWE reference dataset

The performance of both single-forcing and multi-forcing
SWE estimates is evaluated through comparisons with spa-
tially distributed SWE derived from ASO SD observations.
Note that the ASO SWE product is not directly used for the
comparison since it is a model-based estimate that combines
model-estimated snow density and SD observations. Raleigh
and Small (2017) found that snowpack density is the primary
source of uncertainty when mapping basin-wide SWE with
lidar. Painter et al. (2016) pointed out that ASO snow den-
sity is estimated using a spatially distributed energy-balance
model, iSnobal (Marks et al., 1999), which represents the
snow cover as a two-layer system. However, there are incon-
sistencies in the snow density estimates compared to those
from the SSiB3-SAST model used in this study and it is diffi-
cult to know which density estimates are more accurate. An-
alyzing how model-based snow density uncertainties affect
the SWE estimates is beyond of the scope of this study. To
reduce the influence of model-dependent snow density dif-
ferences in the comparison, we instead compute an “ASO-
based SWE” reference product used herein by multiplying
observed ASO SD with the mapped ensemble mean snow
density estimates across the three single-forcing ensembles
at each of the ASO observation times. This approach pro-
vides a more internally consistent comparison. Analysis of
estimated snow density at ASO times indicates limited vari-
ability across the three single-forcing datasets (Sect. S4).

3 Results and discussion

3.1 Experiment 1a: Impact of single dataset
meteorological forcings on model-based (prior)
SWE

Daily time series of basin-averaged SWE and snow depth
(SD) for WY 2019 (Fig. 4) clearly show the substantial dif-
ferences in the prior mean estimates derived from the three
meteorological forcing datasets. MERRA?2 consistently pro-
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and a posterior update component for assimilating ASO snow depth (SD) near 1 April (blue boxes). In the single-forcing experiments, prior
ensemble members correspond to single forcing product i with a weight W; = 1, whereas the multi-forcing experiments use multiple products

with weights that sum to 1.0.

duces the highest SWE and SD across all three domains,
showing positive biases relative to the ASO-based reference.
In contrast, ERAS and NLDAS?2 typically yield lower SWE
and SD estimates, which generally better align with the ASO-
based SWE, except in Gunnison-East, where they exhibit sig-
nificant negative differences relative to the ASO-based refer-
ence in April. Beyond differences among forcing datasets,
the ASO-based reference itself exhibits variability across the
three watersheds. As shown in Fig. 4, ASO peak SWE in
Merced is higher than peak SWE in Aspen and Gunnison
East, whereas Aspen and Gunnison East exhibit slower SWE
depletion later in the melt season. These differences across
watersheds are likely in part due to differences in land type
and forest cover (Fig. S1). In particular, increased forest
cover may reduce snow accumulation through canopy inter-
ception while also reducing melt energy and slowing melt,
thereby influencing the seasonal evolution of SWE (Sun et
al., 2022). No single dataset consistently outperforms the
others across all regions, and this is likely true at larger spa-
tial scales. Based on peak SWE near 1 April (coinciding with
ASO acquisition), the relative agreement with ASO varies by
basin. For Merced, ERAS is the closest to the ASO-based
reference, followed by NLDAS2 and MERRA?2. For Aspen,
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NLDAS?2 performs best, followed by ERAS and MERRAZ2.
For Gunnison-East, MERRA?2 aligns most closely with ASO,
followed by ERAS and NLDAS2. On the near-peak ASO
date, the SWE variation, defined as the maximum difference
among the three prior SWE estimates, is equal to 0.46 m in
Merced, 0.64 m in Aspen, and 0.51 m in Gunnison-East. Cor-
responding SD variations are 1.03, 1.69, and 1.29 m, respec-
tively. These differences in SWE and SD estimates can be
partially explained by the snowfall patterns shown in Fig. 2.
MERRA?2 exhibits the highest annual snowfall, particularly
at higher elevations (Fig. 2), propagating to its overestima-
tion of peak SWE relative to the other datasets. The over-
estimation of peak SWE generally propagates to the overes-
timation of SWE during the ablation season, since ablation
errors are due to both peak SWE errors and forcing errors
in simulating snowmelt. Constraining peak SWE in the DA
step isolates ablation errors primarily due to meteorological
forcing, as discussed in Sect. 3.5 and 3.6.

Figure 5 illustrates the elevational distribution of prior
mean SWE produced using the three forcing datasets, com-
pared to ASO-based SWE. All three prior estimates ex-
hibit relatively simplistic elevational distributions that pri-
marily reflect cumulative snowfall differences (Fig. 2), which
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Figure 4. Daily time series of basin-averaged prior ensemble mean SWE and SD estimated using ERAS5, MERRA?2, and NLDAS?2 forcings
for Water Year 2019 across Merced, Aspen, and Gunnison-East. ASO SD and ASO-based SWE estimates are shown as diamonds, with
red diamonds indicating values on the near-peak ASO date. The best- and worst-performing dataset on the near-peak ASO date, based on
comparison with ASO, are highlighted with squares and triangles, respectively.

