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ABSTRACT: Precipitation forecasts from the High-Resolution Rapid Refresh model (HRRR) of the National Centers
for Environmental Prediction (NCEP) and the Navy’s Coupled Ocean–Atmosphere Mesoscale Prediction System
(COAMPS) are examined during heavy precipitation periods in California. Precipitation forecast discrepancies between
the two models are examined during a recent heavy winter precipitation episode in California from 6 to 8 December 2019.
The skill of initial 12-h precipitation forecasts is examined objectively from 1 December 2018 to 28 February 2019 from the
HRRR, COAMPS, and NCEP’s North American Mesoscale Forecast System (NAM-3km). The HRRR exhibited lower
seasonal biases and higher skill based on several metrics applied to a sample of 48 12-h periods during California’s second
wettest winter season during the past 20 years. Overall, the NAM-3km and COAMPS exhibited a large wet bias over the
interior mountain regions while the HRRR model indicated a dry bias along the northern coastal region. All models
tended to underestimate precipitation along the coastal mountains of Northern California. To highlight the regional and
localized nature of forecast skill, the fraction skill score (FSS) metric is applied across ranges of spatial scales and precipitation values. For the domain as a whole, the HRRR had higher precipitation forecast skill compared to the other two models, particularly within radial distances of 20–30 km and moderate (10–50 mm) precipitation totals. FSS computed locally
highlights the HRRR’s overall higher skill as well as enhanced skill in the southern half of the state.
KEYWORDS: Forecast veriﬁcation/skill, Mesoscale forecasting, Short-range prediction

