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ABSTRACT: Producing a quantitative snowfall forecast (QSF) typically requires a model quantitative precipitation fore-
cast (QPF) and snow-to-liquid ratio (SLR) estimate. QPF and SLR can vary significantly in space and time over complex
terrain, necessitating fine-scale or point-specific forecasts of each component. Little Cottonwood Canyon (LCC) in Utah’s
Wasatch Range frequently experiences high-impact winter storms and avalanche closures that result in substantial trans-
portation and economic disruptions, making it an excellent testbed for evaluating snowfall forecasts. In this study, we vali-
date QPFs, SLR forecasts, and QSFs produced by or derived from the Global Forecast System (GFS) and High-Resolution
Rapid Refresh (HRRR) using liquid precipitation equivalent (LPE) and snowfall observations collected during the
2019/20–2022/23 cool seasons at the Alta–Collins snow-study site (2945 mMSL) in upper LCC. The 12-h QPFs produced by
the GFS and HRRR underpredict the total LPE during the four cool seasons by 33% and 29%, respectively, and underpre-
dict 50th, 75th, and 90th percentile event frequencies. Current operational SLR methods exhibit mean absolute errors of
4.5–7.7. In contrast, a locally trained random forest algorithm reduces SLR mean absolute errors to 3.7. Despite the random
forest producing more accurate SLR forecasts, QSFs derived from operational SLR methods produce higher critical success
indices since they exhibit positive SLR biases that offset negative QPF biases. These results indicate an overall underpredic-
tion of LPE by operational models in upper LCC and illustrate the need to identify sources of QSF bias to enhance QSF
performance.

SIGNIFICANCE STATEMENT: Winter storms in mountainous terrain can disrupt transportation and threaten life
and property due to road snow and avalanche hazards. Snow-to-liquid ratio (SLR) is an important variable for snowfall
and avalanche forecasts. Using high-quality historical snowfall observations and atmospheric analyses, we developed a
machine learning technique for predicting SLR at a high mountain site in Utah’s Little Cottonwood Canyon that is
prone to closure due to winter storms. This technique produces improved SLR forecasts for use by weather forecasters
and snow-safety personnel. We also show that current operational models and SLR techniques underforecast liquid
precipitation amounts and overforecast SLRs, respectively, which has implications for future model development.

KEYWORDS: Snow; Winter/cool season; Orographic effects; Forecasting

1. Introduction

Quantitative snowfall forecasts (QSFs) over complex terrain
pose challenges for operational forecasters due to the localized
nature of snow accumulation patterns and uncertainties in the
specification of snow-to-liquid ratio (SLR) (e.g., Alcott and
Steenburgh 2010; Mott et al. 2014; Gerber et al. 2018, 2019).
Despite a shift to a greater fraction of precipitation falling as
rain due to climate change (Knowles et al. 2006; Gillies et al.
2012), cool-season (November–April) precipitation over the
western contiguous United States (CONUS) still falls predomi-
nantly as snow at upper elevations, and many low-elevation re-
gions experience episodic winter storms that can disrupt
transportation and commerce (e.g., Ferber et al. 1993; Daly et al.
1994; Andretta and Hazen 1998; Serreze et al. 1999; Alcott et al.

2012). High-impact, cool-season precipitation events can be as-
sociated with diverse synoptic patterns that require accurate
precipitation type identification and snowfall forecasts to reduce
travel disruptions, loss of life, and damage to property and in-
frastructure (Lackmann and Gyakum 1999; Steenburgh 2003;
Ralph et al. 2006; Rutz et al. 2014; Seeherman and Liu 2015;
Wasserstein and Steenburgh 2024). State Route 210 (SR-210)
in Utah’s Little Cottonwood Canyon (LCC) is one example of
a mountain transportation route that can temporarily close due
to heavy snowfall, which can gridlock transportation and force
avalanche mitigation activities (Nalli and Mckee 2018). During
busy travel periods, the number of vehicles traveling in LCC
can exceed 10000 per day, and road closures due to avalanche
hazards or mitigation can result in financial losses to local ski re-
sorts of more than $3 million per day (amount adjusted to 2023
dollars; Blattenberger and Fowles 1995).

Contemporary operational numerical forecast systems do
not explicitly predict QSF. Instead, after determining snow is
the predominant precipitation type, which can be done with
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different approaches (e.g., Bourgouin 2000; Reeves et al.
2016; Benjamin et al. 2016; Birk et al. 2021), an SLR is typi-
cally applied to the model quantitative precipitation forecast
(QPF) or a downscaled or statistically adjusted QPF (e.g.,
Lewis et al. 2017; Hamill and Scheuerer 2018) to generate a
QSF. A deterministic multimodel QSF or probabilistic QSF
(PQSF) can be generated using ensemble forecast systems or
blends of forecast systems (Craven et al. 2020).

Thus, the model QPF is one source of error when generat-
ing QSFs. Over complex terrain, underprediction of QPF is a
common bias in lower-resolution modeling systems (e.g.,
Lewis et al. 2017). Smaller horizontal grid spacings enable
better resolution of topographic features, generally resulting
in increased skill and smaller biases, especially over narrow
terrain features such as those found in the Great Basin (e.g.,
Mass et al. 2002; Hart et al. 2005; Gowan et al. 2018). Postpro-
cessing techniques such as downscaling with climatological
analyses (e.g., Daly et al. 2008; Lewis et al. 2017; Riley et al.
2021; Stovern et al. 2023), quantile mapping (e.g., Hamill et al.
2023), bias correction (e.g., Velasquez et al. 2020), and ma-
chine learning (e.g., Sha et al. 2020; Espeholt et al. 2022) have
been used to produce improved QPF and probabilistic QPF
(PQPF) in regions of complex terrain. Such approaches may
reduce bias but do not eliminate errors related to initial condi-
tions or model uncertainties.