project to shifts in SWE across elevation. MERRA?2 consis-
tently yields higher SWE across all elevation bands com-
pared to both the ASO and other single-forcing prior esti-
mates. While ERAS and NLDAS?2 produce lower SWE than
MERRA?2 across all domains, their differences relative to
ASO vary by region and elevation. Note that ASO shows a
more complex variability pattern that none of the prior es-
timates capture particularly well, even when their average
SWE magnitudes are similar. In Merced, both ERA5 and
NLDAS?2 overestimate SWE relative to ASO, and their SWE
estimates indicate later snowmelt, particularly at lower ele-
vations. This delay is likely due to the positive bias in peak
SWE, as even accurate melt rates require longer time to melt
out more snowpack. In Aspen, the basin-averaged agree-
ment of NLDAS2 with ASO (Fig. 4) results from compen-
sating differences across elevations — overestimating SWE at
low elevations and underestimating at high elevations. ERAS
most closely matches ASO below 3200 m, while NLDAS?2
is better aligned between 3200 and 3700 m. In Gunnison-
East, ERAS aligns best with ASO below 3200 m, whereas
MERRAZ2 provides the closest match between 3200-3800 m.
The ranking of prior SWE accuracy is a function of elevation.

The accuracy of prior mean SWE is assessed using
RMSE, calculated relative to ASO-based SWE (Table 2). In
Merced, the RMSE for ERAS ranges from 0.36 to 0.58 m,
for MERRA?2 from 0.54 to 0.92 m, and for NLDAS2 from
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Table 2. RMSE (m) of prior mean SWE, compared to ASO-based
SWE for Water Year 2019.

Domain Date  ERA5 MERRA2 NLDAS2
29Mar 036 0.77 0.48

Merced 4 Jun 0.58 0.92 0.78
3 Jul 0.47 0.68 0.59

16Jul 039 0.54 0.49

Asoen 7Apr 037 0.53 031
p 10Jun 043 0.72 0.40

. 7Apr  0.39 0.36 0.41
Gunnison-East 5y 0 33 0.49 034

0.48 to 0.78 m throughout the year. ERAS5 and NLDAS?2 ex-
hibit similar RMSE in the range of 0.3-0.45m in Aspen
and Gunnison-East. However, a counterintuitive result is that
MERRAZ2 exhibits different weights in Aspen and Gunnison-
East, despite being adjacent watersheds and falling within
the same native MERRA?2 grid cell. While raw MERRA2
precipitation is identical for both basins prior to down-
scaling, the snowfall forcing is different due to elevation-
dependent temperature corrections and basin-specific eleva-
tion distributions. As shown in Fig. S2a, bilinearly interpo-
lated MERRAZ2 elevations differ from SRTM elevations in
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Figure 5. Elevational distribution of ASO-based SWE and prior mean SWE produced using ERAS, MERRAZ2, and NLDAS?2 forcings across
(a) Merced, (b) Aspen, and (¢) Gunnison-East. Elevation is discretized into 20 bins containing equal numbers of pixels, with mean SWE
values within each bin shown as solid curves. Each elevation bin contains an equal number of pixels. Mean SWE values within each elevation
bin are shown as solid curves. Datasets that best and worst match the ASO data are indicated by squares and triangles, respectively.

both magnitude and spatial pattern. Aspen has a higher me-
dian elevation and a larger elevation range than Gunnison-
East as represented by SRTM (Fig. S2b). These differences
directly influence the lapse rate-based temperature correction
applied during forcing disaggregation. Therefore, Aspen ex-
periences lower corrected temperatures, leading to a higher
fraction of precipitation falling as snow and greater peak
SWE, whereas Gunnison-East exhibits warmer corrected
temperatures and reduced snowfall. Figure 6 presents the
spatial patterns of SWE differences between the prior mean
estimates and ASO-based estimates, along with a decompo-
sition of RMSE (into its biased and unbiased components).
The top panel illustrates that MERRA?2 consistently overesti-
mates SWE across most regions in all domains (indicated by
widespread blue areas), whereas ERAS and NLDAS?2 exhibit
fewer positive differences in Merced, localized underestima-
tions in Aspen, and more negative differences in Gunnison-
East. The bottom panel shows the RMSE of prior mean SWE
which is chosen since it provides an easy way to decompose
total error into bias and ubRMSE components. MERRA?2 ex-
hibits the largest RMSE in Merced and Aspen, primarily due
to large bias contributions (with bias?/RMSE? ratio exceed-
ing 0.5), while ERAS and NLDAS?2 show smaller and less
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biased errors, particularly in Aspen. In contrast, MERRA2
exhibits lower RMSE in Gunnison-East on 7 April 2019,
where random errors dominate and its elevation adjusted
snowfall aligns better with ASO-based SWE. For ERAS and
NLDAS2, ubRMSE is the main contributor to RMSE dur-
ing the snowmelt period (i.e., 10 June 2019) in Aspen and
Gunnison-East. Overall, differences in the bias are mostly
larger than those in ubRMSE across the three datasets. The
dataset ranking based on the RMSE of prior mean SWE at
the time of the ASO observation near 1 April is consistent
with the ranking of the basin-averaged SWE errors (Fig. 4).

