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ABSTRACT: Winter storms have widespread impacts across the contiguous United States (CONUS), resulting in travel
and economic disruptions, loss of life, and damage to property and infrastructure. Snow-to-liquid ratio (SLR), the ratio of
new (i.e., freshly fallen) snow to liquid precipitation equivalent, is used operationally to forecast snowfall amount during
winter storms. However, no clear best prediction method for SLR has been established, and some operational SLR predic-
tion methods were developed for specific regions, potentially limiting their utility for CONUS-wide applications. Using
Community Collaborative Rain, Hail and Snow Network (CoCoRaHS) snowfall observations, station geographic informa-
tion, and fifth generation European Centre for Medium-Range Weather Forecasts atmospheric reanalysis (ERA5) vertical
profiles of atmospheric variables, we developed a random forest (RF)-based algorithm for predicting SLR across the
CONUS. SLR forecasts and quantitative snowfall forecasts (QSFs) based on this algorithm were then derived from
the NOAA High-Resolution Rapid Refresh (HRRR). The resulting RF SLR mean absolute error (MAE) was 2.92 across
the CONUS compared to MAEs for current operational methods of 3.51–4.76. Improvements were also seen in QSF.
Additionally, the RF outperformed operational SLR methods within individual regional snow climates. Despite these im-
provements, there were situations when the RF struggled, such as high (.20) and low (,5) SLR events that featured rela-
tively cold and calm and warm and windy environments, respectively, in the eastern CONUS. The use of CoCoRaHS
observations for training provides a template for improving snowfall forecasts at a CONUS-wide scale with the RF provid-
ing an algorithm for improving SLR prediction for operational applications.

SIGNIFICANCE STATEMENT: Despite improved weather forecasts in recent years, forecasting winter storms re-
mains challenging. Using manual snowfall observations collected by trained observers across the contiguous United
States (CONUS), we developed a machine learning method to predict snow-to-liquid ratio (SLR), an important vari-
able used to forecast snowfall and related hazards during winter storms. This machine learning method outperforms
existing methods used operationally by the National Weather Service (NWS) and is available for application with oper-
ational weather prediction models for improved winter storm forecasts.

KEYWORDS: Snowfall; Winter/cool season; Forecast verification/skill; Forecasting techniques; Machine learning

1. Introduction

Winter storms can have dramatic societal impacts including
travel and economic disruptions, loss of life, and damage to
property and infrastructure. On average in the contiguous
United States (CONUS), ;900 fatalities are attributed to
winter-precipitation-related vehicle and aviation accidents
annually (Black and Mote 2015). Downwind of the Great Lakes
and along the Interstate Highway 95 (I-95) corridor, popu-
lated cities can be gridlocked by multiday winter storms asso-
ciated with lake-effect precipitation or extratropical cyclones,
with damages exceeding $100 million (U.S. dollars) in ma-
jor events (Sanders and Bosart 1985; Kocin and Uccellini
1990; Kocin and Schumacher 2004; Kocin et al. 1995; Niziol

et al. 1995; Greybush et al. 2017; Lazo et al. 2020; Novak et al.
2023). Despite advancing skill for winter weather forecasts
(Novak et al. 2023, see their Fig. 1), forecasting winter storms
remains challenging, with precipitation type and amount,
snowfall intensity and distribution, precipitation onset, and
snow level critical for reducing loss of life and travel and
economic disruptions (Steenburgh 2003; Byun et al. 2008;
Alcott and Steenburgh 2010; Picca et al. 2014; Ganetis and
Colle 2015; Seeherman and Liu 2015; Greybush et al. 2017;
Gerber et al. 2018, 2019; Pletcher et al. 2024). Snowfall amount
can be especially difficult to forecast as producing a quantita-
tive snowfall forecast (QSF) typically involves precipitation-
type identification, a quantitative precipitation forecast (QPF),
and specification of a snow-to-liquid ratio (SLR), all three of
which can vary in space and time and represent potential sour-
ces of QSF error.

SLR, or the ratio of new (i.e., freshly fallen) snowfall to liq-
uid precipitation equivalent (LPE), historically was assumed
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to follow the 10:1 rule [e.g., 10-mm QPF produces 10-cm QSF
(Potter 1965; Judson and Doesken 2000)] but in reality varies
over short distances and time scales due to variations in ice
crystal habit, melting and freezing processes at the surface or
aloft, precipitation-type changes, surface-snow compaction,
and other processes, limiting effectiveness for many winter
storm forecasting applications (Pomeroy and Brun 2001;
Roebber et al. 2003; Baxter et al. 2005; Cobb and Waldstreicher
2005; Byun et al. 2008; Alcott and Steenburgh 2010; Pletcher
et al. 2024; Wasserstein and Steenburgh 2024; Veals et al.
2025). Therefore, techniques have been developed to predict
SLR using physical reasoning (e.g., Cobb and Waldstreicher
2005) or machine learning (e.g., Roebber et al. 2003; Hoopes
et al. 2023; Pletcher et al. 2024). Often these techniques focus
on specific locations or regions, which may introduce bias
when applied to other areas.

Recently, machine learning (ML) applications in the at-
mospheric sciences have increased considerably due to their
performance and computational benefits (McGovern et al.
2017; Chase et al. 2022, 2023; Roebber and Smith 2023). The
earliest examples of ML in atmospheric sciences used linear
regression to forecast surface weather variables such as tem-
perature and precipitation, often based on training and appli-
cation to NWP forecasts or analyses (e.g., Klein et al. 1959;
Glahn and Lowry 1972; Kitzmiller et al. 1995; Billet et al.
1997; Hamill et al. 2004; Baars and Mass 2005). Deep learning
(DL), a subset of ML, has also been used to forecast winter
weather, with Roebber et al. (2003) among the earliest to ap-
ply DL for SLR prediction. Other winter weather ML appli-
cations have shown promise for improved snowfall and SLR
forecasts over complex terrain (e.g., Sha et al. 2020; Hoopes
et al. 2023; Pletcher et al. 2024; Veals et al. 2025), estimates
of snowpack characteristics (e.g., Cui et al. 2023; Mayer et al.
2022), precipitation-type identification (e.g., McGovern et al.
2017; Filipiak et al. 2023), and orographic precipitation gra-
dients (e.g., Wolvin et al. 2024).

Random forests (RFs; Breiman 2001) have been used
extensively in the atmospheric sciences due to their compu-
tational speed, ability to extract nonlinear feature–label re-
lationships, ease of use in open-source software packages,
and overall performance (Pedregosa et al. 2011; Herman and
Schumacher 2018a; Chase et al. 2022). For example, RFs can
outperform more complex architectures like those based on
neural networks when trained properly (Grinsztajn et al. 2022).
RFs, a form of supervised learning, are ensembles of decision
trees that make deterministic predictions by aggregating
predictions from each decision tree in the ensemble (Breiman
2001). RFs have been used to forecast convective weather
(e.g., Gagne et al. 2017; Hill et al. 2020, 2023; Mecikalski et al.
2021; Loken et al. 2022), precipitation (e.g., Gagne et al. 2014;
Herman and Schumacher 2018a,b; Loken et al. 2019), aviation
weather (e.g., Williams 2014; McGovern et al. 2017), and winter
weather (e.g., Pletcher et al. 2024; Veals et al. 2025), but we are
unaware of previous efforts to use RFs to forecast CONUS-scale
SLR.