SLR uncertainty is another source of QSF error. Histori-
cally, and even on many meteorological websites, SLR is
sometimes assumed to follow the 10:1 rule [e.g., 10 mm of
QPF produces 10 cm of QSF (Potter 1965; Judson and
Doesken 2000)]. In reality, SLR exhibits considerable geo-
graphic and temporal variability with values ranging from 3:1
to 100:1 in rare events (Judson and Doesken 2000; Roebber
et al. 2003; Baxter et al. 2005; Alcott and Steenburgh 2010).
SLR is influenced by ice crystal habit which varies based on
the degree of aggregation, riming, sublimation, melting of pe-
ripheral ice crystal branches at the surface or aloft, or crystal
fragmentation by strong winds; SLR is also affected by melt-
ing at the surface or aloft, precipitation-type changes, and
surface-snow compaction (Pomeroy and Brun 2001; Dubé
2003; Roebber et al. 2003; Baxter et al. 2005; Cobb and
Waldstreicher 2005; Byun et al. 2008; Alcott and Steenburgh
2010; Milbrandt et al. 2012). Due to the varying weather condi-
tions that influence SLR, it can be a challenge to predict storm
mean SLR. Changes in SLR during storms are also difficult to
predict but are important for diagnosing avalanche hazards
(e.g., Mueller 2001; Schweizer et al. 2003; Schweizer and Reuter
2015). SLR can also vary significantly with elevation and dis-
tance over relatively small geographic regions. A variety of
SLR algorithms have been produced using physical reasoning
or statistical approaches (e.g., Dubé 2003; Roebber et al. 2003;
Cobb and Waldstreicher 2005; Alcott and Steenburgh 2010;
Milbrandt et al. 2012; Hoopes et al. 2023). Despite advance-
ments in SLR algorithms and understanding, SLR variability re-
mains a significant source of uncertainty for QSF.

In this paper, we examine the performance of precipitation,
SLR, and snowfall forecasts produced by or derived from the
National Centers for Environmental Prediction (NCEP)
Global Forecast System (GFS) and High-Resolution Rapid

Refresh (HRRR) for the Alta–Collins (CLN) snow-study site
maintained by Alta Ski Area. Located in the upper reaches of
a deeply incised canyon in the Wasatch Range of northern
Utah (Fig. 1), CLN observes frequent heavy snowfall during
the cool season, defined here as November–April, although
snow can fall outside this period, with road snow and ava-
lanche hazards posing major threats to travel, structures, and
public safety. The mean annual snowfall at the National
Weather Service (NWS) Cooperative Observer Program
(COOP) site in the town of Alta (2655 m MSL) in upper LCC
is 1164 cm [(458 in.; 1991–2020 climate normal (NCEI 2023)].
SR-210, which ascends LCC to the town of Alta, traverses
50 avalanche paths and has the highest uncontrolled ava-
lanche hazard index of any major road in the world due to the
high frequency of major avalanches and heavy vehicle traffic
(Schaerer 1989; Nalli and Mckee 2018; Steenburgh 2023;
Wasserstein and Steenburgh 2024). Avalanche mitigation activ-
ities or unmitigated avalanche threats close SR-210 an average
of 10.8 days a year and more than 30 days in heavy snow years
(Utah Department of Transportation 2022). In 2023, multiday
closures of SR-210 stranded tourists and residents, leading to
food shortages (Jag 2023). Both total snowfall amount and
rate contribute to avalanche hazards, as do changes in SLR
(Mueller 2001; Schweizer et al. 2003; Schweizer and Reuter
2015). Rainfall can also be important for avalanches, but most
of the cool-season precipitation in avalanche starting zones in
LCC falls as snow.

The remainder of this paper is organized as follows. In
section 2, we detail our data and methods including a descrip-
tion of the CLN observations, SLR forecast methods, and val-
idation techniques. Section 3 reveals the seasonal QPF biases
exhibited by the GFS and HRRR and their QPF performance

FIG. 1. Topography and geographic features of northern Utah.
Zoomed-in topography of LCC and locations of CLN (40.57638N,
111.63838W) and Alta GFS and HRRR BUFKIT profiles
(40.588N, 111.638W) indicated by the white star and red dot, re-
spectively, in the inset map at the lower left.
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for individual precipitation events. Section 4 highlights dis-
crepancies in forecast SLR between the GFS and HRRR and
the biases exhibited by each SLR method. Section 5 focuses
attention on the seasonal QSFs derived from each SLR
method, QSF performance for individual snowfall events, and
QSF biases exhibited relative to LPE and snowfall event sizes.
Finally, section 6 summarizes the key conclusions, discusses
the importance of validating QPF and SLR errors for improv-
ing QSFs, and provides suggestions for future work.

2. Data and methods

a. CLN observations

This study uses 12-h snowfall and liquid precipitation equiv-
alent (LPE) measurements collected at 0400 and 1600 local
standard time (LST) by snow-safety professionals at CLN
during the 2004/05–2022/23 cool seasons (Wasserstein and
Steenburgh 2023). The first 15 cool seasons (2004/05–2018/19)
were used to train a new random forest (RF; Breiman 2001)
SLR algorithm described in section 2b, whereas the last 4 cool
seasons (2019/20–2022/23) were used to validate QPFs, SLR
forecasts, and QSFs produced by or derived from the GFS
and HRRR using the RF or other SLR methods. The focus
on the last four cool seasons for validation reflects the up-
grade to the GFS finite volume cubed-sphere dynamical core
(FV3) in June 2019 (NCEP 2019). CLN is located at Alta Ski
Area in upper LCC (2945 m MSL; Fig. 1) in a small clearing
surrounded by evergreen trees and below ridgelines, which re-
duces wind influences (Alcott and Steenburgh 2010, see their
Fig. 1). Snowfall observations were collected from a white
snowboard placed atop the existing snowpack that was wiped
clean after each measurement. LPE was obtained with
a Snowmetrics sampling tube and scale. The minimum ob-
served thresholds for LPE and snowfall measurements were
0.254 mm (0.01 in.) and 1.27 cm (0.5 in.) and were rounded to
the nearest 0.5 and 0.01 in., respectively. These measurements
were converted to metric units for this study and are used to
evaluate the performance of precipitation and snowfall fore-
casts. SLR was based on the ratio of snowfall to LPE. For
SLR calculations, however, we only used observations with at
least 2.79 mm (0.11 in.) of LPE and 5.09 cm (2 in.) of snowfall.
These thresholds have been used in other studies and reduce
SLR errors arising from rounding and measurement inaccura-
cies (Judson and Doesken 2000; Roebber et al. 2003, 2007;
Baxter et al. 2005; Alcott and Steenburgh 2010). For consis-
tency, these thresholds are used to train the RF algorithm and
to evaluate the performance of SLR forecasts produced by
each method. In the present climate, nearly all precipitation
at CLN falls as snow during the cool season, so rain on snow
is rare and likely does not affect results.