3.2 Experiment 1b: Value of multi-forcing ensemble on
model-based (prior) SWE

The evaluation of single-forcing prior mean SWE was used
to inform the multi-forcing ensemble design. Specifically,
the number of realizations drawn from each forcing dataset
is determined by partitioning weights based on RMSE rela-
tive to ASO-based SWE near 1 April. Peak SWE was treated
as the key target variable, assuming that errors at this time
are indicative of the errors over the seasonal cycle across
the datasets. The partitioning weight of each forcing dataset
and corresponding number of realizations are calculated us-

The Cryosphere, 20, 3345-3367, 2026



3356 H. Sun and S. A. Margulis: Assessing the impact of meteorological forcing

Merced Aspen Gunnison-East
Jun-04 Jul-03 Jul-16 Apr-07 Jun-10 Apr-07 Jun-10
N E oy - gmm n 0.5
= | o
w A%
g | -0.5
o[ E
z £
& S
= W ;
e T m
2 ; B T,
9 N
1 1
® ®e Y e ®
° ® ° ® ® ° °
o8l e e, 0.5
< ° ° . e ®* lo
Eo.6 s
N «
[0 - N
2 0.0
o ]
o iiL Ji | [T T
. 0 I
Mar-29 Jun-04 Jul-03 Jul-16 Apr-07 Jun-10 Apr-07 Jun-10

I EpRAs B MERRA2 EEEINLDAS2

[
bias? ubRMSE?

Figure 6. Spatial maps of the difference between prior mean SWE (m) and ASO-based SWE (m) at each ASO observation time across the
study domains (top panel). Stacked bar plot of RMSE? for the prior mean SWE, compared to ASO-based SWE (bottom panel). The ratio of
bias? to RMSE? is represented by colored dots, referenced to the right y axis.

ing Eqgs. (1)-(6) and summarized in Table 3. The value of the
multi-forcing ensemble for model-based prior SWE is eval-
uated by comparing its accuracy to that of individual forcing
datasets (Experiment 1a). Accuracy is assessed against ASO-
based SWE using RMSE, absolute bias, and ubRMSE.
Figure 7 shows these metrics for the worst-performing and
best-performing single-forcing cases, as well as the multi-
forcing case. Overall statistics are calculated with aggre-
gated results across all times and domains. The multi-forcing
case consistently outperforms the worst-performing single-
forcing case. The multi-forcing case shows significant re-
ductions in RMSE and absolute bias, outperforming even
the best-performing single-forcing dataset. This improve-
ment results from the balancing of systematic errors across
individual forcing datasets. For example, MERRA?2 tends to
exhibit positive biases, while ERAS and NLDAS?2 have neg-
ative biases. When combined in the multi-forcing ensem-
ble, such opposing errors span the truth and partially off-
set, yielding improved accuracy in the ensemble mean. The
overall statistics further illustrate the potential for improved
performance by a multi-forcing approach for large spatial
scale modeling applications, where different forcing datasets
are likely to have different spatial error characteristics (in-
cluding bias). Specifically, the multi-forcing case achieves a
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lower RMSE (0.47 m) than MERRA2 (0.63 m) and NLDAS2
(0.51 m), though slightly higher than ERAS5 (0.43 m). For ab-
solute bias, the multi-forcing case significantly reduces er-
rors to 0.24 m, compared to 0.49 m for MERRA2, but still
higher than ERAS and NLDAS?2. In terms of ubRMSE, the
multi-forcing case performs comparably to the others, with
an overall value of 0.40 m — lower than NLDAS2 (0.48 m)
and ERAS5 (0.42m) and close to MERRA2 (0.39m). The
multi-forcing approach effectively reduces prior mean SWE
errors, including both systematic (absolute bias) and random
(ubRMSE) errors, across various snow conditions. The im-
provements are more significant in terms of the absolute bias
and RMSE, whereas the ubRMSE is more comparable across
different cases.

3.3 Experiment 2a: Impact of single dataset
meteorological forcings and assimilation of
near-peak snow depth on posterior SWE estimation

The following analysis evaluates the impact of assimilating
SD (near ~ 1 April) on SWE accuracy by comparing prior
and posterior ensemble mean estimates. Assimilation at this
time within the water year corrects near-peak SWE and the
errors accumulated during the snow accumulation season.
Prior SWE accuracy was assessed in Sect. 3.1, and here we
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Table 3. Partitioning weights (W) and number of realizations used in the multi-forcing ensemble for each domain based on the RMSE of

prior mean SWE relative to ASO-based SWE near 1 April.