One challenge for CONUS-scale SLR prediction is the
need for reliable SLR observations for ML training and vali-
dation across many regional snow climates. SLR requires the

measurement of new snow depth and water equivalent. Some-
times, the latter is determined using automated gauge meas-
urements, which can suffer from undercatch, resulting in a
high SLR bias (MacDonald and Pomeroy 2007; Rasmussen
et al. 2012; Thériault et al. 2012). A method that can reduce
SLR measurement errors is the use of skilled, manual meas-
urements of the water equivalent of new snowfall using a
snowboard and coring tube, an approach that is often used
by avalanche forecasters. Recently, Pletcher et al. (2024) and
Veals et al. (2025) utilized such manual snowfall measure-
ments to train and test SLR forecasts produced by RFs at
mountainous locations over the western CONUS.

In this paper, we demonstrate the value of the Community
Collaborative Rain, Hail and Snow Network (CoCoRaHS) as
a suitable training, validation, and testing dataset for CONUS-
scale SLR prediction. CoCoRaHS spans all 48 CONUS states
and involves volunteers measuring LPE and snowfall daily
during storms, typically in the morning (Cifelli et al. 2005;
Reges et al. 2016). Using CoCoRaHS, we develop an RF
SLR prediction algorithm based on training to station geo-
graphic information and fifth generation European Centre
for Medium-Range Weather Forecasts atmospheric reanalysis
(ERA5) atmospheric profiles. We then apply and evaluate the
RF using the High-Resolution Rapid Refresh (HRRR; Dowell
et al. 2022) forecasts.

The remainder of this paper is organized as follows. Section 2
describes the data and methods used, including the CoCoRaHS

FIG. 1. (a) Number of SLR events and (b) mean SLR at each of
the 921 CoCoRaHS sites used in this study.
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network and its regional SLR climatology, the RF methodology,
current operational SLR methods, and the evaluation metrics.
Section 3 examines the CONUS-wide performance of the RF and
operational SLR methods for SLR and QSF. Sections 4 and 5
present the results of these algorithms for the eastern and
western CONUS, respectively, and section 6 concludes with a
summary of findings and ideas for future work.

2. Data and methods

a. CoCoRaHS SLR observations

We use 24-h snowfall and LPE measurements collected
at ;0700 LST by CoCoRaHS volunteers to derive daily

SLR observations during the 2000/01–2023/24 cool seasons
(November–April). These SLRs were then used as labels
for ML training, validation, and testing. To reduce uncertain-
ties from gauge undercatch, we only included measurements
from observers who obtained snowfall using a snowboard and
manually melted snowfall or weighed snowfall on a scale to
obtain LPE. This was done by sending an online question-
naire survey to 29 519 CoCoRaHS volunteers, with 1182 sites
responding to the survey. We focus on 921 sites that responded
to the survey and confirmed the explicit use of a core sample
to obtain LPE (Fig. 1).

SLR was based on the ratio of snowfall and LPE and
limited to observations with at least 2.79 mm (0.11 in.)
of LPE and 5.09 cm (2 in.) of snowfall. These thresholds
reduce the influence of rounding and measurement errors
on SLR calculations and have been used in previous stud-
ies (e.g., Judson and Doesken 2000; Roebber et al. 2003;
Alcott and Steenburgh 2010; Pletcher et al. 2024; Veals et al.
2025). Additionally, observed SLRs of exactly 10, ,2, or .50
were removed as 10:1 values were sometimes used as place-
holders when LPE or snow depth observations were missing,
and SLRs , 2 or .50 are prone to measurement and round-
ing errors (Veals et al. 2025).

In the eastern CONUS (defined for this paper as east of
the eastern borders of Montana Wyoming, Colorado, and
New Mexico), sites with the largest number of observed SLR
events are near the Great Lakes and in northern New York
and New England where there is relatively abundant lake
effect and synoptic snowfall [Fig. 1a (Niziol et al. 1995; Novak
et al. 2004)]. Sites with a relatively large number of observed
SLR events are also found along the northeast seaboard and
in portions of the upper Midwest. Consistent with Baxter et al.
(2005, hereinafter B2005), whose 30-yr climatology of SLR
for the CONUS used daily National Weather Service (NWS)
Cooperative Observer Program (COOP) observations of

TABLE 1. List of B2005 and NSA thresholds used to determine
the eight snow climates.

Snow climate

Threshold

East West

Coastal Baxter SLR , 10.5 Baxter SLR , 10.5
NSA , 175 cm NSA , 450 cm

Coastal highlands } Baxter SLR , 12
NSA � 450 cm

Transitional Baxter SLR � 10.5 Baxter SLR � 10.5
NSA , 175 cm NSA , 450 cm

Transitional highlands } Baxter SLR � 12
NSA � 450 cm

Continental Baxter SLR � 14.5 Baxter SLR � 14.5
NSA , 175 cm NSA , 450 cm

Continental highlands } Baxter SLR � 14.5
NSA � 450 cm

Interior highlands NSA � 175 cm }

Lake-effect snowbelts Baxter SLR � 12.5 }

NSA � 175 cm
LAT � 40.58
LON � 2948

FIG. 2. CONUS maps of (a) mean October–April SLR from
B2005, (b) mean 2007/08–2023/24 October–April NSA snowfall
(cm), and (c) the resulting eight regional snow climates following
thresholds in Table 1. The red line in (c) separates the western and
eastern CONUS.
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LPE and snowfall from more than 7000 stations, observed
November–April mean SLRs increase from ;10:1 along the
eastern seaboard to higher values over the interior, includ-
ing .16:1 downstream of the Great Lakes (Fig. 1b). There
is, however, large regional and local variability in both the
number of events and mean SLR. While some of this vari-
ability reflects the regional snow climate, it is also influ-
enced by the irregular sampling of winter storms by the
volunteer CoCoRaHS observers.