b. Random forest SLR algorithm

Using data from the North American Regional Reanalysis
(NARR; Mesinger et al. 2006) and eight cool seasons of 24-h
snowfall observations, Alcott and Steenburgh (2010) devel-
oped an algorithm for predicting SLR at CLN based on step-
wise multiple linear regression. For this study, we produced a

new SLR algorithm using vertical profiles from the fifth major
global reanalysis produced by European Centre for Medium-
Range Weather Forecasts (ERA5; Hersbach et al. 2020), the
15-cool-season training period of SLR observations from
CLN, and an RF machine learning algorithm. RFs are statistical
algorithms that utilize an ensemble of decision trees. During
the RF training, randomness is introduced by selecting random
subsets of data and features for building each tree. RF predic-
tions are then made deterministically by aggregating predic-
tions from all trees in the ensemble. The RF training used the
Python scikit-learn software package (Pedregosa et al. 2011)
and a randomized 60/40 train–validate split for testing and de-
velopment. We ultimately settled on a regressor with 100 trees,
which appeared optimal based on the lowest mean absolute
error (MAE) and highest coefficient of determination (R2)
scores we achieved during internal testing. Additional testing
revealed that other hyperparameters (i.e., maximum tree
depth and minimum number of samples required to split a
node) produced optimal results when set to their default
scikit-learn settings. The ERA5 reanalysis profile used for
training was from the nearest grid point to CLN and contained
data at 37 pressure levels from 1000 to 1 hPa. Although the
ERA5 reanalysis is characterized by relatively low horizontal
resolution compared to operational weather models, its ex-
tensive data record, assimilation of varying observation types,
and consistent dynamical analysis make it a suitable training
dataset.

The inputs fed into the RF algorithm were temperature (K)
and wind (m s21) linearly interpolated to 0.5, 1, and 2 km
above the elevation of CLN. We used temperature and wind
as they exhibit the strongest (albeit modest) correlation with
SLR (Roebber et al. 2003; Baxter et al. 2005; Cobb and
Waldstreicher 2005; Alcott and Steenburgh 2010). We focus
on 2 km above the elevation of CLN (4945 m MSL), which is
typically just below 500 hPa. This is consistent with Alcott
and Steenburgh (2010) who developed a stepwise multiple lin-
ear regression equation for predicting SLR at Alta and found
that 15 of the 17 predictors were at or below 500 hPa. Internal
testing using the ERA5 as the training dataset revealed that
other potential SLR predictors (e.g., surface temperature,
relative humidity, specific humidity, precipitable water, and
geopotential height) did not contribute substantially to
changes in predicted SLR. QPF is another potential predic-
tor but was not used for this study to avoid complications
arising from contrasting ERA5 and operational model pre-
cipitation biases.

During the 15-cool-season period used for training, there
were 1204 SLR observations available for training (see section 2a)
with 50th, 75th, and 90th percentile SLRs of 12.5, 16.8, and
21.2, respectively (Fig. 2c). During the four-cool-season vali-
dation period, the SLR distribution was shifted slightly higher
with 50th, 75th, and 90th percentiles of 13.3, 17.9, and 23.2,
respectively (Fig. 2f) although the 50th and 75th percentiles
for both this and the training period are close to the 12.3 and
18 reported by Alcott and Steenburgh (2010) using 24-h ob-
servations from CLN from the 1998/99 to 2006/07 cool seasons
(they did not report the 90th percentile). Overall, this sug-
gests that the training period provides a reasonable long-
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term record suitable for machine learning SLR applications
and that the snowfall and LPE frequency distributions for
the validation period approximate those of a longer-term
record.

c. Operational SLR methods

Several SLR prediction methods are used operationally by
the NWS in the National Blend of Models (NBM), a CONUS-
wide forecast system derived from direct and postprocessed
model guidance (Craven et al. 2020). These methods are known
as MaxTAloft, Cobb, Roebber, and 850–700-mb thickness
(1 mb 5 1 hPa), as described in NWS online training resour-
ces (The COMET Program 2023). Blends of these methods
are then used depending on the forecast model (e.g., the
SLR for the GFS is based on 33% weighting of the MaxTAloft,
Cobb, and Roebber methods). The MaxTAloft method calcu-
lates SLR using a fifth-degree polynomial of the form

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 in degrees Celsius
between 2000 ft (610 m) AGL and 400 hPa. The polynomial is
based on observations from Alaska and subjective adjustments
(The COMET Program 2023). The Cobb method follows Cobb
and Waldstreicher (2005) but has been revised several times,
with NBM, version 4.1 (NBM v4.1), using an updated layer
snow ratio versus temperature polynomial curve and an up-
dated layer weighting factor. The Cobb polynomial curve used
in NBM v4.1 determines the average SLR at each layer in a
profile by adding and subtracting one to the layer temperature
(8C) to account for temperature gradients in near-freezing con-
ditions. The updated layer weighting factor uses the square root

FIG. 2. One-dimensional histograms of CLN 12-h (a) snowfall, (b) LPE, and (c) SLR (RF training) collected between November 2004
and April 2019 with 50th, 75th, and 90th percentiles and number of events annotated. (d)–(f) As in (a)–(c), but for the validation dataset
collected between November 2019 and April 2023.

TABLE 1. Descriptions of each SLR prediction method.

Method Description

RF 0.5, 1, and 2 km AGL temperature and wind fed into RF machine learning algorithm
Cobb 925–300-mb layer snow ratio, vertical velocity, and relative humidity (used in NBM v4.1)
MaxTAloft Maximum temperature between 2000 ft AGL and 400 hPa (used in NBM v4.1)
50% Blend 50/50 blend of Cobb and MaxTAloft
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of layer vertical velocity (cm s21). Prior to NBM v4.1, the poly-
nomial curve was developed based on results from Dubé
(2003), Baxter et al. (2005), and Ware et al. (2006) (The
COMET Program 2023). The Roebber et al. (2003) SLR
method uses 6-h QPF, surface wind speed, a surface compaction
value dependent on month, and temperature and relative hu-
midity interpolated to 14 sigma levels fed into an ensemble of
10 artificial neural networks. The 850–700-mb thickness method
is based on a linear relationship between SLR and 850–700-mb
thickness derived from 63 mid-Atlantic cases (The COMET
Program 2023). The efficacy of these methods over the western
CONUS is largely undocumented.

d. SLR methods applied to GFS and HRRR forecasts

The RF, MaxTAloft, and Cobb algorithms were then ap-
plied to generate SLR forecasts and QSFs from GFS and
HRRR profile forecasts initialized at 0000 and 1200 UTC.
The MaxTAloft and Cobb algorithms were selected because
they are used in the operational NBM. Both iterations of the
MaxTAloft and Cobb algorithms in this study are used

operationally in NBM v4.1. A 50/50 blended forecast based
on MaxTAloft and Cobb was also evaluated as it is applied to
HRRR forecasts in the NBM. Table 1 summarizes each of
these SLR methods. We also evaluated the Roebber method,
which is based on Roebber et al. (2003) and was designed to
predict probabilities for three snow density classes (light,
average, and heavy). However, the NBM converts these prob-
abilities into an explicit SLR, and we found that conversion
resulted in anomalously high SLRs and poor performance at
CLN. Thus, we have not included the Roebber method or the
33% blends that use it. Due to the absence of submodel
terrain in the BUFKIT profiles, the 850–700-hPa thickness
method was not evaluated as it requires the use of data below
model topography.