Domains ERA5 MERRA2 NLDAS2
Merced w 0.55 0.125 0.325
# of realizations 66 15 39
Aspen w 0.34 0.17 0.49
P # of realizations 41 20 59
Gunnison-East w 0.33 0.38 0.29
# of realizations 39 46 35
L Merced 1 Aspen 1 East 1 Overall
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Figure 7. Bar plots of the RMSE, absolute bias, and ubRMSE of prior mean SWE compared to ASO-based SWE across all domains and
ASO observation times. The rightmost column summarizes the overall statistics across all domains and dates.

focus on how assimilation reduces both systematic and ran-
dom components of those errors. Importantly, the reduction
in errors on the assimilation day can be interpreted as largely
attributable to correction of accumulation-season forcing er-
rors, since the assimilation effectively “resets” SWE to near-
true values. Assimilating near-peak ASO SD therefore con-
strains posterior SWE errors to a likely lower bound, with
subsequent deviations reflecting primarily melt-season forc-
ing uncertainties, as accumulation-season biases have been
corrected. Figure 8 illustrates the reduction in SWE errors
from prior to posterior mean estimates for each study do-
main. The posterior estimates significantly and consistently
reduce both systematic (bias) and random (ubRMSE) errors
compared to the prior. On the assimilation day, posterior
RMSE values drop from ~ 0.4-0.6 m in the prior to < 0.1 m
across all domains, with absolute bias reduced to near O m.
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During the snowmelt season (e.g., in June—July), posterior
SWE errors are still lower than those of the prior estimates,
with RMSE typically reduced by more than 50 %. This im-
provement primarily reflects the reduction of accumulation-
season error propagation and isolates the remaining errors
to those specific to melt-season processes. However, pos-
terior SWE accuracy during the snowmelt period declines
with time after the assimilation date, as expected, due to
snowmelt error propagation from the forcing datasets. More-
over, ubRMSE becomes the dominant component of poste-
rior RMSE, larger than the absolute bias across all domains
during both the assimilation time and snowmelt period. Ad-
ditionally, the narrower spread in posterior error distribu-
tions (i.e., RMSE and absolute bias), compared to the broader
range in prior estimates, indicates that the SD data assimila-
tion effectively reduces errors to a similar extent across dif-
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date.

ferent meteorological forcings. This aligns with results from
Margulis et al. (2019), which demonstrated that in wet years
with deep snowpack, assimilation near peak accumulation
tends to be most effective. In contrast, in an extreme record-
dry year (WY 2015), DA may be less effective if prior en-
sembles contain limited snow or if observations occur after
partial melt, leading to weaker updates. The significant DA
impacts observed in this study are therefore consistent with
the wet-year case analyzed by Margulis et al. (2019). Exten-
sion of this analysis to dry and normal snow years would be
valuable for assessing the DA performance across hydrocli-
mate regimes and is a key direction for future work.

The prior and posterior errors shown in Fig. 8, can be used
to gain some insight into the relative impact of forcing error:
(1) during the accumulation-season on peak SWE vs. (2) af-
ter peak SWE on melt-season SWE (Table 4). Specifically,
the reduction in RMSE from prior to posterior on the assim-
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ilation day (ranging from 0.29 to 0.45m) provides a met-
ric that is largely representative of the total error accumu-
lated during the winter, for which uncertainty in snowfall is
a primary driver. Once that accumulation-season error is re-
moved, by assimilating SD near peak SWE, the residual pos-
terior RMSE after peak SWE (ranging from 0.16 to 0.18 m)
is more indicative of errors introduced during the melt pe-
riod, such as those from melt flux forcings or internal model
physics (e.g., albedo representation). This comparison indi-
cates that winter accumulation forcings likely contribute on
the order of twice as much SWE error as melt-season forc-
ings, making them the dominant source of uncertainty in the
model. Note that the accumulation season RMSE is based on
peak SWE near the end of the accumulation period, whereas
the melt-season RMSE is derived from mid-melt season and
corresponds only to a partial ablation period prior to com-
plete melt out.

https://doi.org/10.5194/tc-20-3345-2026



H. Sun and S. A. Margulis: Assessing the impact of meteorological forcing

3359

Table 4. Average SWE RMSE across all forcing scenarios on the assimilation date (near peak) and during the melt season. The reduction
in near-peak RMSE (prior—posterior) quantifies corrected accumulation season errors (attributable mostly to forcing-driven snowfall errors),
while the residual posterior RMSE represents melt season errors (attributable mostly to forcing-driven melt flux errors).

Domain Prior near peak SWE Posterior near-peak Near-peak SWE Posterior melt-season
RMSE on assimilation SWE RMSE on (accumulation season) (residual) SWE RMSE
day (m) assimilation day (m) RMSE reduction (m) (m)
Merced 0.52 0.07 0.45 0.16
Aspen 0.38 0.07 0.31 0.18
Gunnison-East 0.36 0.07 0.29 0.17
0.3 Merced 0.3 Aspen 0.3 G East 0.3 Overall
Fo.z2 0.2 0.2
w
w
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Figure 9. Same as Fig.7, but for the posterior mean SWE. The added light grey shaded area highlights the assimilation date.