1. Introduction
California has the largest interannual variability in precipitation of any state, receiving almost the entirety of its yearly
precipitation during winter months. Future climate projections suggest that California’s interannual variability in precipitation may increase (Gershunov et al. 2019). Nearly
25%–50% of the state’s rainfall and snowpack during this
time are directly related to atmospheric rivers (Dettinger et al.
2011; Ralph et al. 2013; Rutz et al. 2014). Atmospheric rivers
(ARs) have been shown to be associated with 92% of the
West Coast’s heaviest 3-day rain events (Ralph and Dettinger
2012) and are responsible for the largest major ﬂoods in West
Coast rivers (Ralph et al. 2006; Neiman et al. 2011; Konrad
and Dettinger 2017; Corringham et al. 2019). ARs also supply
nearly half of California’s water supply, end droughts in the
West Coast, and provide water to wetlands, ﬂoodplains, and
ﬁsheries (Dettinger 2013; Florsheim and Dettinger 2015).
Several studies have evaluated how well operational
numerical weather prediction (NWP) models forecast AR
characteristics in the western United States (Wick et al. 2013;
Lavers et al. 2016; Nardi et al. 2018). However, it has also
been shown that forecast location, intensity and temporal
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evolution of AR events can change substantively in the 72-h
period before landfall (Martin et al. 2019). AR-related ﬂooding is prevalent in the Russian River basin in Northern
California, which is embedded within the complex terrain of
the coastal mountains where landfalling ARs interact with
topography, resulting in heavy precipitation (Neiman et al.
2002; Colle 2004; Ralph et al. 2006; Dettinger et al. 2011;
Kunz and Wassermann 2011; Picard and Mass 2017; Cao et al.
2019). Millions of people are also at risk during high-impact
precipitation events in the San Francisco Bay region immediately south of the Russian River basin (Bridger et al. 2019;
Ralph et al. 2018).
Gowan et al. (2018) and others have shown that current
high-resolution models outperformed other operational models with lower resolution for wintertime precipitation in the
western contiguous United States (western CONUS). This
study focuses on the ability of two mesoscale models undergoing continual development to forecast heavy precipitation in
the California region during the 2018/19 winter season: 1) the
National Centers for Environmental Prediction’s (NCEP)
High-Resolution Rapid Refresh model (hereafter referred to
simply as the HRRR) and 2) the Naval Research Laboratory’s (NRL) Coupled Ocean–Atmosphere Mesoscale Prediction System (COAMPS) (COAMPS). Comparisons are made
of forecast skill from those two models to the NCEP’s frozen
operational North American Mesoscale Forecast System
(NAM-3km) of the NCEP (Rogers et al. 2017).
The HRRR is an hourly updated, convection-allowing
model (Benjamin et al. 2016). Its 3-km grid spacing provides
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high-resolution detail over the CONUS with more than
1.9 million grid points. The HRRR has been shown to have
the highest accuracy among other high-resolution models for
deterministic and probabilistic precipitation forecasts (Bytheway et al. 2017; Gowan et al. 2018; Caron and Steenburgh
2020). However, Darby et al. (2019) suggest that the HRRR
has a tendency to underpredict precipitation along the west
coast based on their analysis of the model’s skill during the
2015/16 winter. English et al. (2021) found that operational
and experimental versions of the HRRR during ﬁve 2019 precipitation events also exhibited a dry bias in the San Francisco
Bay region of central California and wet bias over the Sierra
Nevada Mountains.
COAMPS is the Navy’s high-resolution, convection-allowing
model with 4-km grid spacing (Hodur 1997). COAMPS is used
operationally for naval defense operations around the world.
Model output is publicly available for a coastal California
domain used primarily for studies on air–sea interactions,
including the system’s ability to forecast oceanic coastal circulations, offshore surface winds and low clouds, marine boundary
layer structure, and sea surface temperatures (e.g., Haack and
Burk 2001; Hsu et al. 2007; Haack et al. 2008; Neveu et al.
2016).
Stone et al. (2020) focused on the improvement of forecasts
along the west coast due to dropsonde observations added to
the Navy Global Environmental Model, the parent model for
COAMPS. Although no published studies validate COAMPS
forecasts for regional California precipitation, errors have
been noted in the model’s treatment of precipitation amounts,
structure and duration compared to observations in other
regions as well as errors in forecasted precipitation and wind
speeds in areas of complex terrain (Nachamkin and Jin 2017;
Reynolds et al. 2019; Doyle et al. 2019).
Although studies have highlighted the skill of NWP for AR
characteristics, there has been limited investigation of precipitation forecast skill by high resolution models more generally
for heavy precipitation episodes in California. Although very
important contributors to extreme precipitation totals and
coastal ﬂooding, ARs explain less than 50% of California’s
total precipitation (Dettinger et al. 2011). The objective of
this study is to contribute to future model improvements for
the HRRR and COAMPS by diagnosing the ability of the
modeling systems to accurately forecast heavy precipitation
periods in the California region. The complexity of terrainﬂow interactions and orographic enhancement in the coastal
and interior regions of the state are challenging for operational models and relevant to other regions for which the
models are used.
The operational models, Stage-IV precipitation analyses,
and methodology are described in section 2. Characteristics
of the model precipitation forecasts are illustrated using a
heavy precipitation event during 6–8 December 2019. Initial
12-h precipitation forecasts (F01–F12) from the HRRR,
COAMPS, and NAM-3km are validated in section 3 relative
to the Stage-IV gridded precipitation analyses during the
1 December 2018–28 February 2019 season, which was
California’s second wettest winter season during the past
20 years. In addition, the Fraction skill score metric is used
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across ranges of spatial scales and precipitation values to
assess the relative model performance as a function of precipitation intensity and location. A summary of the results
from this research is found in section 4.