The RF, MaxTAloft, and Cobb algorithms were applied to
GFS and HRRR QPF and profile forecasts for Alta that were
downloaded from the Iowa State University BUFKIT Ware-
house (https://meteor.geol.iastate.edu/;ckarsten/bufkit/data/).
These BUFKIT forecasts are extracted from the ;13-km GFS
and ;3-km HRRR at 40.588N, 111.638W, which is ;875 m
northeast of CLN, are available at hourly intervals, are sub-
stantially smaller files, and provide higher vertical resolution
than standard pressure-level model output grids. The high tem-
poral and vertical resolutions of the BUFKIT profiles allow
forecasters at the Salt Lake City NWS Forecast Office to re-
ceive a more complete assessment of the atmosphere when
generating forecasts over complex terrain such as LCC. The
GFS and HRRR temperature and wind profiles were inter-
polated to the levels needed for each algorithm. Ground level

TABLE 2. The 2 3 2 contingency table used for verification.

Observed

Yes No Total

Forecast Yes Hit (a) False alarm (b) a 1 b
No Miss (c) Correct rejection (d) c 1 d
Total a 1 c b 1 d n

FIG. 3. Observed and forecast accumulated cool-season precipitation and annotated cool-season precipitation totals
and seasonal QPF biases as percentages at CLN during the (a) 2019/20, (b) 2020/21, (c) 2021/22, and (d) 2022/23 cool
seasons.
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(i.e., 0 m AGL) was defined based on the elevation of CLN
and not the model topography to utilize a profile that matched
as closely as possible to that expected above the station eleva-
tion. Any model levels below CLN’s elevation were removed.
These levels varied with GFS and HRRR updates.

For SLR calculations, the height of the highest forecast 08C
wet-bulb temperature level was assumed to be the top of the
melting layer. If CLN was above this level, the forecast SLR
was used directly. If CLN was more than 300 m below this level,
the precipitation was assumed to be rain. However, there were
no soundings in which this was the case during the study period.
When CLN was below the 08C wet-bulb temperature level and
in the melting layer, the forecast SLR was adjusted following

SLR 5 SLRinit 3
ZCLN 1 MLthick 2 Zwbz

MLthick

( )
, (2)

where SLRinit is the initial predicted SLR, ZCLN is CLN’s ele-
vation (2945 m MSL), MLthick is the melting layer depth
(300 m), and Zwbz is the height (m MSL) of the highest 08C
wet-bulb temperature level. The 300-m melting layer depth is
based on White et al. (2010). Essentially, this linearly reduces
the forecast SLR to 0 over a depth of 300 m below the 08C

wet-bulb temperature level. This is a simple approach that
was applied to the SLR methods and was used during 11 SLR
events. Although a new melting SLR technique was imple-
mented into the NBM v4.2 for surface wet-bulb temperatures
. 08C (Leone et al. 2023), we did not incorporate it into our
methods as CLN infrequently experiences surface tempera-
tures above freezing during cool-season precipitation events.

QSF for each 12-h CLN observing period was based on
hourly QPFs multiplied with hourly SLRs and integrated over
the 12-h period. This produced slightly better results than

FIG. 4. Performance diagram of GFS and HRRR 12-h QPF skill
relative to 50th, 75th, and 90th percentile LPE events (values and
number of events annotated at bottom) at CLN for the 2019/20–
2022/23 cool seasons. Circle sizes increase with observed LPE per-
centiles. Shaded contours indicate CSI values, and dashed line con-
tours are frequency bias thresholds.

FIG. 5. PDFs of observed and forecast SLR from each SLRmethod
derived from the (a) GFS and (b) HRRR.

WEATHER AND FORECAS T ING VOLUME 391266

Brought to you by NOAA Library | Unauthenticated | Downloaded 04/01/25 06:59 PM UTC



multiplying the 12-h QPF with a 12-h mean SLR based on
12-h mean predictor variables. Then, the 12-h SLR, SLR12h,
was calculated using

SLR12h 5
QSF12h

QPF12h
, (3)

where QSF12h is the 12-h QSF and QPF12h is the 12-h QPF. If,
however, the 12-h QPF was ,0.254 mm or the QPF was 0, a
time-averaged SLR was used based on the mean of 1-h SLRs
during the 12-h period. This enables a comparison of model-
derived SLR with observed SLR during periods that there
was no QPF, but snowfall was observed. For brevity, the 12h
subscripts above are dropped hereafter.

e. Verification

Using 0000 and 1200 UTC model initializations for verifica-
tion, forecast–observation pairs were created by matching
forecast period end times with observation collection times.
Since observations were collected in local time, 1100–2300
UTC or 1000–2200 UTC forecasts from the 0000 UTC initial-
ized GFS and HRRR were validated during standard or day-
light-saving time, respectively. Likewise, 2300–1100 UTC or
2200–1000 UTC forecasts were validated for 1200 UTC ini-
tialized forecasts. For both initializations, the two forecast pe-
riods correspond to validating forecast hours 11–23 or 10–22
during standard or daylight-saving time, respectively. These
forecast hours are used as they are the earliest available that
align with each observation period. Out of 1451 possible 12-h

forecast–observation pairs, 1447 were evaluated based on the
availability of both the GFS and HRRR. We did not evaluate
forecasts at other initialization times.

Finally, QPF and QSF were evaluated using a 2 3 2 contin-
gency table (Table 2 following Mason 2003) with hit rate (HR)
defined as

HR 5
a

a 1 c
, (4)

false alarm ratio (FAR) defined as

FAR 5
b

a 1 b
, (5)

and critical success index (CSI) defined as

CSI 5
a

a 1 b 1 c
, (6)

where a is the number of hits, b is the number of false alarms,
and c is the number of misses. A hit occurs when a forecast
and the corresponding observation exceed the specified
threshold; a false alarm occurs when the forecast exceeds the
specified threshold, but the corresponding observation does
not, and a miss occurs when the forecast does not exceed the
specified threshold, but the corresponding observation does.
HR (also known as the probability of detection) is the fraction
of observed events correctly forecasted, FAR is the fraction
of forecasted events that did not occur, and CSI (also
known as threat score) measures the fraction of observed and

FIG. 6. Box-and-whisker chart of forecast SLR for each method derived from the (left) GFS and HRRR and
(right) observed SLR at CLN. The horizontal line in each box represents the median, the box represents the inter-
quartile range, the whiskers represent the 5th and 95th percentiles, and the filled circles represent outliers. Notches
indicate the 95% confidence interval of the median.
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forecasted events that are correctly predicted but adjusted for
hits related to random chance (Wilks 2011). These verification
metrics are presented in performance diagrams, which illus-
trate the accuracy and bias in one diagram presenting HR,
success ratio (1 2 FAR), and CSI (Roebber 2009). We use
the 50th, 75th, and 90th percentile observed LPE and snowfall
events shown in Figs. 2d–f as the thresholds in the perfor-
mance diagrams.