3.4 Experiment 2b: Value of multi-forcing ensemble on
DA-based (posterior) SWE accuracy

The comparison of posterior mean SWE accuracy for the
multi-forcing case against the worst- and best-performing
single forcing cases across all dates and study domains is
shown in Fig. 9. Consistent with the pattern observed in the
prior SWE comparison (Fig. 7), the multi-forcing case con-
sistently outperforms the worst-performing single-forcing
scenario across all domains and dates. Note that during the
snowmelt season, MERRA2-based posterior SWE estimates
exhibit the highest accuracy across all domains, indicating
that the assimilation of ASO SD near 1 April effectively
corrects prior SWE errors — largely due to high systematic
bias in MERRAZ2, and the fact that its temporal SWE evolu-
tion better aligns with ASO-based SWE compared to ERAS
and NLDAS?2. This indicates that the worst-performing prior
does not necessarily result in the worst-performing posterior,
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and vice versa. While prior performance is critical for mod-
eling without data assimilation, it does not directly determine
posterior performance when data assimilation is applied.
Across all metrics, the differences in posterior SWE ac-
curacy among forcing datasets are relatively small. The
multi-forcing case yields a slightly lower RMSE (0.14 m)
than both NLDAS2 (0.16 m) and ERAS5 (0.15m). Absolute
bias is low across all cases, with the multi-forcing case
(0.04 m) showing marginal improvement over NLDAS?2 and
ERAS (both 0.05 m). In terms of ubRMSE, the multi-forcing
case (0.13m) has a comparable performance to the best
single-forcing case (MERRA?2) and outperforms both ERAS
(0.14 m) and NLDAS2 (0.15m). Across all cases, posterior
SWE errors are dominated by the ubRMSE, which is higher
than absolute bias. While the overall statistics show that the
multi-forcing approach leads to slightly improved posterior
SWE accuracy, the differences among cases are relatively
small. Without data assimilation, the multi-forcing ensemble
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provides greater value by mitigating the impact of large prior
errors from any single forcing dataset, particularly when the
forcing errors are unknown (Fig. 7). However, in the data
assimilation context examined here, much of the prior er-
ror is corrected through the assimilation of ASO snow depth,
which provides a direct constraint on SWE, thereby reducing
the overall error range across single-forcing cases and thus
reducing the added benefit of the multi-forcing approach in
improving spatial accuracy.

The posterior accuracy of the multi-forcing case does not
exceed that of the best single-forcing case. This is partly be-
cause the ensemble size is fixed at 120 realizations, and dis-
tributing this across multiple forcing datasets can dilute the
contribution from the best-performing dataset and degrade
the performance. Additionally, the ensemble weights were
selected to minimize prior peak SWE errors, which will not
necessarily align with minimizing posterior SWE errors af-
ter assimilation. While MERRA?2 yields the most accurate
posterior SWE estimates at the study sites for WY 2019, the
difference in performance compared to other forcings is rel-
atively small. The potential penalty for selecting a subopti-
mal forcing is relatively minor when SD data assimilation is
applied. This is in contrast with modeling-only applications,
where errors across forcings are more variable and the conse-
quences of choosing a less accurate forcing can be more sig-
nificant. Further evaluation is needed to determine whether
MERRAZ2 consistently performs best across broader spatial
and temporal domains.

3.5 Experiment 2b: Value of multi-forcing ensemble on
DA-based (posterior) SWE uncertainty
characterization

While the above analysis focuses on the posterior mean,
characterizing uncertainty is also important. The magnitude
of posterior uncertainty is influenced by the assimilation
method, the observational data, and its measurement error
characteristics. In this study, we focus on relative differ-
ences in posterior uncertainty across cases. A more diverse
set of inputs may help reduce the risk of overconfident esti-
mates, particularly in methods subject to degeneracy, such as
particle-based approaches. In this study, posterior SWE en-
semble spread is defined as the posterior mean (u) £2 times
the standard deviation (o). To evaluate this uncertainty char-
acterization, we examine whether the defined posterior en-
semble spread captures the ASO-based SWE. Assuming that
the assimilation of ASO SD near 1 April provides accurate
constraints on both the mean and uncertainty of SWE at the
assimilation time, our analysis focuses on the snowmelt pe-
riod, when June ASO observations (which were not assimi-
lated) are available and differences among forcing scenarios
are more likely to emerge.