2. Data and methods
a. Precipitation data
The 6-h Stage-IV precipitation gridded analyses produced
by the NCEP (Lin and Mitchell 2005) are used in this study.
These precipitation analyses are a national multisensor analysis at 4-km grid spacing over the CONUS that is blended from
1–6-h precipitation estimates from River Forecast Centers.
The California-Nevada and Northwest River Forecast Centers use the PRISM/Mountain Mapper approach to produce
gauge-based analyses (Hou et al. 2014).
Although not shown here, the Stage-IV analyses were
evaluated by Dougherty (2020) using precipitation observations from the National Weather Service (NWS), Remote
Automated Weather Stations (RAWS), and Hydrometeorological Automated Data System (HADS) station networks.
Concerns about the representativeness of station observations at high elevation in California and the many sources of
uncertainty for both the observations and analyses in such
regions are well recognized (Henn et al. 2020; English et al.
2021). In total, 864 precipitation measuring stations were
judged after automated and subjective quality control
to provide reasonable 12-h precipitation totals during
the 1 December 2018–28 February 2019 winter season.
Dougherty (2020) found that the Stage-IV analyses generally were within 1 mm on average of the observations at
lower elevation locations. However, the analyses at some
locations in the coastal ranges and higher elevations of the
interior mountains were greater than those observed, which
is consistent with prior studies that found Stage-IV analyses
to overestimate observations in California during winter
(Nelson et al. 2016). Overall, Dougherty (2020) found for
12-h precipitation totals, the Stage-IV analyses were useful
for evaluating the model precipitation forecasts in California and are used for validation of model forecasts here.
Although the southwestern United States has been
experiencing extensive drought during the past two decades
(Williams et al. 2020), California experienced many heavy
precipitation events and ﬂooding episodes during the
2016/17 and 2018/19 winters. However, only 1–2 heavy precipitation events occurred during the recent 2019/20 and
2020/21 winters. Figure 1 shows the average Stage-IV 12-h
measured precipitation from 0000 UTC 1 December 2018 to
1200 UTC 28 February 2019 computed for the land areas in
Fig. 2b. The lower areal-averaged precipitation totals during
December 2018 were followed later in the season by several
major episodes with widespread heavy precipitation and
ﬂooding. The 12-h periods with domain-averaged precipitation exceeding 2.5 mm (0.01 in.) are deﬁned as the study’s
48 precipitation periods during 9 events lasting from 12 to
96 h.
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FIG. 1. Average precipitation (mm) within the analysis domain from Stage-IV 12 h analyses from 0000 UTC 1 Dec
2018 to 1200 UTC 28 Feb 2019. Periods in excess of 2.5 mm (above red line) are analyzed as heavy precipitation
periods.

b. Models
The HRRR has been developed over many years by the
Earth Systems Research Laboratory (Benjamin et al. 2016).
Operational versions of the HRRR are managed by NCEP’s
Environmental Modeling Center. The operational model version examined in this study is HRRRv3 that produced forecasts from F00 to F18 every hour except at 0000, 0600, 1200,
and 1800 UTC when the forecasts extended from F00 to F36.
NCEP completed implementation of HRRRv4 in December
2020.
The HRRR is a convection-allowing, hourly updated model
that relies on the Advanced Research Weather Research and
Forecasting dynamical core with 3-km grid spacing over the
CONUS as shown in Fig. 2. The HRRR uses the NOAA
Gridpoint Statistical Interpolation data assimilation process
(Wu et al. 2002; Whitaker et al. 2008; Kleist et al. 2009) as
well as an assimilation of radar reﬂectivity every 15 min over

1 h (Benjamin et al. 2016). Model characteristics are summarized in Table 1. We relied on the archive of model analyses
and forecasts available from the HRRR Pando archive system
at the University of Utah’s Center for High-Performance
Computing described by Blaylock et al. (2017). The HRRR
archive at the University of Utah focuses on storing twodimensional analysis and forecast ﬁelds and three-dimensional
analysis ﬁelds that have been used by hundreds of researchers
(e.g., McCorkle et al. 2018; Blaylock et al. 2018; Blaylock and
Horel 2020; Moore et al. 2020).
COAMPS has also undergone substantive development
over the years by the Marine Meteorological Division of the
NRL and is run operationally by the Fleet Numerical Meteorology and Oceanography Center. The model uses 4-km grid
spacing and can be applied as a nested grid anywhere on the
globe (Hodur 1997). COAMPS can be conﬁgured as a standalone atmosphere or ocean forecast model or run as a coupled
modeling system. This research relies on coupled model