3. QPF validation

a. Seasonal accumulations

Time series of accumulated observed and forecast precipi-
tation illustrate the QPF biases that occur each cool season of
the validation period (Figs. 3a–d). Despite differing horizontal

grid spacings and model architectures, the GFS and HRRR
underpredict seasonal LPE at CLN in all four cool seasons
with relatively similar overall mean magnitudes of 33% and
29%, respectively. Internal testing revealed a similar under-
prediction of cool-season precipitation at nearby GFS and
HRRR native grid points (not shown). These results are con-
sistent with Gowan et al. (2018) who found the GFS and
HRRR generally underpredicted cool-season precipitation at
mountain sites over the western CONUS during the 2016/17
cool season. The largest GFS LPE underprediction (33.9%)
occurred during the 2022/23 cool season (Fig. 3d), whereas
the largest HRRR LPE underprediction (44.9%) occurred
during the 2021/22 cool season (Fig. 3c). Prior to the 2021/22
cool season, the GFS was wetter than the HRRR (Figs. 3a,b),
but beginning with the 2021/22 cool season, the HRRR was
wetter than the GFS (Figs. 3c,d). Upgrades to the HRRR in

FIG. 7. Dual-colored 1D histograms of GFS (green) and HRRR (light purple) (a) 0.5-km wind speed (m s21),
(b) vertical velocity (cm s21) calculated as in NBM v4.1 for the Cobb method, (c) 0.5-km temperature (K), and
(d) maximum temperature between 2000 ft (610 m) AGL and 400 hPa. Each variable is averaged during each 12-h
SLR event. Vertical lines are population means for each model with values annotated.
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December 2020 (NCEP 2020) and the GFS in March 2021
(NCEP 2021) may have affected model biases, especially for
the HRRR which appeared to result in a smaller dry bias.
The majority of the seasonal QPF bias in both models re-
flected the underforecasting of a few large LPE events. For
example, a multiday storm from 5 to 7 February 2020 pro-
duced 139.7 mm of LPE, whereas the GFS and HRRR pro-
duced 79.9 and 58.7 mm, underforecasting precipitation by
42.8% and 58%, respectively.

b. Individual events

Using statistical measures based on a standard 23 2 contin-
gency table (Table 2), we examined QPF performance during
individual events relative to observed 50th (4.8 mm), 75th
(10.2 mm), and 90th (20.3 mm) LPE percentiles during the
2019/20–2022/23 validation period using performance diagrams
(Roebber 2009). Points above the 1.0 frequency bias line indi-
cate an overprediction of LPE event frequency, whereas points
below the 1.0 frequency bias line indicate an underprediction of
LPE event frequency. Forecast accuracy increases toward the
top right of the diagram where the probability of detection
(POD), success ratio (SR), and CSI are all 1. The GFS and
HRRR both exhibit frequency biases, 1 for all three LPE per-
centiles (Fig. 4), indicating overall negative QPF biases consis-
tent with the seasonal LPE underprediction (e.g., Figs. 3a–d).
Underforecasting is greatest for the 90th percentile events.

Despite differing model architectures and horizontal grid spac-
ings, the GFS and HRRR produce comparable SRs and CSIs
for 50th and 75th percentile LPE events but slightly different
PODs for 75th percentile LPE events (0.55 and 0.61, respec-
tively). For 90th percentile LPE events, the GFS and HRRR
exhibit a sharp decrease in accuracy, particularly in CSI and
SR, with the HRRR performing slightly better than the GFS.
These results illustrate that for QPF at Alta, the GFS and
HRRR exhibit relatively similar accuracy for modest 50th and
75th percentile LPE events and degraded performance for the
largest and often highly impactful 90th percentile events, with
the higher-resolution HRRR exhibiting somewhat smaller dry
biases and greater accuracy for the 90th percentile events.

4. SLR validation

a. Forecast distributions

We now compare probability density functions (PDFs) of
forecasted SLRs from each of the four methods (RF, Cobb,
MaxTAloft, and 50% Blend) with observed SLR during the
2019/20–2022/23 evaluation period (Figs. 5a,b). The mode of
the RF SLR derived from the GFS best matches observed,
but the distribution is narrower due to an underprediction of
low (�8) and high (�22) SLRs (Fig. 5a). The Cobb SLR dis-
tribution is broader than the RF, but its mode is shifted to-
ward higher SLRs and the underprediction of low and high

FIG. 8. Bivariate histograms of forecast and observed SLR at CLN for (a) RF, (b) Cobb, (c) MaxTAloft, and (d) 50% Blend derived
from the GFS during 2019/20–2022/23 cool seasons with coefficient of determination R2 and MAE annotated in the lower right.
(e)–(h) As in (a)–(d), but derived from the HRRR. White dots are the median observed event size in each bin, and black dots are the fore-
cast event size in each bin. Dots are not shown for bins with fewer than 10 events. The bin width is set to 2.5.
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SLRs is still evident. The MaxTAloft distribution is highly
skewed to higher SLRs with an unrealistic mode of 21, which,
when combined with Cobb, leads to an unrealistically high
SLR mode of 18 for the 50% Blend.

Compared to the GFS-derived SLRs, the HRRR-derived
RF and Cobb SLR modes are shifted toward slightly lower
values but remain close to the observed SLR mode (Fig. 5b).
The distributions remain too narrow with the HRRR-derived
Cobb distribution noticeably narrower than its GFS-derived
distribution. MaxTAloft and 50% Blend have distributions
similar to their GFS-derived distributions, with their modes
at nearly identical, unrealistically high values. Like the GFS-
derived SLRs, all the HRRR-derived methods rarely produce
SLRs�25.

Contrasts between the GFS- and HRRR-derived RF and
Cobb SLRs are more clearly illustrated by box-and-whisker
plots (Fig. 6). For both RF and Cobb, the HRRR-derived dis-
tributions are clearly shifted toward lower SLRs. In contrast,
the distributions for MaxTAloft are nearly identical. The
HRRR-derived 50% Blend is shifted toward lower values due
to the influence of Cobb. The tendency of the RF and Cobb
methods to forecast lower HRRR-derived SLRs is due to the
differing wind and vertical velocity distributions produced by
the GFS and HRRR at Alta during SLR events. For example,
the distribution of the HRRR 0.5-km wind speed averaged
during SLR events is shifted toward higher values compared
to the GFS, which leads to lower RF SLRs (Fig. 7a; other
wind levels used by the RF exhibit similar results). The
HRRR vertical velocity distribution is also shifted to higher
values, which leads to lower Cobb SLRs (Fig. 7b). In contrast,
the GFS and HRRR distributions of 0.5-km temperature and
maximum temperature between 2000 ft AGL and 400 hPa are
relatively similar, so there are small differences in the
MaxTAloft SLR forecasts (Figs. 7c,d).