Figure 10 displays the fraction of watershed area where the
posterior SWE spread (1+20') captures the ASO-based SWE
during the snowmelt period in June. The spatial coverage
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metric indicates the proportion of grid cells within each wa-
tershed where the ASO-based SWE lies within the posterior
SWE uncertainty range. While an ideal assimilation system
might achieve near-complete coverage (approaching 100 %),
the maximum coverage observed is around 70 %. However,
the focus of this analysis is not on the absolute coverage
values, but rather on the relative differences between single-
forcing and multi-forcing experiments. These qualitative pat-
terns are expected to hold even if a different data assimila-
tion method were used. Among all single-forcing scenarios,
MERRAZ2 exhibits the highest coverage, with values of 0.56,
0.63, and 0.69 over Merced, Aspen, and Gunnison-East, re-
spectively. In contrast, ERAS yields lower coverage fractions
of 0.46, 0.47 and 0.48, while NLDAS?2 yields values of 0.31,
0.50, and 0.53. The multi-forcing case yields improvements
in the uncertainty characterization with higher coverage frac-
tion than the poor-performing single-forcing case. For exam-
ple, in Merced, using NLDAS?2 alone results in only 31 % of
pixels being within the predicted uncertainty, meaning that
69 % of the watershed area has ASO-based SWE outside the
posterior uncertainty range. The multi-forcing case, however,
achieves 49 % coverage, reducing the failure rate to 51 %.
Similarly, in Aspen and Gunnison-East, the multi-forcing
yields coverage of 52 % and 63 %, respectively. These val-
ues improve upon the lower-performing single-forcing cases
but do not reach the best-performing case. Note that while
MERRA?2 performs best in this specific analysis, this may
not generalize across regions. When the best individual forc-
ing at a given location is unknown a priori, the multi-forcing
provides a relatively robust alternative. Although it does not
outperform the best single-forcing case, it consistently per-
forms better than the worst and, in this case, outperforms two
out of three datasets. The multi-forcing coverage also tends
to reflect the influence of the dominant partitioning weights
in each domain, especially under fixed ensemble size con-
straints. For instance, the coverage is closest to ERAS in
Merced, NLDAS2 in Aspen, and MERRA?2 in Gunnison-
East, which correspond to the forcing dataset that has the
largest partitioning weight in each domain. This pattern sug-
gests that the posterior SWE spread in each watershed re-
flects the uncertainty characteristics of the most influential
forcing dataset. This highlights the importance of multi-
forcing ensemble design and partitioning weight optimiza-
tion for improving uncertainty characterization in snow re-
analysis.

Figure 11 shows maps illustrating the performance of the
posterior SWE uncertainty characterization, defined as the
number of single-forcing posterior SWE uncertainty charac-
terizations that do not capture the ASO-based SWE during
the snowmelt period in June, categorized from O to 3. Each
pixel is classified based on how many of the three single-
forcing cases (ERAS5, MERRA2, and NLDAS2) miss the
ASO-based SWE within their respective uncertainty ranges.
Across all three domains, a large portion of the watershed
area falls into two categories: either all three ensembles cap-
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Figure 10. Fraction of watershed area where the posterior SWE ensemble spread captures ASO-based SWE during the snowmelt period,

when June ASO observations are available.
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Figure 11. Classification maps illustrating the number of cases where the single-forcing posterior SWE ensemble spread misses the ASO-
based SWE during the mid-melt time in June (top panel). Pie charts of the fraction of watershed area corresponding to each category
of posterior miss count (middle panel). Bar plots (bottom panel) show the conditional probability that the multi-forcing posterior spread
captures ASO-based SWE, calculated as the number of pixels where the multi-forcing spread captures ASO-based SWE divided by the total

number of pixels within each category.
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ture the ASO-based SWE (class 0) or none of them do (class
3). In regions with three misses, covering 26 % to 36 % of the
area, the multi-forcing ensemble has a near-zero probability
of capturing the ASO-based SWE, indicating, as expected,
limited improvement from combining poor-performing in-
puts. Conversely, in areas where all three single-forcing en-
sembles succeed in uncertainty characterization (24 %—40 %
of the watershed area), the multi-forcing ensemble captures
the ASO-based SWE with near 100 % success.

The greatest value of the multi-forcing approach is illus-
trated in cases where one or two of the single-forcing un-
certainty ranges miss the ASO-based SWE. For example,
when only one single-forcing ensemble misses, the multi-
forcing ensemble spread captures the ASO-based SWE in
over 60 % of pixels. Even in more challenging cases where
only one single-forcing uncertainty characterization suc-
ceeds, the multi-forcing spread still captures the ASO-based
SWE in roughly 25 % to 50 % of pixels. The multi-forcing
approach can effectively improve uncertainty characteriza-
tion in regions where at least one single-forcing provides ac-
curate estimate of SWE uncertainty.

3.6 Sensitivity analysis of the multi-forcing partitioning
weights

The partitioning weights used in the previous analysis
were derived using lidar-based SWE, which provide high-
resolution spatial coverage but are not typically readily avail-
able in most regions. In areas lacking such spatially dis-
tributed reference data, determining optimal weights for
combining multiple forcings becomes more challenging.
This limitation motivates the need to explore whether sim-
pler or more broadly applicable weighting methods can still
yield improvements. In practice, neither prior nor posterior
SWE errors are known in advance, and the two may differ
substantially as shown above. This uncertainty has implica-
tions for both prior modeling and data assimilation, as differ-
ent weighting strategies may be more appropriate depending
on the context. To evaluate the influence of weighting strate-
gies, we conducted a sensitivity analysis examining their im-
pact on prior and posterior SWE accuracy and the charac-
terization of posterior uncertainty. The simplest approach is
to assign equal weight to all forcing datasets, assuming no
prior knowledge of their relative performance. While this ap-
proach is applicable in data-sparse regions, it may degrade
accuracy compared to optimally weighted combinations by
equally incorporating errors from less accurate datasets. Al-
ternatively, weights can be determined based on the rela-
tive performance of each dataset, using random error metrics
such as the ubRMSE. Recent studies have demonstrated the
feasibility of triple collocation analysis (Yilmaz et al., 2012;
Yoon et al., 2019) for estimating unbiased error variances
without requiring ground truth, offering a potential path for
weight estimation in ungauged regions. However, applying
triple collocation to snow reanalysis has some challenges.
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For example, (1) Systematic differences among datasets can
bias SWE estimates, where biases are not accounted for by
standard triple collocation; and (2) triple collocation methods
have been applied to individual variables separately, where
different variables within the same dataset (e.g. ERAS pre-
cipitation and air temperature) could have divergent weights.