In the western CONUS (defined for this paper as west of
the eastern borders of Montana, Wyoming, Colorado, and
New Mexico), sites with the highest number of observed
events are near and in the Colorado Front Range, near Lake
Tahoe, and in some intermountain areas. Mean SLRs are
lowest at coastal sites and highest at interior intermountain
and high elevation sites, consistent with prior studies (B2005;
Veals et al. 2025). We also use observations from 14 snow-
safety sites described in Veals et al. (2025) as an indepen-
dent testing dataset to examine the capabilities of the RF in
data-sparse areas. These site observations, however, which

are high quality and are more frequent due to abundant
mountain snowfall, were not used for RF training due to our
desire to evaluate CoCoRaHS as a dataset for developing
CONUS-wide SLR algorithms.

b. Regional snow climates

Given the large regional variations in SLR and snowfall, we
used the mean October–April SLR from B2005 (Fig. 2a) and
mean 2007/08–2023/24 October–April snowfall from the
National Operational Hydrologic Remote Sensing Center
(NOHRSC) National Snow Analysis (NSA; Carroll et al.
2001; Fig. 2b) and to divide the CONUS into eight regional
snow climates (Fig. 2c) for training, validation, and testing.
Guided by a k-means clustering (Hartigan and Wong 1979)
first guess and previously identified snow climates in the
literature (e.g., Eichenlaub 1979; Niziol et al. 1995; Serreze
et al. 1998; Mock and Birkeland 2000), we established thresh-
olds for mean snowfall and SLR in the eastern and western
CONUS (Table 1) to identify eight snow climates. These are
coastal, which also includes low SLR and snowfall regions of

TABLE 2. Descriptions of atmospheric and geographic features used for RF training.

Feature Levels Group

Temperature (T, K) 300, 600, 900, 1200, 1500, 1800, 2100, 2400 m AGL Atmospheric
Wind speed (SPD, m s21) 300, 600, 900, 1200, 1500, 1800, 2100, 2400 m AGL Atmospheric
RH (R, %) 300, 600, 900, 1200, 1500, 1800, 2100, 2400 m AGL Atmospheric
Latitude (LAT, 8) } Geographic
Longitude (LON, 8) } Geographic
Site elevation (ELEV, m MSL) } Geographic

FIG. 3. Boxplots of aggregate permutation feature importance obtained from the 100 unique
training datasets for each of the 27 features used to train the RF. The color of the boxplots corre-
sponds to the feature importance value.
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the interior southern CONUS, coastal highlands, transitional,
transitional highlands, continental, continental highlands,
northeast (NE) interior highlands, and lake-effect belts. Due
to a low number of sites in the coastal highland, transitional
highland, and continental highland snow climates, they were

combined with their lowland complementing snow climates
(coastal, transitional, and continental) in the western CONUS.
Thus, the regional training, validation, and testing were per-
formed using the coastal, transitional, continental, interior
highlands, and lake-effect snowbelt snow climates.

c. Atmospheric and geographic feature assembly

We used daily CoCoRaHS SLR observations, vertical pro-
files from the ECMWF ERA5 (Hersbach et al. 2020), and
HRRR forecasts to train, validate, and test several ML-based
SLR prediction algorithms regionally and CONUS wide, ulti-
mately deciding to focus on an RF. Twenty-one cool seasons
(2000/01–2021/22) were used for training and validation using
station geographic information and ERA5 data, whereas two
cool seasons (2022/23–2023/24) of HRRR forecasts were used
for testing the application of the RF within an operational
modeling system, including comparisons with operational

TABLE 3. Descriptions of each operational SLR method.

Method Description

MaxTAloft Maximum temperature between 2000 ft AGL
and 400-hPa relationship based on Alaska
snowfall cases (NBM v4.2)

Cobb 925–300-mb layer snow ratio, vertical
velocity, and RH (NBM v4.2)

Thickness 850–700-mb thickness relationship based on
63 mid-Atlantic snowfall cases (NBM v4.2;
evaluated in eastern CONUS only)

FIG. 4. 1D histograms of observed SLR for the (a) coastal, (b) transitional, (c) interior highlands, and (d) lake-effect
snowbelt eastern CONUS snow climates. B2005 and CoCoRaHS means are annotated as yellow and blue vertical
lines, respectively. Number of sites and events are annotated below top-right insets.
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SLR techniques. The training, validation, and testing datasets
contained 13 987, 9325, and 7863 events, respectively.

Based on prior studies (e.g., Roebber et al. 2003; Cobb and
Waldstreicher 2005; Alcott and Steenburgh 2010; Herman
and Schumacher 2018a; Pletcher et al. 2024), we chose tem-
perature (T), wind speed (SPD), and relative humidity (R) at
multiple levels above ground level (AGL) as atmospheric fea-
tures and the site latitude (LAT), site longitude (LON), and
site elevation (ELEV) as geographic features for training
(Table 2). Although using latitude and longitude as input fea-
tures has reduced RF performance for some applications
(Milà et al. 2024), we found they slightly improved the perfor-
mance metrics defined later in section 2f and include them in
the RF training. Although LPE is an important SLR predic-
tor, we did not use it here due to the differing resolution
and biases of ERA5 precipitation analyses compared to the
HRRR, which degraded RF performance. Other atmospheric
features such as cloud-top temperature, lapse rate, 500-hPa
geopotential height, specific humidity, vertical velocity, and
maximum daily solar angle were considered but not included
due to a limited or negative impact on skill.

The T, SPD, and R were obtained from the nearest ERA5
and HRRR profiles to each CoCoRaHS site. Due to the high
density of CoCoRaHS sites in some regions (e.g., Colorado’s
Front Range, Fig. 1) and the ERA5’s coarse horizontal reso-
lution, some CoCoRaHS sites were matched with the same
ERA5 profile. We did not perform any spatial interpolation
of the ERA5 profiles to address this as it did not affect the
performance metrics defined later in section 2f during the RF
training. The T, SPD, and R were then linearly interpolated
from pressure coordinates to 300–2400 m AGL (defined rela-
tive to the CoCoRaHS station elevation) at 300-m intervals.
“SPD21K” is used to represent SPD at 2100 m AGL, “Q15K”

is for Q at 1500 m AGL, “T09K” is for T at 900 m AGL, and
so on. Increasing the vertical resolution or lowering the lowest
level to 100 m provided no statistically significant increase in
skill but added computational load. The use of AGL as a ver-
tical coordinate enables the RF to be applied to any opera-
tional modeling system after data from that modeling system
are interpolated to AGL. Internal testing showed that the
24-h mean (vs maximum or minimum) of the hourly atmo-
spheric features yielded optimal performance for training.

d. Machine learning algorithms

We selected a CONUS-scale RF as the primary model and
developed it using the scikit-learn Python package (Pedregosa
et al. 2011). RFs are ensemble algorithms that can be used to
make probabilistic or deterministic predictions. Here, we fo-
cus on the latter. To introduce randomness during training,
the RF randomly selects subsets of features and labels [also
referred to as predictions (or forecasts) and observations, re-
spectively] for each tree. Deterministic predictions are then
made by aggregating the predictions made by each tree in the
ensemble, with the final output an average of each tree’s
predictions.

During model validation, we determined that the CONUS-
scale RF outperformed regionally trained RFs based on the

FIG. 5. As in Fig. 4, but for the (a) coastal, (b) transitional, and
(c) continental western CONUS snow climates.
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five snow climates (coastal, transitional, continental, interior
highlands, lake-effect snowbelts); thus, only the results from
the CONUS-scale RF are included, which is named RF
hereafter. We were also requested by NCEP to produce a
faster, globally applicable, SLR model. This model, which is
simpler and described in the appendix, was based on linear
regression (LR) and exhibited degraded performance com-
pared to the RF.

