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ABSTRACT: Despite a need for accurate weather forecasts for societal and economic interests in the U.S. Arctic, thor-
ough evaluations of operational numerical weather prediction in the region have been limited. In particular, the Rapid
Refresh Model (RAP), which plays a key role in short-term forecasting and decision-making, has seen very limited as-
sessment in northern Alaska, with most evaluation efforts focused on lower latitudes. In the present study, we verify
forecasts from version 4 of the RAP against radiosonde, surface meteorological, and radiative flux observations from two
Arctic sites on the northern Alaskan coastline, with a focus on boundary layer thermodynamic and dynamic biases, model
representation of surface inversions, and cloud characteristics. We find persistent seasonal thermodynamic biases near the
surface that vary with wind direction, and may be related to the RAP’s handling of sea ice and ocean interactions. These
biases seem to have diminished in the latest version of the RAP (version 5), which includes refined handling of sea ice,
among other improvements. In addition, we find that despite capturing boundary layer temperature profiles well overall, the
RAP struggles to consistently represent strong, shallow surface inversions. Further, while the RAP seems to forecast the
presence of clouds accurately in most cases, there are errors in the simulated characteristics of these clouds, which we
hypothesize may be related to the RAP’s treatment of mixed-phase clouds.

SIGNIFICANCE STATEMENT: Human activities continue to expand into northern high latitudes, including shipping
and other commerecial activities, energy exploration, tourism, and defense. Conducting these activities safely requires
accurate weather forecasting tools capable of handling a harsh and complex environment. This work evaluates the
performance of one of the primary weather forecasting models used in the United States for short-term decision-making,
the Rapid Refresh (RAP) model, run operationally by the National Weather Service. This effort illustrates some
promising results, while at the same time bringing some shortcomings to light. Importantly, it highlights some areas in
which the RAP can improve to support northern communities and commercial entities through the development of
accurate weather forecasts.
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1. Introduction elevated activity given warming that has occurred over recent
decades. While some Arctic model evaluations (mainly
climate models and reanalysis products) have been con-
ducted leveraging limited observations from the region
(e.g., Tjernstrom et al. 2008; Wilson et al. 2011; de Boer et al.
2012, 2014; Lindsay et al. 2014; Wesslén et al. 2014), evalua-
tions of operational weather forecast models have been sparse
(e.g., Beesley et al. 2000; Sotiropoulou et al. 2016). This lack of
thorough evaluation is despite elevated risk associated with
activities undertaken in a region that features extreme mete-
orological phenomena related to cold weather, aircraft icing,
winds, and blowing snow.

The model evaluated in the current study, the Rapid Refresh
(RAP) NWP system, has been run operationally at the
National Centers for Environmental Prediction (NCEP) since
2012 and serves as a primary source of information for the U.S.
National Weather Service and other key entities for hour-to-
hour decision making (Benjamin et al. 2016). The rapidly up-
dating RAP forecasts are unique in the Arctic, where other
NWP systems update at much slower cadences (e.g., every 6 h
instead of RAP’s hourly updates). Despite limited evaluation
Corresponding author: Matthew Bray, matthewbrayl@ou.edu of the RAP in the Arctic, one recent study (Pinto et al. 2020)

Numerical weather prediction (NWP) plays many critical
societal roles. For the last several decades, NWP models have
played increasingly prominent roles in providing short-term
(hours to days) and longer-term (days to seasons) weather
forecasts. These forecasts serve as a source of information for
industries ranging from agriculture and aviation to energy ex-
ploration, shipping, and tourism. As the needs of society have
expanded and the role of NWP has become more prominent,
there is an enhanced need for evaluation and improvement of
the tools used to create these critical forecasts. This fact is
particularly true in parts of the world where societal activities
and observations have traditionally been limited in scope, but
where there are increasing demands for support in the form of
weather forecasts to help support increased activity as a result
of rapid changes in local climate.

The Arctic is a primary example of a region that has tradi-
tionally not seen extensive NWP verification but is seeing
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evaluated RAP performance in Alaska. In that effort the ac-
curacy of ceiling and visibility forecasts from version 4 of the
RAP (hereafter RAPv4) were assessed relative to 160 opera-
tional observing sites that measure visibility and ceiling height.
They found that RAPv4 overforecast the frequency of ceiling-
impacted aviation operations in the coastal regions of Alaska.
However, they did not review the accuracy of the thermody-
namic profiles predicted by the model, nor the accuracy of the
winds or downwelling longwave radiative flux. There is a strong
interplay between the surface and the overlying atmosphere
in the stable conditions frequently observed in the Arctic
(Steeneveld et al. 2006; Holtslag et al. 2013), and errors in
model-represented interactions between the surface and
boundary layer could easily affect the evolution of clouds and
hence the predicted ceiling heights. A separate study looked at
the high-resolution cousin of the RAP, comparing the 3-km
output from the High-Resolution Rapid Refresh (HRRR)
against pressure observations across Alaska (McCorkle et al.
2018). They found that the prediction of surface pressure for all
forecast hours matched the unassimilated pressure observa-
tions well generally, though there was a general underestima-
tion of rapid increases in temperature and wind speeds during
the onset of downslope wind events.