In this analysis, we tested three simple partitioning strate-
gies with different assumptions about available knowledge
of the single-forcing performance: (1) uniform weighting
across datasets (Uniform), (2) weighting based on prior SWE
errors measured by ubRMSE (ubRMSE-based), which repre-
sents the relative performance of each dataset based on ran-
dom error, and (3) weighting based on prior SWE errors mea-
sured by RMSE (RMSE-based), consistent with approaches
used in Experiments 1b and 2b. The first is simplest and as-
sumes all forcing datasets are of equal quality, with no prior
information on their performance; the second assumes that
ubRMSE could be derived from techniques like triple col-
location without a reference dataset; the third is theoreti-
cally optimal but requires knowledge of bias and ubRMSE
(and may not be optimal for the posterior estimates as shown
above). Both ubRMSE and RMSE were computed by com-
paring prior mean SWE to ASO-based SWE near 1 April,
and the resulting weights are summarized in Table 5. To as-
sess the influence of each weighting strategy, we quantified
changes in SWE accuracy and uncertainty representation rel-
ative to the worst-performing single-forcing case. Specifi-
cally, we computed the maximum relative improvement in
prior and posterior mean SWE accuracy, defined as:

M-W

- 4)

I accuracy —

where M and W are the domain- and time-aggregated er-
ror metrics (i.e., RMSE, absolute bias, and ubRMSE) for the
multi-forcing and worst single-forcing cases, respectively.
Similarly, the relative improvement in posterior SWE uncer-
tainty is calculated as:

Iuncertainty = M ()
Fw

where F)s and Fy represent the fraction of the area where

the posterior ensemble uncertainty captures the ASO-based

SWE in in June (snowmelt season), for the multi-forcing and

worst single-forcing cases, respectively.

As shown in Fig. 12, all partitioning weight scenarios im-
prove the prior mean SWE accuracy relative to the worst
single-forcing case, with relative improvements ranging from
44 % to 51 % in absolute bias, 18 % to 25 % in RMSE, and
9% to 16 % in ubRMSE. The RMSE-based case yields the
largest improvement, which is expected given its design to
minimize the prior SWE error. The ubRMSE-based case
performs slightly better than the Uniform case in reducing
prior SWE errors. For posterior mean SWE accuracy, all
three weighting cases show comparable performance, with
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Table 5. Partitioning weights (W) used in the multi-forcing ensembles.
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Domain Strategy ERA5 MERRA2 NLDAS2
Uniform 0.33 0.33 0.33
Merced ubRMSE-based 0.39 0.26 0.35
RMSE-based 0.55 0.13 0.32
Uniform 0.33 0.33 0.33
Aspen ubRMSE-based 0.34 0.32 0.34
RMSE-based 0.34 0.17 0.49
Uniform 0.33 0.33 0.33
Gunnison-East ubRMSE-based 0.34 0.30 0.36
RMSE-based 0.33 0.38 0.29
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Figure 12. Maximum relative improvements from multi-forcing scenarios with different partitioning strategies. Left and middle panels show
improvements in RMSE, absolute bias, and ubRMSE for prior and posterior mean SWE. The right panel shows improvement in the fraction
of area where posterior ensemble spreads capture ASO-based SWE in June.

the maximum relative improvements ranging from 33 % to
38 % in absolute bias, 12% to 14 % in RMSE, and 10 %
to 12 % in ubRMSE. These improvements are smaller than
those observed for the prior mean SWE, suggesting that the
assimilation of near-peak ASO SD reduces the sensitivity
of posterior SWE accuracy to the partitioning weights, con-
sistent with findings in Sect. 3.4. Among the strategies, the
Uniform case achieves the highest improvement in poste-
rior SWE accuracy, though the differences among all three
cases are marginal. This is likely due to both performance-
based schemes assigning relatively low weights to MERRA?2,
which has high prior errors but the most accurate posterior
estimates after assimilation.