To train and validate the RF, we performed k-fold cross
validation (Kohavi 2001) using 100 randomized 60/40 train/
validate splits during the 21 cool-season training period. The
training and validation sets are separated temporally from the
testing set to prevent overfitting that can result from training

and testing on the same events. We treat the RF’s mean
performance metrics from these 100 randomized splits as
representative of its overall performance, with these mean
performance metrics provided in the appendix.

After training and validation, we used the 100 unique train-
ing datasets to establish the order of the RF’s feature im-
portances for making predictions. This was done using the
permutation_importance function from scikit-learn, which de-
termined that T15K, T18K, T12K, T21K, and T24K were the
five most important features (Fig. 3). This is consistent with
other studies that find a strong correlation between SLR and
temperature and makes physical sense, given the importance of
temperature for crystal habit, melting (if .08C), aggregation,

FIG. 6. Bivariate histograms of predicted and observed SLR for (a) RF, (b) Cobb, (c) Thickness, and (d) MaxTAloft
for the 2022/23–2023/24 HRRR validation period. The R2, MAE, MBE, and number of events are annotated at bottom
right. Bin width is set to 1.
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and other processes (Nakaya 1954; Power et al. 1964; Roebber
et al. 2003; Bailey and Hallett 2009; Alcott and Steenburgh 2010;
Pletcher et al. 2024). Permutation importance is a model exami-
nation technique that is useful for evaluating the contribution of
each feature to the RF’s aggregate performance from the 100
training iterations. Permutations are invoked by randomly shuf-
fling values of one feature at a time and observing the degrada-
tion of the RF’s performance based on the training dataset
(Breiman 2001).

We then tuned the RF’s hyperparameters using a randomized
search scoring method based on the 100 unique validation sets
(scikit-learn; RandomizedSearchCV). While keeping input fea-
tures constant, the optimal RF hyperparameters were identified
as follows: 100 trees, a maximum depth of 100 nodes, a mini-
mum of 2 samples for both node splitting and leaf nodes, the

square of the number of features for the best split search, and
bootstrap sampling for tree building. These parameters were
selected by RandomizedSearchCV as they maximized the coef-
ficient of determination (R2; Wilks 2011, p. 186) of the predic-
tions. Other tested hyperparameters did not yield improved
results when modified based on the aggregate results from the
100 iterations and were unchanged from their default settings.

e. Operational SLR methods

We compare the performance of the RF to existing opera-
tional algorithms used by the NWS in the National Blend of
Models (NBM; Craven et al. 2020) version 4.2 (v4.2) (Table 3).
MaxTAloft is based on observations from Alaska (see The
COMET Program 2023) and predicts SLR using a fifth-degree
polynomial of the form

FIG. 7. As in Fig. 6, but for QSF (cm) derived from each SLRmethod.
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SLRMaxTAloft 5 0:000 004 5 3 T5
Max 1 0:000 443 2 3 T4

Max

1 0:013 090 3 3 T3
Max 1 0:058 596 8 3 T2

Max

2 1:815 080 9 3 TMax 1 5:980 572 2, (1)

where TMax is the maximum temperature (8C) between
2000 ft (610 m) AGL and 400 hPa. Cobb is based on Cobb
and Waldstreicher (2005) and predicts SLR using vertical
velocity, temperature, and relative humidity (RH) in “cloudy”
layers (�80% RH). Cobb has been revised several times
since its inception in 2005, and the most recent iteration
(NBM v4.2) uses an improved polynomial curve to make
SLR predictions.

Thickness, which was developed from mid-Atlantic snow-
fall cases (see The COMET Program 2023), predicts SLR us-
ing a simple linear regression equation of the form

SLRThickness 52(0:165 59 3 Thickness8502700mb) 1 263:35,

(2)

where Thickness850–700mb is the thickness in meters between
the 850- and 700-mb layers (1 mb 5 1 hPa). In this study,
Thickness is not used or evaluated at western CONUS sites
where a portion of the 850–700-hPa layer is below site eleva-
tion, resulting in a smaller sample size than other techniques.
We also evaluated the Roebber method, which is based on

FIG. 8. Scatterplots of SLR AE vs QPF (mm) AE for (a) RF, (b) Cobb, (c) Thickness, and (d) MaxTAloft. Scatter-
points are colored by QSF APE. The green and blue boxes correspond to QPF and SLR AE thresholds described in
the text.
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Roebber et al. (2003), but it exhibited poor performance and
will be removed from the NBM in the near future, so we have
not included it. In part, this poor performance reflected the
conversion of the probabilistic (Roebber et al. 2003) forecast
to a deterministic forecast. NBM v4.2 adjusts these methods
(MaxTAloft, Cobb, thickness, Roebber) in near-freezing en-
vironments using the surface wet-bulb temperature. However,
the adjustments were excluded as they increased the overall
SLR mean absolute error (MAE). This could be because we
only include snowfall events . 2 in., which may reduce the
number of events with ground melt.

f. SLR and QSF calculations and performance metrics

Based on forecast hours 12–36 from the 0000 to 1200 UTC
HRRR initializations, the 24-h QSF for each observing period
was calculated by multiplying 1-h QPFs by 1-h SLRs and inte-
grating over the 24-h period. This approach produced better
results compared to calculating the 24-h QSF by multiplying
24-h QPF with the 24-h mean SLR derived from 24-h mean
predictor variables. The 24-h SLR, SLR24h, was then calcu-
lated using

SLR24h 5
QSF24h

QPF24h
, (3)

where QSF24h and QPF24h are the 24-h QSF and QPF, respec-
tively. If the HRRR produced little to no precipitation (i.e.,
QPF24h was#0.254 mm), a time-averaged SLR was calculated
from the 1-h SLRs during the 24-h observing period to enable
a comparison of forecast and observed SLRs during periods
when there was no QPF but snowfall was observed. The 24-h
subscripts are dropped hereafter for brevity.

Several performance metrics are used to evaluate SLR
forecasts and QSFs from the held-out HRRR testing dataset,
with absolute error (AE; Wilks 2011, p. 279) and MAE (Wilks
2011, p. 278) used as the primary metrics. The R2 is also used
as it measures how much observed variance is explained by
the model and is often used in ML validation studies (e.g., Liu
et al. 2022; Sweet et al. 2023). We calculate R2 using the
r2_score function from scikit-learn. A perfect R2 value is 1,
while an R2 value of 0 indicates the model performs the same
as the mean of the observations. The R2 can also be negative,
which indicates the model performs worse than the mean of
the observations. The R2 should not be confused with the
square of the Pearson correlation coefficient, which can be
used to assess the goodness of fit of a simple linear relationship
between predicted and observed values. Root-mean-square er-
ror (RMSE; Wilks 2011, p. 308), mean bias error (MBE; Wilks
2011, p. 280), and absolute percentage error (APE; Jolliffe and
Stephenson 2003, p. 194) are also used as performance metrics.
We use multiple measures of performance to ensure reliable
comparisons of the RF and NBMmethods.