As mentioned earlier, relatively few Arctic locations collect
both thermodynamic and cloud observations. A limited con-
sortium of observing sites, the International Arctic Systems for
Observing the Atmosphere (IASOA; Uttal et al. 2016) include
long-standing observational records of basic atmospheric var-
iables such as temperature, humidity, pressure, winds, cloud
cover, radiation, turbulent fluxes and more, both at the surface
and throughout the atmospheric column. They span locations
in the United States, Canada, Greenland, Russia, and the
European Arctic. In the current paper, we use data from two
Alaskan TASOA observatories to evaluate the ability of the
RAPv4 to simulate local surface meteorology, profiles of
temperature, humidity, and wind in the lowest few kilometers
near the surface, and downwelling radiative fields, as a function
of forecast lead time. This analysis uses nearly two years of
RAPv4 data, allowing us to statistically evaluate the ability of
the model to capture seasonal dependence of atmospheric
evolution. Furthermore, since the two sites are coastal, we also
evaluate the ability of the model to predict atmospheric con-
ditions when prevailing winds are from both inland and oceanic
regions. To our knowledge, this study provides the first long-
term characterization of the thermodynamic structure of the
atmosphere in any version of the RAP in the U.S. Arctic.

2. Data and methods
a. Model background

As briefly discussed above, the RAP, developed by the
National Oceanic and Atmospheric Administration (NOAA)
in association with partner institutes, is initialized hourly,
computing 21-h forecasts hourly, and 39-h forecasts initialized
at 0300, 0900, 1500, and 2100 UTC (these forecast lengths are
for version 4 of the model). The RAP domain covers the entire
North American continent, as well as the majority of the Arctic
region. The RAP, including its data assimilation system, model
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physics, and postprocessing components, are fully described in
Benjamin et al. (2016).

In the current study, we analyze output from RAPv4, which
was the operational version of the model when this evaluation
effort started. As such, preliminary results of this analysis have
been presented to model developers to guide improvements
incorporated into version 5 (hereafter RAPvS5). RAPv4 is
based upon v3.8.1+ of the Advanced Research version of
the Weather Research and Forecasting (WRF-ARW) Model
(Skamarock et al. 2008). This regional model uses a rotated
latitude—longitude grid with 13-km horizontal grid spacing and
50 vertical layers. It uses a sigma-isobaric vertical coordinate,
with the first level at (typically) 10 m AGL and model top at 10
hPa; this coordinate results in four model levels below 200 m
and eight below 1km. Model boundary conditions are pro-
vided by the operational Global Forecast System (GFS), also
run at NCEP. Observations are assimilated into the model
upon its hourly reinitializations using the Gridpoint Statistical
Interpolation (GSI) hybrid analysis system (Whitaker et al.
2008; Kleist et al. 2009), wherein the ensemble has a weight of
0.85 relative to the static background covariance matrix. A
digital filter is used at the end of the data assimilation process
to reduce some of the artifacts that result from the assimilation
process (Peckham et al. 2016). RAPv4 model physics have
been updated as a unified suite for many years, and improve-
ments to the physics scheme are incorporated into the WRF-
ARW code repository. The exact components used by the
RAPv4 are provided in Table 1.

b. Observations

The observations used in this study were collected at two
northern-Alaskan observational sites operated by the U.S.
Department of Energy (DOE) Atmospheric Radiation
Measurement (ARM) program. These sites include the North
Slope of Alaska site (NSA; Verlinde et al. 2016), located in
Utqiagvik (71.323°N, 156.609°W, 3 m MSL), and the long-term
deployment of the ARM third mobile facility (AMF-3; see de
Boer et al. 2018, 2019) at Oliktok Point, Alaska (OLI, 70.49°N,
149.89°W, 4 m MSL). For this evaluation of the RAP, we pri-
marily focused on three main types of observations, including
measurements of surface meteorology (temperature and hu-
midity at 2m AGL, and winds at 10m AGL), temperature,
humidity, and wind profiles from radiosondes launched from
these observational sites, and downwelling longwave radiative
fluxes. All parts of this study use observations from the period
from 1 July 2017 to 31 May 2019.