FIG. 2. (a) HRRR and NAM-3km CONUS domains are in red. COAMPS regional domain is in blue. (b) HRRR
topography is based on the color bar below.
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simulations run routinely over a Northern and Central
California domain with forecasts extending out to 48 h
(Fig. 2). The model is initialized daily at 0000, 0600, 1200, and
1800 UTC using the NRL’s Atmospheric Variational Data
Assimilation System (NAVDAS; Daley and Barker 2001)
with 60 sigma-z levels from 10 m to approximately 50 km.
Model characteristics are summarized in Table 1. While
COAMPS can assimilate radar reﬂectivity, it was not activated for the Central California domain used in this study.
Since output from the 0600 and 1800 UTC model runs are not
archived, only the 0000 and 1200 UTC COAMPS forecasts
are available for this research with special efforts made to
download the precipitation forecasts for the entire 2018/19
winter season.
The NAM-3km underwent its ﬁnal upgrade in 2017 yet is
continuing to be run operationally by the NCEP (Rogers et al.
2017). The NAM-3km is used in this research to compare the
skill of HRRR and COAMPS to a frozen model whose performance characteristics are often familiar to operational
forecasters. The NAM-3km has a horizontal resolution of
3 km over the same domain as HRRR. It is initialized daily at
0000, 0600, 1200, and 1800 UTC and produces hourly forecasts out to 60 h. Many of the model speciﬁcations for the
NAM-3km are the same as the HRRR as summarized in
Table 1. Selected ﬁelds from the NAM-3km are downloaded
from the NOAA Operational Model Archive and Distribution System (NOMADS) and saved locally on servers maintained by the Center for High Performance Computing.

c. 6–8 December 2019
Precipitation analyses and model forecasts are illustrated
using a widespread precipitation event across California during 6–8 December 2019. We selected pragmatically this case
(one of the wettest during recent years) based on data available to us as well as desiring an event independent from the
sample of events during the 2018/19 winter. The progression
of a midlatitude cyclone across the state with an embedded
atmospheric river contributed to more than 100 mm (3.64 in.)
of precipitation falling in the coastal and interior mountain
ranges in Northern California (Fig. 3). The maximum amount
observed in this region during this period was 204 mm (8 in.)
in the northern Coast Range. Localized areas in the northern
Coast Range were analyzed to receive more than 150 mm
(5.9 in.) of accumulated precipitation during the 72-h period
between 1200 UTC 5 December and 1200 UTC 8 December
2019 (Fig. 3f).
Other notable features in Fig. 3 include the large precipitation amounts to the north of the Central Valley, which will be
referred to as the Mt. Shasta area. The coastal ranges south of
San Francisco also saw substantial accumulations of precipitation with lesser amounts in Southern California. Areas in the
Sierra Nevada above 2500 m received between 30 and 60 cm
(1–2 ft) of snow. Two ﬂood advisories were issued by the
Sacramento NWS Weather Forecasting Ofﬁce for Shasta and
El Dorado Counties during the afternoon of 7 December
2019 when the heaviest precipitation rates were observed
(Castellano et al. 2019). This storm resulted in localized
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FIG. 3. Stage-IV analyses of 12-h accumulated precipitation (mm) beginning with the 1200 UTC 5 Dec 2019–0000 UTC 6 Dec 2019 period
and continuing until the 0000 UTC 8 Dec 2019–1200 UTC 8 Dec 2019 period shaded according to the color bar.

ﬂooding throughout Northern California including ﬂooded
houses in a San Francisco neighborhood and rockslides along
coastal highways south of San Francisco.
Initial 12-h accumulated precipitation forecasts from the
HRRR and COAMPS during 6–9 December 2019 are shown
in Figs. 4 and 5 . Both models captured the general precipitation features with well-deﬁned maxima along the northern
Coast Range, Mt. Shasta area, and Sierras. Lesser precipitation amounts are forecasted to develop during the latter
stages of the event in Southern California. However, HRRR
forecasts tended to under forecast the orographic precipitation in the coastal ranges and Mt. Shasta area as the event
evolved (e.g., compare Figs. 3d and 4d) while COAMPS
tended to overpredict precipitation amounts in those areas as
well as the Sierra Nevada (e.g., compare Figs. 3d and 4d). The
narrow offshore banded features evident in the model forecasts from both models indicate the progression of an AR.
However, the precipitation accumulations onshore result
from many additional factors involving multiscale terrain-ﬂow
interactions. This event, and others not shown, was the impetus to investigate objectively the skill of the HRRR and
COAMPS forecasts during the prior December 2018–
February 2019 winter season when a larger number of precipitation events occurred.