3. CoCoRaHS SLR climatology

To highlight SLR variability for different regions, we examine
the SLR climatology for CoCoRaHS sites in each of the snow
climates shown in Fig. 2c based on all available observations

from December 2000 to April 2024. For comparison, we also
present the mean SLRs from the CoCoRaHS observations and
the B2005 climatology. In the eastern CONUS, the coastal re-
gion is characterized by the lowest CoCoRaHS and B2005
means (10.2 and 9.0, respectively) and narrowest SLR distri-
butions, whereas the lake-effect snowbelts exhibit the highest
CoCoRaHS and B2005 means (13.9 and 13.1, respectively)
and widest SLR distributions (Figs. 4a,d). High SLRs . 20
are more common in this region than any other in the eastern
CONUS. The transitional and interior highlands have rela-
tively similar means and distributions that are intermediate
to the coastal and lake-effect snowbelt regions (Figs. 4b,c).
Although snowfall is most plentiful in the lake-effect snow-
belts and interior highlands, transitional sites accounted for
the most (;44%) reports in the eastern CONUS due to the
large geographic coverage of the region and number of
CoCoRaHS stations.

In the western CONUS, the coastal snow climate features
the lowest CoCoRaHS and B2005 means (8.3 and 10.6, re-
spectively; Fig. 5a). A dramatic transition in snow climate
occurs across the Cascade and Sierra Ranges (see also Fig. 2
of B2005), with a shift to higher mean SLRs and more fre-
quent high SLRs . 20 in the transitional and continental
snow climates of the western CONUS interior. The transi-
tional snow climate features CoCoRaHS and B2005 means
of 11.9 and 13.1, respectively (Fig. 5c). The continental
snow climate also has a relatively high SLR of 14.1 for the
CoCoRaHS B2005 means (Figs. 5e,f). The transitional and
continental snow climates of the western CONUS interior
also feature long tails to higher SLRs, including events . 30
or even .40.

The analysis above illustrates that the CoCoRaHS data
generally capture the wide range of SLR climates across the
CONUS. In the eastern United States, the coastal regions fea-
ture the lowest mean SLR, variability in SLR, and frequency
of high SLR events, whereas the lake-effect snowbelts feature
the highest mean SLR, variability in SLR, and frequency of

FIG. 9. Notched boxplots of AE grouped by SLR method for the
eastern CONUS snow climates. The black vertical line indicates
the median, the box indicates the 25th–75th percentiles, and the
whiskers indicate the 5th and 95th percentiles.
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high SLR events. In the western United States, the coastal re-
gions similarly feature the lowest mean SLR, variability in
SLR, and frequency of low SLR events, whereas the western
CONUS interior features higher mean SLR, variability in
SLR, and frequency of high SLR events. These characteristics
are generally consistent with B2005, although the B2005 mean
SLRs are lower than the CoCoRaHS means (Figs. 3 and 4).
This is surprising since some of the B2005 COOP observa-
tions likely used gauge data for LPE, which presumably
would be subject to undercatch. The cause for this discrep-
ancy is unclear.

4. CONUS-wide forecast performance

a. SLR forecast performance

We now compare the CONUS-wide, HRRR-derived RF and
operational SLR methods forecast accuracy using bivariate
histograms and performance metrics (Fig. 6). Overprediction

or underprediction is indicated by event pairs falling below or
above the 1:1 line, respectively. The RF has relatively high ac-
curacy for SLRs , 10; exhibits the highest R2 (0.32), lowest
MAE (2.91), and lowest MBE (20.78); but underpredicts
SLRs � 17.5, especially for SLRs . 20 (Fig. 6a). Cobb is less
accurate with an R2 value of 0.16, MAE of 3.51, and MBE of
1.38 and more event pairs falling farther below the 1:1 line
for SLRs between 5 and 15, signaling overprediction of these
events (Fig. 6b). Thickness clearly overpredicts SLR with an
MBE of 2.36 and exhibits relatively high scatter, leading to a
negative R2 score (20.06) and a higher MAE (3.81) (Fig. 6c;
recall that this is only verified at lower-elevation sites).
MaxTAloft exhibits a large positive SLR bias, resulting in
the highest MBE (3.5) and the worst performing SLR fore-
casts (R2 of 20.41 and MAE of 4.75) (Fig. 6d). Even though
the MaxTAloft polynomial curve peaks at an SLR of ;22
(corresponding to a MaxTAloft of ;2128C), it does not
predict higher values (hence the cutoff evident in Fig. 6d).

FIG. 10. PDFs of observed and forecast SLR for each method for the (a) coastal, (b), transitional, (c) interior
highlands, and (d) lake-effect snowbelt eastern CONUS snow climates.
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MaxTAloft’s poor performance is consistent with studies of
SLR accuracy over the western CONUS (e.g., Pletcher et al.
2024; Veals et al. 2025). Only the RF produces better forecasts
than those based on the observed climatological CoCoRaHS

SLR mean at each site, which produced an R2 of 0.15 and MAE
of 3.41 (not shown). Thus, the RF is the only method that im-
proved upon the climatological SLR mean for each CoCoRaHS
site, a common standard for forecast skill (Wilks 2011).

TABLE 4. Descriptions of each eastern CONUS error subset.

Set Description Threshold
Mean

observed SLR
Mean

RF SLR
Minimum

forecast error
Maximum

forecast error

Least accurate AE SLR events that exhibit
the highest AE

�7.8 (95th percentile
eastern CONUS AE)

22.9 11.7 7.8 29.2

Least accurate APE SLR events that exhibit
the highest APE

�75.2% (95th percentile
eastern CONUS APE)

4.2 8.9 75.6% 339.7%

Most accurate AE SLR events that exhibit
the lowest AE

�0.2 (5th percentile
eastern CONUS AE)

9.5 9.5 0.002 0.2

Most accurate APE SLR events that exhibit
the lowest APE

�2% (5th percentile
eastern CONUS APE)

10.3 10.3 0.01% 2%

FIG. 11. Scatterplots of forecast and observed SLR for the least accurate AE (blue scatterpoints) and APE (red
scatterpoints) subsets for the (a) coastal, (b) transitional, (c) interior highlands, and (d) lake-effect snowbelt eastern
CONUS snow climates.
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b. QSF performance

In this section, we verify QSFs to determine if the RF’s im-
proved SLRs lead to better snowfall forecasts. Although
QSFs derived from the RF exhibit considerable scatter, they
exhibit the highest R2, lowest MAE, and lowest MBE (20.29,
5.59, and 0.62 cm, respectively) of the methods (Fig. 7a). The
R2 of 20.29 indicates worse performance than the mean,
which we attribute to shortcomings in the HRRR QPF since
validation of SLR alone for these events described in the pre-
vious section yielded an R2 of 0.32 (Fig. 6a). We anticipate
that the RF-derived QSF performance will improve further in
the future as model QPF accuracy improves. QSFs derived
from Cobb, MaxTAloft, and Thickness are less accurate, ex-
hibiting increased scatter and an overprediction of snowfall at
most thresholds, resulting in lower R2 scores, higher MAEs,
and higher MBEs (Figs. 7b–d). QSFs derived from Cobb are
the most accurate of the NBM methods but exhibit a 25%
higher MAE (7.61 cm) than the RF-derived QSFs.