All three multi-forcing scenarios also improve the poste-
rior SWE uncertainty characterization, as indicated by in-
creased fractions of area where ensemble spread captures
ASO-based SWE in June: 58 % to 74 % in Merced, 10 % to
21 % in Aspen, and 29 % to 31 % in Gunnison-East. The Uni-
form case provides the largest improvement in uncertainty,
likely because it assigns more weight to MERRA2, which
has the most accurate posterior uncertainty characterization
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(Fig. 10). Overall, no single weighting strategy consistently
outperforms the others across all evaluation metrics. The
RMSE-based strategy provides the largest improvement in
prior SWE accuracy, as it is optimized to reduce prior errors.
However, differences in posterior SWE accuracy among the
weighting strategies are relatively small. This indicates that
when DA is able to correct most of the prior errors, the sensi-
tivity of posterior accuracy to the partitioning weights is sig-
nificantly reduced. The Uniform case shows marginally bet-
ter performance in posterior SWE accuracy and uncertainty
characterization across the three study domains in WY 2019.
This is likely because it assigns greater weight to MERRA2,
which, despite having higher prior errors, contributes posi-
tively to posterior estimates after assimilation. Using multi-
ple forcing datasets, regardless of partitioning strategy, im-
proves both prior and posterior SWE estimates relative to the
worst-performing single-forcing dataset across all study do-
mains. The value of different weighting strategies may de-
pend on the DA performance and the characteristics of the
forcing data.
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4 Conclusions

This study examined the impact of different meteorological
forcings on both model-based (prior) and DA-based (pos-
terior) ensemble SWE estimates and explored whether in-
tegrating multiple forcing datasets provides added value.
We implemented an ensemble Bayesian framework that in-
cludes both prior and posterior estimates over case study do-
mains where high-resolution, lidar-based snow observations
are available for both assimilation and analysis.

The prior modeling analysis showed significant variability
in peak SWE estimates, primarily driven by differences in cu-
mulative snowfall. These differences propagate into the abla-
tion season and vary depending on the meteorological forc-
ing dataset used. No single-forcing prior SWE consistently
outperforms the others across all study domains, and the ac-
curacy ranking of prior SWE estimates varies with elevation.
The errors in prior SWE were further decomposed into bias
and unbiased root mean square error (ubRMSE). Differences
in prior SWE errors among datasets are largely dominated by
variations in bias, which are greater than those in ubRMSE.
In poorly performing single-forcing datasets, bias contributes
more significantly to the total error.

The evaluation of single-forcing prior SWE informs the
design of the multi-forcing ensemble tested herein, in which
partitioning weights for each forcing dataset are determined
using a least square weighting approach. Forcing datasets
that yield more accurate prior SWE are assigned higher
weights than those with lower performance. Across all re-
gions, the multi-forcing ensemble consistently outperforms
two out of the three single-forcing cases, significantly in
terms of RMSE and bias, while ubRMSE remains more com-
parable among the cases. This suggests that differences in
prior SWE performance are primarily driven by biases in
the forcing inputs, whereas the random error components are
more consistent across datasets.

The assimilation of a single lidar-based snow depth obser-
vations near 1 April corrects a substantial portion of prior
SWE errors and helps isolate accumulation-season forcing
errors from those specific to the melt process. DA reduces
the impact of forcing uncertainties, resulting in smaller dif-
ferences in posterior SWE accuracy compared to the prior,
primarily up to peak SWE. As spatially variable biases are
corrected through assimilation, ubRMSE becomes the domi-
nant component of posterior RMSE throughout the year. As-
similation of snow depth narrows the error range of overall
SWE across single-forcing cases, reducing the added value
of the multi-forcing approach for improving spatial accuracy.
This may be less true if another variable that is less directly
connected to peak SWE were assimilated (e.g., fractional
snow-covered area (fSCA)). Therefore, the influence of forc-
ing errors and the potential added value of a multi-forcing
ensemble could vary depending on the type of observation
assimilated. However, the multi-forcing ensemble in the SD
assimilation case study still provides marginal improvements

The Cryosphere, 20, 3345-3367, 2026

H. Sun and S. A. Margulis: Assessing the impact of meteorological forcing

in posterior SWE accuracy and outperforms two of the three
single-forcing datasets. Its uncertainty reflects the character-
istics of the most influential forcing dataset, defined by the
largest partitioning weight. This approach improves the ro-
bustness of uncertainty characterization, especially when at
least one forcing dataset provides a reliable uncertainty esti-
mate.

Sensitivity tests of the partitioning weights used in the
multi-forcing ensemble suggest that using multiple forcing
datasets, regardless of the specific weighting strategy, can
improve both prior and posterior SWE estimates when com-
pared to the worst-performing single forcing dataset across
all study domains. The accuracy of prior SWE is more sen-
sitive to the choice of partitioning weights, with those based
on RMSE of peak SWE providing the greatest added value,
as expected. Although this case study relies on lidar data that
is not widely available, the insights are broadly applicable.
In regions with limited data, modeling and data assimilation
frameworks that incorporate multiple forcing datasets (even
using simple equal weighting) can still produce more reli-
able SWE estimates. It is generally difficult to know a priori
which input dataset is “best” or “worst”, and in practice, no
single dataset is likely to be universally best across space and
time. A multi-forcing approach is therefore likely to be ben-
eficial as it hedges against use of any single input. Develop-
ing methods that leverage the strengths of multiple datasets
is both scientifically justified and operationally wise. This
study provides one clear example of the benefits of such an
approach. Future work should extend this framework to in-
clude dry, average, and wet snow years to characterize how
hydroclimate region influences forcing sensitivity and data
assimilation performance.
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