d. Verification methods
Statistical metrics (frequency bias, hit rate, false alarm
ratio, and equitable threat score, ETS) as a function of precipitation thresholds are used to evaluate the deterministic
precipitation forecasts (Wilks 2011). The frequency bias is
the ratio of the total number of periods forecasted above a
speciﬁed threshold to the total number of periods observed
above that threshold. The hit rate and false alarm ratio are
the fractions of occurrences that were correctly forecasted
and that were predicted, but did not occur, respectively.
The ETS is the proportion of observed and/or forecasted
periods that were correctly forecasted, adjusted for the frequency of hits expected by chance. To calculate these
scores, model values were interpolated to the Stage-IV
grid using nearest-neighbor interpolation. Bilinear interpolation was also applied and produced nearly identical
results.
While those traditional point-based statistical measures
provide insight on model skill at the resolution of the model
grid spacing, they often miss the complexities arising from differences in model and actual terrain or the inherent spatial
and temporal predictability issues associated with precipitation processes. The fractions skill score (FSS) is an approach
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FIG. 4. The 12-h accumulated precipitation (mm) beginning with HRRR forecast initialized at 1200 UTC 5 Dec 2019 for the 1200 UTC 5
Dec 2019–0000 UTC 6 Dec 2019 period and continuing until HRRR forecast initialized at 0000 UTC 8 Dec 2019 for the 0000 UTC 8 Dec
2019–1200 UTC 8 Dec 2019 period. Shading is according to the color bar.

to assess the relative agreement between observed and
forecasted precipitation within neighborhoods without
expecting their precise locations or amounts to match
(Roberts and Lean 2008; Mittermaier and Roberts 2010;
Wolff et al. 2014; Skok 2016; Blaylock and Horel 2020).
FSS is calculated here iteratively centered on every grid
point within circular neighborhoods from 3- to 70-km
radius. The FSS ranges from zero (no skill) to one (perfect
forecast). However, FSS calculated over large neighborhoods asymptote to values that are proportional to the
frequency bias (Roberts and Lean 2008). Hence, we focus
on FSS calculated using radial distances of 30 km or less,
i.e., scales comparable to that of the width of many California hydrologic basins. For FSS statistics aggregated over
the entire domain, the number of spatially independent
values vary from 30–15 000 for the range of 70–3-km
radial neighborhoods, with roughly 150–300 spatially independent values for 20–30-km radial distances (Blaylock
and Horel 2020).
As many have done, we compute FSS in a manner similar
to ETS where a successful forecast is one where the intensity

of the observed and forecasted precipitation only needs to
exceed a lower threshold. For example, if the lower threshold is 1 mm, then FSS would be high if forecast and analyzed values have similar coverage amounts between 1 mm
and the maximum recorded in that time interval (in some
cases over 75 mm during the 12-h periods). To illustrate an
alternative approach, we add an upper limit such that an
accurate forecast must have similar coverage amounts
within broad ranges (e.g., the 10–50-mm range) of analyzed
values.