A critical question for QSF performance concerns the rela-
tive contributions of SLR and QPF error. To examine this, we
present scattergrams of 24-h SLR AE versus 24-h QPF AE
(mm) with each scatter point colored by the 24-h QSF APE
(Figs. 8a–d). Since SLR errors varied by method but HRRR
QPF errors remained constant, a rightward shift in red and
dark red scatterpoints demonstrates a larger SLR contri-
bution to QSF error. For RF and Cobb, most of the large

($300%) QSF APE events occur when the SLR AE is
�10 and the QPF AE is �20 mm, as shown in the green
boxes (Figs. 8a,b). Within the green boxes, 75 and
120 $300% QSF APE events occur for RF and Cobb, re-
spectively, compared with 51 and 66 events for Thickness
and MaxTAloft, respectively. However, a shift is evident
for MaxTAloft and Thickness-derived QSFs which feature
more large (.300%) QSF APE events when SLR AE
is .10 and QPF AE is �7.5 mm (blue boxes, Figs. 8c,d).
Thickness and MaxTAloft account for 23 and 37 such
events, respectively, whereas RF and Cobb account for 0
and 2, respectively. This indicates that thickness and Max-
TAloft produce more larger QSF errors from larger SLR
errors. Conversely, the RF and Cobb-derived largest QSF
APE events are a result of large QPF errors, as evidenced
by the largest QSF APE confined to when SLR AE � 5 and
QPF AE is �30 mm. This suggests that QPF is the primary
contributor to RF or Cobb-derived QSF errors, whereas
SLRs contribute more strongly to MaxTAloft or Thickness-
derived QSF errors.

5. Eastern CONUS forecast performance

a. Regional performance

We now examine the performance in the eastern CONUS
snow climates using AE as a measure of performance. This is

FIG. 12. Notched boxplots of 24-h mean temperature (K), wind speed (m s21), and RH (%) at each interpolated
level (m AGL) used in the RF for the (a),(c),(e) AE and (b),(d),(f) APE subsets. The black horizontal line indicates
the median, the box indicates the 25th–75th percentiles, the whiskers indicate the 5th and 95th percentiles, and the
circles indicate outliers.
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a region that experiences major regional or localized societal
impacts from winter storms associated with nor’easters and
lake-effect storms, resulting in loss of life and billions in dam-
ages (Sanders and Bosart 1985; Kocin and Uccellini 1990;
Kocin and Schumacher 2004; Niziol et al. 1995; Greybush et al.
2017; Zaff 2022; Novak et al. 2023). The AE for each snow cli-
mate is grouped by the SLR method and displayed using box-
plots, with statistically significant differences in median AE
occurring when the boxplot notches do not overlap (Fig. 9).
Here and in similar figures, statistical significance follows McGill
et al. (1978) and is based on a 95% confidence level evaluated
with bootstrap resampling with 1000 samples. MAE is displayed
in boldface at right of each group. For the eastern CONUS,
SLR forecasts derived from the RF exhibited the lowest MAE
(2.84), whereas Cobb and Thickness exhibited somewhat higher
MAEs (3.52 and 3.79, respectively). MaxTAloft produced the
worst overall performance with an MAE of 4.12. The RF also
produced the lowest median AE for each snow climate, with the
difference in median compared to other methods statistically sig-
nificant. Thus, the RF was consistently better across all of the
eastern CONUS snow climates.

Probability density functions (PDFs) show the SLR forecast
distributions compared to observed in the four snow climates
(Figs. 10a–d). In addition to exhibiting the lowest overall MAE,
the RF’s mode (as indicated by the peak of the curves) is
aligned closest to observed for the coastal, transitional, and inte-
rior highland snow climates (Figs. 10a–c). Its distribution, how-
ever, is narrower than observed. In the lake-effect snowbelts,
the RF exhibits a bimodal distribution (Fig. 10d). Cobb’s
distribution is also narrow but shifted to higher values than
RF due to an overprediction of SLRs � 10 and SLRs � 15 in
the coastal, transitional, and interior highlands (Figs. 10a–c).
Although the MaxTAloft and Thickness PDFs were broader
than RF and Cobb, they were shifted to higher SLRs than ob-
served, consistent with overprediction (Figs. 10a–d).

b. RF forecast environments

To investigate the factors affecting RF performance over
the eastern CONUS, we subsetted the HRRR testing dataset

FIG. 14. As in Fig. 10, but for the (a) coastal, (b) transitional, and
(c) continental western CONUS snow climates.

FIG. 13. As in Fig. 9, but for the western CONUS snow climates.
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based on the most and least accurate RF SLR forecasts. Accu-
racy was evaluated using AE and APE, with AE useful for
identifying large absolute errors and APE useful for large ab-
solute relative errors. We identified the most accurate abso-
lute and relative forecasts based on RF SLRs with an AE or
APE less than or equal to their eastern CONUS 5th percen-
tile thresholds (0.2% and 2%, respectively) and the least accu-
rate absolute and relative forecasts based on RF SLRs with
an AE or APE greater than or equal to their eastern CONUS
95th percentile thresholds (7.8% and 75.2%, respectively).
This resulted in four subsets containing 213 events each that
we refer to as least accurate AE, least accurate APE, most ac-
curate AE, and most accurate APE. Table 4 summarizes each
of these subsets.

Although the mean observed SLRs were similar for the
most accurate AE and APE subsets (9.5 and 10.3, respec-
tively), the mean observed SLRs for the least accurate AE
and APE subsets were 22 and 4.2, respectively. Thus, the larg-
est absolute forecast errors typically occurred during high
SLR events, whereas the largest relative forecast errors typi-
cally occurred during low SLR events. This is further illus-
trated by scatterplots of RF and observed SLR for the least
accurate AE and APE subsets in each eastern CONUS snow
climate which show that the largest absolute forecast errors
typically occurred during high (.15) observed SLR events,
whereas the largest relative forecast errors occurred during
low (,10) observed SLR events (Fig. 11). There were, how-
ever, 11 least accurate AE events that featured low observed
SLRs, so large absolute forecast errors are not confined exclu-
sively to high observed SLR events. In the coastal region,
least accurate APE events were more common than least ac-
curate AE events (Fig. 11a), reflecting the higher frequency of
low SLR events in that region. In contrast, in the lake-effect
snowbelts, least accurate AE events were more common
(Fig. 11b), reflecting the higher frequency of high SLR events
in that region. Collectively, these results reflect the relatively
narrow distribution of RF SLR forecasts compared to observed
(e.g., Fig. 10), which yields a tendency to underforecast high
SLR events and overforecast low SLR events.