In summary, the RF and Cobb methods produce GFS- and
HRRR-derived forecast SLR distributions with modes closest
to observed. MaxTAloft tends to forecast unrealistically high
SLRs, which results in the 50% Blend SLRs being too high.
All methods produce distributions that are too narrow, fail to
predict the highest SLR events (�25), and underpredict low
SLR events (�8). Differences in the GFS- and HRRR-derived
RF and Cobb SLRs reflect contrasts in the wind and vertical
velocity distributions during SLR events produced by the
two models, whereas similarities in GFS- and HRRR-derived
MaxTAloft and 50%Blend SLRs are a result of nearly identical
0.5-km and maximum temperature distributions during SLR
events.

b. Individual events

Bivariate histograms further illustrate the biases and accu-
racy of the SLR forecasts (Fig. 8). Underprediction or over-
prediction is indicated by frequent event pairs falling above
or below the 1:1 line in Fig. 8, respectively, while limited scat-
ter signals accuracy. For the GFS- and HRRR-derived SLR
forecasts, the RF has relatively high accuracy for event pairs
�20, the highest overall R2 values (0.42 and 0.4), and the low-
est MAEs (3.81 and 3.66) (Figs. 8a,e). Accuracy degrades for

SLR events �20. Cobb performs slightly worse with R2 values
of 0.22 and 0.23 and MAEs of 4.71 and 4.5 (Figs. 8b,f). The
tendency of MaxTAloft to produce anomalously high SLRs
near the aforementioned mode ;21 is evident in the large
number of event pairs with a forecast SLR of 20–22.5 (Figs. 8c,g)
and is a result of the SLR versus temperature polynomial curve
used in the NBM v4.1 MaxTAloft calculations, which maximizes
at 22 (The COMET Program 2023). The polynomial curve
used by MaxTAloft was developed for environments that
feature warm air aloft which rarely occurs at CLN (Fig. 7d),
resulting in infrequent SLRs , 15. This leads to negative
R2 values (20.73 and 20.68) and high MAEs (7.65 and 7.57),
indicating that MaxTAloft exhibits worse performance than
the SLR climatological mean at Alta (13.5; performance not
shown). The performance of MaxTAloft is so poor that even
after averaging with Cobb, 50% Blend still yields negative
and near-zero R2 values (20.11 and 0.02) and exhibits rela-
tively high MAEs (5.9 and 5.53; Figs. 8d,h).

The analysis above is independent of LPE amount. SLR er-
rors will yield larger absolute snowfall errors with increasing
LPE. To evaluate how SLR performance varies with LPE, we
calculated mean SLR biases for five observed LPE bins
(,5.1, 5.1–7.6, 7.6–12.7, 12.7–19.1, and .19.1 mm). For the

FIG. 9. Mean SLR bias error binned by 12-h LPE thresholds (mm)
for the (a) GFS and (b) HRRR.
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GFS- and HRRR-derived SLR forecasts, RF and Cobb ex-
hibit increasing bias errors with LPE from relatively small
negative values (|SLR|�2:5) for low (,7.6 mm) LPE events
to positive values for large LPE events (Figs. 9a,b). This indi-
cates that RF and Cobb tend to forecast slightly lower SLR
than observed for small LPE events but higher SLR than ob-
served for large LPE events. For large LPE events, the GFS-
and HRRR-derived RF biases are lowest and, in the case of
the HRRR, nearly 0 for 7.6–19.1-mm LPE events and �2:5
for .19.1-mm LPE events, showcasing its relatively low bias
during large LPE events. Conversely, GFS- and HRRR-derived
MaxTAloft and 50% Blend forecasts exhibit positive mean SLR
biases that increase with LPE and are considerably larger than
those exhibited by RF and Cobb. The positive bias trend with
LPE may reflect the lack of LPE as a predictor for all the meth-
ods given the tendency for LPE to negatively correlate with SLR,
especially in larger storms (Judson and Doesken 2000; Roebber
et al. 2003; Ware et al. 2006; Alcott and Steenburgh 2010).

Collectively, these results illustrate that the RF produces
the most accurate SLR forecasts, followed by Cobb, although
forecasts of high SLR events are poor for both methods.
While Cobb forecasts relatively accurate SLRs compared to
the other NBM methods, its SLR forecasts exhibit substan-
tially lower R2 values and higher MAEs than the RF, reveal-
ing its poor performance compared to the RF. The poor
performance of MaxTAloft suggests it should not be used for
snowfall forecasting at this location. Even after blending

MaxTAloft with Cobb’s relatively accurate SLR forecasts, the
50% Blend’s performance is also poor due to MaxTAloft’s
anomalously high, unrealistic SLRs. The better performance
of the RF and Cobb SLR methods is further evidenced by
their relatively small mean SLR biases for large (.12.7 mm)
LPE events, while MaxTAloft and 50% Blend produce large
mean SLR biases for large LPE events. Thus, the RF, fol-
lowed by Cobb, produces the most accurate SLR forecasts
during high-impact LPE events at Alta.

5. QSF validation

a. Seasonal accumulations

Similar to Figs. 3a–d, we present a time series of accumulated
observed and forecast snowfall to illustrate the QSF biases that
occur each cool season of the validation period (Fig. 10). Despite
the RF and Cobb SLR methods producing relatively low SLR
biases and MAEs during individual events, they consistently
produce negative seasonal QSF biases when applied to the dry-
biased GFS QPFs over each cool season. Seasonal QSF derived
with the RF underpredicts seasonal snowfall the most during
the 2022/23 cool season (30.7%; Fig. 10d), while seasonal QSF
derived with Cobb underpredicts seasonal snowfall the most
(23.8%) during the 2020/21 cool season (Fig. 10b). Conversely,
seasonal QSFs derived from MaxTAloft and 50% Blend ex-
hibit smaller underprediction or even slightly positive seasonal
QSF biases. For example, the MaxTAloft-derived seasonal

FIG. 10. Observed seasonal snowfall and GFS seasonal QSFs derived from each SLR method at CLN during the
(a) 2019/20, (b) 2020/21, (c) 2021/22, and (d) 2022/23 cool seasons. Light gray shading indicates values above CLN
snowfall, and white shading indicates values below CLN snowfall. QSF seasonal totals and QSF biases are annotated
as percentages in the upper left.
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QSF is very similar to observed during the 2022/23 cool season
(Fig. 10d), and the seasonal QSF derived from 50% Blend
overpredicts seasonal snowfall by 5.5% during the 2019/20 cool
season (Fig. 10a). These results illustrate that the large positive
SLR biases exhibited by the MaxTAloft and 50% Blend
methods during individual events (Figs. 8c,d,g,h) offset the
GFS negative QPF bias (Figs. 3a–d and 4), leading to more
accurate seasonal QSFs than those produced by the RF and
Cobb methods despite their smaller SLR biases.