3. 2018/19 season statistics
a. Bias
Accumulated precipitation forecasted by the HRRR,
COAMPS, and NAM-3km are evaluated for the periods
from 0000–1200 to 1200–0000 UTC initialized at those starting hours during the 90 days of the 2018/19 winter season.
The seasonal averages of measurable 12-h precipitation
totals from the Stage-IV analyses and from the 12-h
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FIG. 5. As in Fig. 4, but for 12-h accumulated precipitation (mm) from COAMPS forecasts initialized from 1200 UTC 5 Dec 2019 to
0000 UTC 8 December 2019.

forecasts from the three models are shown in Fig. 6.
The highest 12-h average precipitation is analyzed to be
in the coastal mountains of Northern California and southern Oregon (Fig. 6a). HRRR and COAMPS 12-h forecasts
(Figs. 6b,c) subjectively compare well with the Stage-IV
analyses, with differences noticeable in the northern Sierras
and along the northern coast of California. The NAM-3km
average forecasted precipitation (Fig. 6d) differs from that
analyzed or forecasted by the other models with accumulations much higher throughout most of the domain, which is
consistent with the model’s recognized wet bias. All
three models also tend to forecast more precipitation in
Nevada and eastern Oregon compared to the Stage-IV
analyses.
The seasonal bias ratio for each model is shown in Fig. 7
and calculated by dividing the total of the 12-h precipitation
forecasts (Figs. 7b–d) by the analyzed seasonal total precipitation (Fig. 7a). The bias ratio is most relevant over and to
the west of the Sierra Nevada where areas receive ample
amounts of seasonal rainfall. The large wet and dry biases
in the lee of the Sierras, Nevada, and eastern Oregon result
primarily from relatively small discrepancies of the model

forecasts from the small seasonal precipitation totals in
those regions.
Of the three models, HRRR exhibits the smallest bias
ratios in most areas. HRRR has a dry bias along the coast
stretching from the Monterey Bay area north into southern
Oregon, which corresponds to the region with the highest
precipitation amounts analyzed (Fig. 7a). The HRRR also
has a dry bias ratio in the northernmost sections of the
Sacramento Valley and a wet bias ratio in the southern
Sierra Nevada Mountains and isolated mountain peaks in
Northern California. These are generally high elevation
areas likely inﬂuenced by substantive orographic enhancement. COAMPS has a large positive bias ratio, especially
in the Central Valley where limited precipitation was
recorded during this season. The wet bias extends into the
central and southern Sierra Nevada. COAMPS also exhibits a dry bias along the northern coast of California similar
to HRRR, however, it is not as extensive. There is also a
strong dry bias along the Transverse Ranges in Southern
California. The NAM-3km exhibits a substantial wet bias
across much of the domain compared to both the HRRR
and COAMPS.
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FIG. 6. Mean 12-h precipitation totals for (a) Stage-IV, (b) HRRR, (c) COAMPS, and (d) NAM-3km during DJF
2018/19 shaded according to the color bar.

b. Skill scores during heavy precipitation episodes
Deterministic skill scores are applied to the model forecasts
during 48 12-h periods. Overall, HRRR shows the highest skill
independent of the metric used and precipitation range during
the 48 periods (Fig. 8). All these metrics are computed for 7
bins deﬁned in the panels by the lower thresholds, i.e., the leftmost bins consider all measurable 12-h precipitation totals
from the Stage-IV analyses (above 0.25 mm, 0.01 in.) while the
rightmost bins are restricted to heavy precipitation amounts
only ($75 mm, 3 in.). The slightly above one HRRR frequency bias scores indicate a tendency for overprediction that
likely results from the large areal coverage of the unrealistic
values over Nevada and southeastern Oregon (Fig. 8a).
COAMPS and NAM-3km forecasts tend to have similar skill
scores for precipitation amounts up to 10 mm (0.4 in.).