We now compare the RF’s atmospheric features (T, SPD,
and R) during the most and least accurate AE and APE peri-
ods to examine if there is a useful signal for anticipating SLR
forecast accuracy. These atmospheric features are grouped by
each vertical level in notched boxplots and colored based on
the four accuracy subsets (Fig. 12). To focus on least accurate

AE events associated with SLR underprediction, we excluded
the 11 events with observed SLRs , 10 (5.2% of the popula-
tion) from this subset. The remaining least accurate AE
events featured lower median temperatures than the most ac-
curate AE events, with the differences statistically significant
at all levels except 300, 600, and 900 m AGL (Fig. 12a). There
were also statistically significant differences in median wind
speed and relative humidity below 1200 m AGL and above
1500 mAGL, respectively, with the least accurate AE wind speed
and relative humidity values lower at these levels (Figs. 12c,e).
The least accurate APE events featured higher median tem-
peratures and wind speeds than the most accurate APE events
at all levels, with statistically significant differences that in-
crease with height (Figs. 12b,d). However, there were no sta-
tistically significant differences in median relative humidity
values (Fig. 12f). These results suggest that the largest RF
AEs, which are associated with underforecasting, occur dur-
ing colder, less windy storms. We suggest that these are likely
events where dendritic growth and light winds favor high
SLR snowfall. Furthermore, statistically significant lower me-
dian RH values above 1500 m AGL could be a result of shal-
lower events or events that featured a shorter precipitation
time frame that lowered the 24-h mean RH values. In con-
trast, the largest RF APEs, which are associated with overfor-
ecasting, occur during relatively warm and windy storms,
which have been shown to produce low SLRs (Roebber et al.
2003; Cobb and Waldstreicher 2005; Alcott and Steenburgh
2010). These results are consistent with Figs. 6 and 10 which
show that the distribution of RF SLR forecasts is narrower
than observed.

6. Western CONUS forecast performance

a. Regional performance

The western CONUS frequently experiences high-impact
winter storms associated with diverse synoptic weather pat-
terns and orographic forcings that can disrupt transportation
and commerce (Ferber et al. 1993; Poulos et al. 2002; Rutz et al.
2014; Tessendorf et al. 2019; Wasserstein and Steenburgh 2024).
For the western CONUS, the RF exhibited the lowest overall
MAE (2.99), followed by Cobb (3.5) (Fig. 13). The RF also ex-
hibited the lowest overall MAE for each western CONUS snow
climate, although differences in median AE between the RF
and Cobb were not statistically significant in the continental

TABLE 5. Descriptions of each western CONUS error subset.

Set Description Threshold
Mean

observed SLR
Mean

RF SLR
Minimum

forecast error
Maximum

forecast error

Least accurate AE SLR events that exhibit
the highest AE

�8 (95th percentile
eastern CONUS AE)

23.3 11.7 8 27

Least accurate APE SLR events that exhibit
the highest APE

�69.4% (95th percentile
eastern CONUS APE)

5.9 8.9 69.4% 406.8%

Most accurate AE SLR events that exhibit
the lowest AE

�0.2 (5th percentile
eastern CONUS AE)

11.6 11.6 0.0002 0.2

Most accurate APE SLR events that exhibit
the lowest APE

�2% (5th percentile
eastern CONUS APE)

12.2 12.2 0.0015% 2%
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snow climate. Thickness and MaxTAloft performed worse, with
overall MAEs of 3.95 and 5.49, respectively, and poorer per-
formance in each snow climate. For Thickness, however,
there were a small number of samples for the continental
snow climate (n 5 17) due to the elevation of many western
CONUS CoCoRaHS sites, limiting statistical confidence esti-
mates as reflected in the wide notches around the median.
Aside from Cobb, each method performed worse in the west-
ern CONUS compared to the eastern CONUS, perhaps due
to the greater SLR variability (cf. Figs. 4 and 5).

The challenges of predicting the SLR variability in the
western CONUS are further illustrated by a comparison of
observed and forecast SLR PDFs (Figs. 14a–c). The RF’s
mode is centered near observed for each snow climate, but its
distribution is too narrow for the coastal and continental
snow climates, and it exhibits an inaccurate bimodal distribu-
tion for the transitional snow climate. The Cobb distribution
is also too narrow for each snow climate, and its mode is
shifted to higher SLRs, indicating frequent overforecasting.
The Thickness distribution is also shifted to higher SLRs than
observed but is broader, indicating that it forecasts a wider
range of SLRs, although the sample size for this method is
small. MaxTAloft’s mode is shifted too far to the right of the
observed mode for each snow climate, especially transitional
and continental snow climates.

b. RF forecast environments

As done in section 5b for the eastern CONUS, we also
identified the most and least accurate RF SLR forecasts based
on the western CONUS 5th and 95th percentiles of AE and
APE. The resulting thresholds for most accurate absolute
(AE) and relative (APE) SLR forecasts were 0.2% and 2%,
respectively. The least accurate absolute and relative SLR er-
rors were 8% and 69.4%, respectively. Each subset contained
181 events and are summarized in Table 5.

The most accurate AE and APE subsets exhibited compa-
rable mean observed SLRs (11.6 and 12.2, respectively),
whereas the least accurate AE and APE subsets exhibited dis-
similar mean observed SLRs (23.3 and 5.9, respectively).
Thus, we again use the least accurate AE and APE subsets to
highlight the RF’s struggles to forecast high and low SLRs, re-
spectively. Scatterplots of RF and observed SLR from each
western CONUS snow climate subset further illustrate the
RF’s biases (Fig. 15). Least accurate AE events were less
common than least accurate APE events at coastal sites, with
the RF underforecasting SLR for the former (MBE of 27.7)
and overforecasting SLR for the latter (MBE of 4.9) (Fig. 15a).
Like the eastern CONUS, the greater frequency of least accu-
rate APE events at coastal sites reflects the relatively common
occurrence of low SLRs in the coastal snow climate (see Fig. 5).
Least accurate AE events were more common than least accu-
rate APE events at transitional and continental sites (MBEs of
210.3 and 5.6, respectively) because of a greater frequency of
high SLRs for those snow climates (Figs. 15b,c). Similar to the
eastern CONUS, these results indicate the RF’s inability to fore-
cast the full distribution of observed SLR.