For the HRRR, seasonal QSFs derived with RF and Cobb
underpredict seasonal snowfall each cool season except dur-
ing the 2021/22 cool season when the Cobb-derived seasonal
QSF overpredicts seasonal snowfall by 0.4% (Fig. 11). Seasonal
QSFs derived from MaxTAloft produce small biases during the
2019/20 and 2020/21 cool seasons but higher than observed dur-
ing the 2021/22 and 2022/23 cool seasons (Figs. 11c,d) with
45.6% and 20.4% overpredictions during each cool season, re-
spectively. These trends reflect the decline in the HRRR dry
bias during the latter two cool seasons (Figs. 3c,d). The 2021/22
cool season is the only cool season when RF- and Cobb-derived
QSFs both exhibit smaller seasonal QSF biases than the
MaxTAloft- and 50% Blend–derived QSFs (Fig. 11c).

b. Individual events

We now assess the performance of QSFs for individual
events derived from each SLR method for the GFS (Fig. 12).
For 50th (7.6 cm) percentile snowfall events, the QSFs derived
from each method exhibit frequency biases , 1 and produce
comparable CSIs (;0.55), indicating modest performance and
overall underprediction of median snowfall events. Consistent

with the above seasonal QSF performance analysis, underpre-
diction, as reflected by a smaller frequency bias, is greatest for
RF and Cobb and smallest for MaxTAloft and 50% Blend.
PODs and CSIs decline for all four methods as event size
increases to 75th percentile (15.2 cm) and 90th percentile
(25.4 cm) snowfall events. These performance declines are,
however, smallest for MaxTAloft and 50% Blend which have
frequency biases ; 1. Conversely, RF- and Cobb-derived
QSFs experience larger decreases in POD and CSI. The better
performances of the MaxTAloft- and 50% Blend–derived
QSFs for 75th and 90th percentile snowfall events reflect their
large positive SLR biases, which offset the GFS dry bias.

Although HRRR QSFs exhibit similar performance as the
GFS QSFs for 50th percentile snowfall events, they experi-
ence a greater decline in all performance metrics (CSI, SR,
and POD) for 75th and 90th percentile snowfall events (Fig. 13).
Except for the MaxTAloft-derived QSFs, there is a clear ten-
dency for the HRRR QSFs to underpredict event frequencies,
similar to the GFS QSFs. MaxTAloft-derived QSFs show
a slight overprediction (frequency biases . 1) of 75th and
90th percentile snowfall events and larger CSIs than the QSFs
derived from the other SLR methods. Cobb-derived QSFs
perform slightly better than the RF-derived QSFs though
both perform poorly for events greater than the 75th percentile.
Like the GFS-derived QSFs, HRRR MaxTAloft- and 50%
Blend–derived QSFs perform better than the RF- and Cobb-
derived QSFs (higher CSI, frequency biases closer to 1) due
to their large positive SLR biases.

We calculate QSF mean bias errors (MBEs) derived from
each SLR method relative to LPE amounts (same thresholds

FIG. 11. As in Fig. 10, but for HRRRQSFs.
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as in Figs. 9a,b) for the GFS and HRRR to determine when
the largest QSF bias errors occur for different LPE event sizes
(Figs. 14a,b). For the GFS and HRRR QSFs, the MBEs are
positive for LPE events , 5.1 mm but become negative with
increasing LPE, indicating a negative decrease in QSF bias
error as LPE increases. However, the HRRR QSFs all exhibit
considerably larger positive MBEs (.100 cm) than the GFS
for LPE events , 5.1 mm, indicating much larger snowfall
forecasts than observed. MaxTAloft- and 50% Blend–derived
QSFs exhibit the largest MBE for LPE events , 7.6 mm but
exhibit the smallest MBE for LPE events $ 12.7 mm. Con-
versely, RF- and Cobb-derived QSFs exhibit the smallest
MBE for LPE events, 7.6 mm and the largest MBE for LPE
events $ 12.7 mm. While the MBEs exhibited by each QSF
are relatively similar; overall, the HRRR tends to produce
larger QSF MBEs than the GFS.

We find different mean QSF MBEs when MBEs are instead
calculated for five observed SLR bins (,10, 10–15, 15–20, 20–25,
and .25). GFS and HRRR QSFs exhibit negative MBEs
with increasing SLRs with somewhat larger MBEs exhibited
when derived from the HRRR, similar to Figs. 14a and 14b
(Figs. 15a,b). In contrast to Figs. 14a and 14b, MaxTAloft
QSFs produce the smallest MBE for all SLR event thresholds
except for SLR events, 10 for the GFS and HRRR. Meanwhile,

RF- and Cobb-derived QSFs produce the largest MBE for all
SLR bins except for SLR events, 10. Like Figs. 10–13, these re-
sults indicate that the dry biases present in the GFS and HRRR
offset the positive SLR biases exhibited by the MaxTAloft SLR
method, leading to smaller QSF MBEs than the more accurate
RF and Cobb methods during some SLR events. High SLR
events often contain a smaller amount of LPE than low SLR
events (Alcott and Steenburgh 2010, see their Fig. 5f) which can
alter MBEs exhibited by the QSFs. Thus, due to MaxTAloft-
and 50% Blend–derived QSFs’ reliance on QPF underpredic-
tion for accuracy, they exhibit smaller QSF MBEs than RF- and
Cobb-derived QSFs during SLR events $ 15 for the GFS and
HRRR.

Despite the large positive SLR biases exhibited byMaxTAloft
and 50% Blend, we find that they tend to produce smaller sea-
sonal QSF biases than the better-performing RF and Cobb SLR
methods by offsetting the dry biases present in the GFS and
HRRR. The overall better performances of MaxTAloft- and
50% Blend–derived QSFs are evident in the performance dia-
grams by their frequency biases closer to 1 and higher CSIs for
all event sizes, which is due to their large positive SLR biases.
GFS and HRRR QSF overall performances are similar for 50th
percentile snowfall events but diverge for events greater than
the 75th percentile although QSF performance declines are
greater for the HRRR than the GFS. Bias errors for the RF-
and Cobb-derived GFS and HRRR QSFs are lesser during
small LPE and SLR events but are greater during large LPE
and SLR events. Conversely, the large positive SLR biases

FIG. 12. Performance diagram of GFS 12-h QSF skill relative to
50th, 75th, and 90th percentile observed snowfall events (totals and
number of events annotated at bottom). Circle sizes increase with
observed snowfall percentiles. Shaded contours indicate CSI values,
and dashed line contours are frequency bias thresholds.