On the basis of the FSS metric, the top row of Fig. 9 highlights
the ability of the models to predict the areas experiencing precipitation as a function of spatial scale and precipitation threshold.
As discussed in section 2, FSS is calculated separately for over
15 000 grid points iterating over neighborhoods with radial distances from 3 km (28 km2 area) to 70 km (15 394 km2). The relative ability of the models to have high FSS values on the
mesoscale, which corresponds to that of many California hydrologic basins (radial distances of 20–30 km), is of greatest interest for this study. FSS values for the lowest threshold (0.254 mm)
correspond to evaluating the coverage of measurable precipitation, i.e., the extent to which forecasted areas of measurable precipitation overlap with those analyzed. Based on the typical
overall coverage of analyzed precipitation across the domain,
FSS values in excess of 0.6 can be considered “useful” here
(Roberts and Lean 2008; Blaylock and Horel 2020).
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FIG. 7. (a) Bias ratio for 12-h precipitation totals for the HRRR relative to the Stage-IV analysis totals during DJF 2018/19 shaded according to the color bar. (b) As in (a), but for COAMPS. (c) As in (a), but for the NAM-3km model.

All three models are able to identify areas where measurable or greater precipitation has been analyzed on the mesoscale (e.g., 20–30 km) with FSS values in excess of 0.8 (Fig. 9
top row). For thresholds up to 25 mm (1 in.), HRRR and
NAM-3km models have better correspondence between areal
coverage of precipitation in excess of those thresholds than
that from COAMPS.

Although of greatest importance for public safety, none of
the models would be particularly useful at forecasting the speciﬁc locations of heavy precipitation in the Stage-IV analyses
during the 12-h periods (areas with amounts in excess of
50 mm within 30-km radial distances). There were 21 000
grid points that measured precipitation greater than 50 mm
during the season, which is 1% of the 12-h Stage-IV

FIG. 8. Model skill scores for 48 12-h model precipitation periods relative to Stage-IV analyses for (a) equitable
threat score, (b) frequency bias, (c) hit rate, and (d) false alarm ratio. The x-axis position of the ﬁlled circles indicates
the starting threshold value used to calculate the skill score. Blue, green, and orange lines indicate HRRR, COAMPS,
and NAM-3km, respectively.
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FIG. 9. FSS computed for (a) the HRRR, (b) COAMPS, and (c) the NAM-3km model. The x axis indicates the radial distance (km).
Thresholds of 12-h precipitation totals used to calculate FSS are indicated in the legend. (d)–(f) As in (a)–(c), but FSS was computed using
threshold ranges.

precipitation values within this domain during the entire season.
Relative to the other two models, the HRRR has higher FSS
values for the even smaller sample (2000) grid points where
the analyzed 12-h precipitation totals exceed 75 mm (3 in.).
As discussed in the methods section, the FSS approach
used in the top row of Fig. 9 evaluates the coverage of forecast and analyzed precipitation values exceeding a threshold.
Hence, when a small threshold is used for FSS, a skillful forecast may have large discrepancies between what is forecasted
and analyzed within the region. To address this issue, the FSS
shown in the bottom row of Fig. 9 is calculated using speciﬁed
precipitation ranges: no measurable precipitation within the
12-h period (0–0.254 mm), light (0.254–5 or 0.254–10 mm),
moderate (5–25 or 10–50 mm), and heavy (25–75 or greater
than 50 mm).
As evident from the bottom row of Fig. 9, all models do
better at forecasting the coverage of moderate 12-h precipitation amounts (5–25 or 10–50 mm). All models have less accuracy explicitly forecasting the coverage of no- or light-

precipitation amounts or, as already evident in the top row of
Fig. 9, where precipitation is analyzed to be greater than
50 mm. FSS from the HRRR model in the 10–50-mm range is
0.87 for 20–30-km radial neighborhoods, which is substantively higher than that from COAMPS and the NAM-3km.
This result may be an important ﬁnding since forecasters
faced with an episode of sustained moderate precipitation
might have higher conﬁdence that ﬂooding could occur.
To examine the spatial variability in model forecast skill,
Fig. 10 examines FSS within a 28-km radius separately for
every grid point during the 48 12-h periods. The top row in
Fig. 10 shows FSS for each model for precipitation in excess
of 10 mm. All models have low skill in the southern San
Joaquin Valley and to the east of the Sierras with the highest
skill in most regions across Northern California. The HRRR
has higher skill throughout most of the domain relative to the
other two models except in regions with large bias ratio scores
(Fig. 7) and likely large false alarm rate (Fig. 8). The HRRR
and COAMPS have noticeably higher skill than the NAM-
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FIG. 10. (a)–(c) Average FSS for 28-km radius during all 48 periods for precipitation amounts above 10 mm. (d)–(f) As in (a)–(c), but for
precipitation amounts between 10 and 50 mm.