FIG. 15. As in Fig. 11, but for the (a) coastal, (b) transitional, and
(c) continental western CONUS snow climates.
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As in section 5b, we now compare the RF’s atmospheric
features (T, SPD, and R) during the most and least accurate
AE and APE periods to examine if there is a useful signal
for anticipating SLR forecast accuracy. As in the eastern
CONUS, we excluded the 12 least accurate AE events with
SLRs , 10 to allow a clearer comparison of atmospheric
features between the least and most accurate AE subsets.
Median temperatures and wind speeds were lower for the
least accurate AE subset; however, none of the differences
were statistically significant at any level (Figs. 16a,c). Me-
dian relative humidity values were also lower at all levels
for the least accurate AE events, with statistically significant
differences at 300 and 600 m AGL (Fig. 16e). The least ac-
curate APE events featured higher median temperatures
than the most accurate APE events at all levels, but the dif-
ferences were not statistically significant (Fig. 16b). Differ-
ences in wind and relative humidity were also small and not
statistically significant, except for median relative humidity
at 300 and 600 m AGL, which was higher for the least accurate
APE events (Figs. 16d,f). Although in the eastern CONUS there
were statistically significant differences in the RF’s features at
more vertical levels, the contrasts in the western CONUS were
more subtle, so there is not a clear distinction of which features
affect the RF’s western CONUS accuracy.

c. Veals et al. (2025) performance comparison

Finally, we examined the performance of the RF and the
NBM methods at the 14 mountain sites described in Veals
et al. (2025) (see their Fig. 1 for a map of the site locations),

which were not used for RF training. These sites provide
snowfall and SLR observations collected by snow-safety teams
and are mainly located at ski areas or along highways or rail-
road corridors. From November 2022 to April 2024 (i.e., the
HRRR testing period), there were 1919 observations avail-
able, which reflects frequent snowfall at these mountain loca-
tions. Thickness was not included in this analysis since the 14 sites
were located at elevations where a portion of the 850–700-hPa
layer was below site elevation.

Consistent with earlier results, the RF exhibited the highest
R2 (0.25), lowest MAE (3.23), and lowest MBE (1.05) com-
pared to the NBM methods at these sites (cf. Figs. 17a–c), al-
though these values are slightly worse than the CONUS-wide,
eastern CONUS, and western CONUS RF results (cf. Figs. 6a,
9, and 13). The positive MBE reflects a tendency to overpredict
SLR events , 15. These results are consistent with Veals et al.
(2025), who found that an RF developed with data from the
14 sites outperformed the NBM methods. Additionally, these
results also show that a CONUS-wide RF provides value and
outperforms the NBM methods in mountainous areas of the
west that are susceptible to avalanche hazards and road clo-
sures from high-impact winter storms, even at sites that are
not included in the RF training.

7. Conclusions

This study used the CoCoRaHS observing network to train,
validate, and test a new RF-based method for predicting SLR
across the CONUS. We focused specifically on observations
collected using a snowboard and coring tube to limit the

FIG. 16. As in Fig. 12, but for the western CONUS.
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impacts of undercatch on LPE measurement. The RF trained
using these SLR observations, ERA5 atmospheric profiles,
and station geographic information produced the most accu-
rate SLR forecasts across the CONUS when applied to the
HRRR, outperforming existing NBM methods (i.e., Cobb,

Thickness, and MaxTAloft) and regionally trained and ap-
plied RFs. QSFs derived from the RF SLR forecasts were
also more accurate than those derived from the NBM meth-
ods, with the largest contributor to error being the QPF rather
than the SLR forecast. This was also true for Cobb-derived
QSFs, whereas the SLR errors dominated Thickness and
MaxTAloft QSF errors.

The RF also outperformed the NBM methods across the
eastern CONUS and in the four eastern CONUS snow cli-
mates (coastal, transitional, interior highlands, and lake-effect
snowbelts). Nevertheless, the distribution of RF SLR fore-
casts in these regions was narrower than observed, which re-
flects overforecasting SLR during low SLR (i.e., high density)
events and underforecasting during high SLR (i.e., low den-
sity) events, the former typically warm and windy environ-
ments and the latter colder. Similarly, the RF outperformed
the NBM methods across the western CONUS and in the
three western CONUS snow climates (coastal, transitional,
and continental), although the difference between RF and
Cobb was not significant at a 95% confidence level in the con-
tinental snow climate. The RF also exhibited overforecasting
of low SLR events and underforecasting of high SLR events
in the western CONUS, although the atmospheric conditions
contributing to these errors were less clear, with few statisti-
cally significant differences in the RF’s atmospheric features
during most and least accurate forecasts. Finally, the RF
outperformed the NBM methods at high-elevation western
CONUS sites not used in the training, demonstrating its poten-
tial to be applied in other regions and in mountain locations
prone to avalanches and road closures during high-impact win-
ter storms.

These results, along with those from Pletcher et al. (2024)
and Veals et al. (2025), reinforce that machine learning can be
applied to high-quality SLR observations to improve SLR
forecasts and QSFs. This work extends that of Veals et al.
(2025) by developing an RF that can be applied CONUS-
wide while also still exhibiting forecast accuracy at mountain
sites in the western CONUS. An issue for future work is how
to address the RF’s narrow SLR forecast distribution, which
degrades forecast accuracy during high and low SLR events.
It is possible that more accurate high and low SLR forecasts
could be produced by training with HRRR forecasts rather
than ERA5 analyses, including training with QPF (see Veals
et al. 2025). However, the HRRR’s data record is shorter, es-
pecially for the current HRRR version, which was updated in
2020. Training to the HRRR could also limit applicability to
other modeling systems. It is also possible that the RF’s archi-
tecture may not allow for accurate prediction of high and low
SLRs, despite accounting for nonlinear feature–label relation-
ships. Alternative approaches that might improve predictions
are deep learning models such as a convolutional neural
network (LeCun et al. 1989) or a vision transformer (ViT;
Dosovitskiy et al. 2020), which can optimize performance
by automatically extracting important features and encod-
ing spatial information [i.e., the shape of vertical profiles
(Chase et al. 2023)]. A potential issue with these alternative
implementations is increased computational load, which
could be a consideration for operational use.

FIG. 17. As in Fig. 6, but for (a) RF, (b) Cobb, and (c) MaxTAloft
at the 14 snow-safety sites described in Veals et al. (2025).
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APPENDIX

RF Versus LR Performance Comparison

Here, we compare the performance of the RF to the
simpler, CONUS-wide LR model mentioned in section 2d.
LR-based models are easier to interpret, computationally
inexpensive, and can be used as a comparison baseline for
more complex methods like the RF (Rudin 2019; Chase
et al. 2022, 2023). The LR model is currently being evalu-
ated for use in NWS operations, including global models.
Thus, we excluded the input features LAT, LON, and
ELEV from the LR training as they provide negligible im-
provements to MAE and R2 and may introduce bias when
applied outside the CONUS. Table A1 summarizes the ag-
gregate performance metrics of the RF and LR based on
the 100 train/validate splits, with the RF superior in all met-
rics except MBE, although both models had low scores

consistent with near-neutral bias. The LR model can be
found on GitHub (https://github.com/mdpletcher/utahrfslr/tree/
main/models/lr).
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