FIG. 13. As in Fig. 12, but for HRRRQSFs.
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exhibited by MaxTAloft and 50% Blend lead to greater QSF
bias errors during small LPE and SLR events but lesser bias er-
rors during small LPE and SLR events. Overall, these results in-
dicate a paradox in snowfall forecasting at this location: An SLR
forecast with a large positive bias (MaxTAloft and 50% Blend)
applied to a QPF with a dry bias produces a more accurate QSF
than an SLR forecast with minimal bias (RF and Cobb). Thus,
identifying sources of QSF bias error is necessary to improve
QSF performance at Alta.

6. Conclusions

This study has examined the performance of QPFs, SLR
forecasts, and QSFs produced by or derived from the GFS
and HRRR at a high-elevation observing site in upper LCC
during the 2019/20–2022/23 cool seasons. Located in the Wa-
satch Range of northern Utah, LCC frequently experiences
high-impact winter storms and avalanche closures and serves
as a testbed for evaluating snowfall forecasts due to its high-
quality snowfall observations. Both the GFS and HRRR ex-
hibited mean negative QPF biases during the study period
with an overall LPE underprediction of 33% and 29%. Model
upgrades prior to the 2021/22 cool season appear to have

reduced but not eliminated the HRRR dry bias beginning
with the 2021/22 cool season.

Despite differing model architectures and horizontal grid
spacings, the GFS and HRRR exhibit similar QPF perfor-
mance (e.g., similar CSI) for 50th and 75th percentile LPE
events. For 90th percentile LPE events, both models exhibit a
significant decline in accuracy with the HRRR exhibiting the
best overall performance. This is consistent with Gowan et al.
(2018) who found the HRRR produces more accurate QPFs
of large precipitation events than the GFS over interior
CONUS mountain ranges.

A newly developed SLR prediction algorithm that uses an
RF trained on local data outperforms existing operational
SLR forecast methods when derived from either the GFS or
HRRR by producing the most accurate SLR forecast distribu-
tions, the lowest MAE (3.7), and the highest R2 value (0.42).
Cobb produces less accurate SLR forecasts, and MaxTAloft
and its 50% Blend produce the least accurate SLR forecasts
as indicated by their unrealistically narrow SLR forecast dis-
tributions, MAEs . 7, and negative or near-zero R2 scores.
None of the SLR methods can reliably predict SLR events�25
when derived from the GFS or HRRR, highlighting the short-
comings of all the methods when forecasting the highest SLR
events. Differences in GFS- and HRRR-derived RF and Cobb

FIG. 14. Mean QSF bias error (cm) binned by 12-h LPE thresholds
(mm) for the (a) GFS and (b) HRRR.

FIG. 15. As in Fig. 14, but binned by 12-h observed SLR thresholds.
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SLRs are a result of their differing low-level wind speed and ver-
tical velocity distributions during SLR events. SLR forecasts
produced by the RF, followed by Cobb, exhibit the smallest
MBE during the often high-impact, large LPE events. Given the
large observed variability in SLR at Alta and the different influ-
ences on SLR (Pomeroy and Brun 2001; Roebber et al. 2003;
Baxter et al. 2005; Cobb and Waldstreicher 2005; Byun et al.
2008; Alcott and Steenburgh 2010), it is unsurprising that the
combination of the RF’s multiple predictors and its ability to ac-
count for nonlinear relationships between SLR and its predictors
result in its superior SLR forecast performance at Alta.

Despite more accurate SLR forecasts, QSFs derived with
the RF method did not produce the best snowfall forecasts.
Instead, the large positive SLR biases exhibited by the
MaxTAloft and 50% Blend methods offset the GFS and
HRRR dry biases, resulting in more accurate QSFs. The
Cobb QSFs also slightly outperform the RF-derived QSFs
due to the somewhat larger SLR biases exhibited by Cobb
compared to the RF. The performances of the GFS and
HRRR QSFs for 50th percentile snowfall events are similar
but experience large performance decreases for snowfall
events greater than the 75th percentile, with greater perfor-
mance decreases for these events evident in the HRRR.
While MaxTAloft- and 50% Blend–derived GFS and HRRR
QSFs produce the largest MBE for small LPE and SLR
events, they produce smaller MBE than the RF- and Cobb-
derived QSFs for large LPE and SLR events. Collectively
through these findings, we reveal a paradox in snowfall fore-
casting at this location: the most accurate snowfall forecasts
are produced from an SLR forecast with a large positive bias
that is applied to a QPF with a dry bias. However, as numeri-
cal models improve and machine learning approaches are
used to reduce QPF bias, the performance of MaxTAloft- and
50% Blend–derived QSFs will decline because their large pos-
itive SLR bias will yield QSF overforecasting, rendering this
an unsustainable approach. Thus, as previous work by Byun
et al. (2008) and Alcott and Steenburgh (2010) emphasized,
our results highlight the need to identify sources of QSF bias
error to improve QSF performance at Alta.

These findings highlight the potential for machine learning
applied to high-quality snowfall observations from snow-
safety teams for improved SLR forecasts across the western
CONUS as well as the importance of identifying sources of
snowfall forecast bias error. The RF consistently outperforms
the operational NBM SLR forecast methods but produces the
least accurate snowfall forecasts due to the evident dry biases
in the GFS and HRRR. Despite the RF’s underprediction of
snowfall, its superior SLR forecast performance is advanta-
geous during events that are sensitive to SLRs, making it
more useful for avalanche mitigation applications (Mueller
2001; Schweizer et al. 2003). A pathway for future work is
adding a bias-corrected QPF derived from the GFS and
HRRR, which could alter the performance of the QSFs de-
rived from the SLR methods. Furthermore, adding QPF as a
predictor to the RF could be beneficial during high LPE
events given the tendency for LPE to negatively correlate
with SLR (Judson and Doesken 2000; Roebber et al. 2003;
Ware et al. 2006; Alcott and Steenburgh 2010). Overall, a

more comprehensive examination of QPFs, SLR forecasts,
and QSFs at other western CONUS mountain sites could
highlight differing performances among the SLR methods
and reveal the contributing factors to degraded QSF perfor-
mance in different snow climates.
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