3km in the southern half of the state (equatorward of 38°N)
over the coastal ranges, Sierras, and Los Angeles and San
Diego regions.
The panels in the lower row of Fig. 10 are computed similarly to those in the upper row after removing the 1% of
times when the analyzed precipitation values exceeded 50 mm
during the 12-h periods, i.e., restricting the analysis to moderate analyzed precipitation amounts between 10 and 50 mm
(0.4–2 in.). While the differences between the upper and
lower panels are typically small since few locales received over
50 mm frequently, the lower panels help quantify the models’
relative skill for substantive precipitation amounts. The lower
panels also illustrate the HRRR’s apparent greater skill statewide with noticeably higher skill in the coastal regions south of
the San Francisco Bay region and southern Sierras.

5. Summary
While HRRR winter precipitation forecasts in California
and the western states have been investigated (e.g., Gowan
et al. 2018; Caron and Steenburgh 2020; English et al. 2021),
COAMPS precipitation forecasts have not received such
attention. HRRR and COAMPS initial 12-h precipitation

forecasts were compared to the Stage-IV analyses during the
6–8 December 2019 precipitation event to highlight subjectively model features that were found to be common within a
larger independent 48-member forecast sample during the
2018/19 season.
Overall, the accuracy of HRRR 12-h precipitation forecasts
during the 2018/19 season was higher than that relative to
both the COAMPS and the NAM-3km model. On the basis
of all 90 of the 12-h forecasts during the season, NAM 3-km
had a strong wet bias and a high orographic precipitation
enhancement compared to COAMPS or HRRR. COAMPS
forecasts were excessive in the San Joaquin Valley while the
HRRR underestimated precipitation amounts in the northern
coastal ranges more than the other models. During the
48 heavy precipitation periods and considering all grid points,
HRRR had smaller overall bias ratios, higher ETS scores,
lower false alarm rates, and higher FSS for all precipitation
ranges. The improvement in ETS or bias scores provided by
the HRRR relative to COAMPS or the NAM-3km model
was most pronounced for the rare occasions when precipitation exceeded 50 mm (2 in.).
Based on FSS computed within precipitation ranges, all
models tended to predict moderate amounts of precipitation
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(10–50 mm) better than smaller and larger amounts of precipitation with the HRRR exhibiting the greatest skill. When
comparing the results of the FSS on scales typical for
California river basins, the models tended to do better for the
many locations where moderate precipitation amounts were
more frequent (i.e., coastal and interior mountain ranges of
California) and were poor where those were rare (San Joaquin valley and east of the Sierra mountains).
While the total number of heavy winter precipitation events
in California has been lower during recent years, their impacts
remain high. Improving high-resolution models for such
heavy precipitation events is vital for weather forecasters,
hydrologists, and emergency managers to enhance public
safety in California (Corringham et al. 2019). These episodes
also provide rich opportunities to understand storm-scale
structure of storms making landfall, formation of low-level
jets along the coast and within interior valleys, and terrainﬂow interactions. Future work will need to examine the complex interactions of the model dynamics, particularly low-level
jet structure, and physical treatment of stratiform and convective precipitation, with particular attention on both warm and
mixed-phase precipitation processes. Sensitivity to the data
assets available as part of the models’ assimilation procedures
and impacts of the nearby western boundary of the regional
models should also be explored. Our examination of the
HRRRv3 remains highly relevant for operational uses of the
HRRRv4 as the improvements introduced with the latest
release of that model are ones less likely to affect substantively the model’s performance for heavy precipitation events
(English et al. 2021). Of particular interest for the future will
be to examine research versions of HRRR and COAMPS
that provide ensemble forecasts in order to better understand
the predictability of these storms.
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