Radiosondes are launched twice daily at OLI (0000 and
1800 UTC) and four times daily at NSA (0000, 0600, 1200, and
1800 UTC). Downwelling longwave radiation is available from
upward-pointing pyrgeometers. The radiation data leveraged
in the current study have been subjected to quality control and
postprocessing as through the QCRAD ARM Value-Added
Product (VAP; Long and Shi 2006). The QCRAD methodol-
ogy uses climatological analyses of surface radiation to define
reasonable limits for testing data for outliers. More infor-
mation on obtaining the ARM data products used for this
analysis—radiosondes, surface meteorology, radiation, and
ceilometer data—can be found in the data availability
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TABLE 1. RAPv4 physical parameterization details.

Physical component

Parameterization scheme

Cloud microphysics
Cumulus
Planetary boundary layer

Thompson aerosol-aware double moment (Thompson and Eidhammer 2014)
Grell and Freitas (2014), shallow component enabled
Mellor-Yamada—Nakanishi-Niino, modified to include an eddy diffusivity mass flux

component (MYNN-EDMEF; Olson et al. 2019)

Land surface

Rapid Update Cycle land surface model (RUC LSM; Smirnova et al. 2016), which

features nine levels and includes extensive work to treat frozen soils and snow-covered

conditions
Radiation

Sea surface temperature and sea ice fraction GFS analysis

Rapid Radiative Transfer Model (RRTMG; Mlawer et al. 1997; Tacono et al. 2008)

statement (Keeler et al. 2015; Kyrouac and Holdridge 2015;
Riihimaki et al. 2019; Morris and Ermold 2015, respectively).

To provide context for the verifications with the ARM data,
we will first compare RAP output against operational radio-
sonde and surface observation station data across Alaska, us-
ing the Model Analysis Tool Suite (MATS; Turner et al. 2020).
MATS provides the ability to look at the model statistics as a
function of time, height, and forecast length; however, due to
the need to keep this verification database size manageable, it
averages the statistics over all of Alaska (see Fig. 1 for locations
included in this average).

¢. Data analysis and cloud detection techniques

To compare RAPv4 forecasts and observations directly,
observations were averaged to the resolution of the model,
using model output from the closest overland model grid point
to the observation site. This includes vertical profiles from
radiosondes, which were averaged to the RAP’s vertical res-
olution, as well as surface measurements, radiation measure-
ments, and cloud observations, which were averaged over 60-
min windows centered around the RAP’s hourly output times.
Cases were also divided seasonally, with summer defined
as May, June, and July and winter defined as November,
December, and January; these seasonal definitions were se-
lected so that the winter cases include almost no downwelling
shortwave radiation, while summer cases could have up to 24 h
of sunlight. For the portion of the analysis focusing on surface
temperature inversions, a case was considered an inversion
only if the temperature began increasing immediately above
the surface.

While the RAPv4 includes the treatment of subgrid-scale
clouds (including on the radiative fields), the properties (e.g.,
height, water content) of these subgrid-scale clouds are not
included in the standard output from the model. Due to this
gap in available data, downwelling longwave radiation at the
surface was used as a proxy for the presence of a cloud in both
the model (resolved plus subgrid-scale) and observations.
While the RAPv4 output includes the downwelling longwave
and shortwave irradiance values for the all-sky condition
within the model, clear sky irradiance calculations were
needed to help determine the presence of clouds. Thus, for
each case, clear sky downwelling longwave radiation values
were calculated using RAPv4 profiles of temperature, humid-
ity, and pressure within a stand-alone version of the Rapid
Radiative Transfer Model (RRTM; Mlawer et al. 1997).
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Clouds were determined to exist if the downwelling infrared
flux was 10 W m ™2 greater than the clear sky value; the same
logic was used for both the observations and model output.
This value is derived from the approximate uncertainty of the
pyrgeometers used to take longwave radiation measurements.
After determining cloud presence, positive cases (i.e., those
where a cloud was present in both the model and the obser-
vations) are separated out for further analysis. An approximate
cloud base temperature is calculated using radiosonde mea-
surements interpolated to the time of the event and to the
height of the cloud base, as measured by a ceilometer.

3. Results
a. Alaska-wide biases

To provide context, a brief analysis of RAP performance
across the entire state of Alaska using the MATS output was
conducted. We find an average warm bias of less than half a
degree is present in the lowest 975 hPa, while cold biases of up
to half a degree occur higher in the boundary layer averages
(Fig. 2a). To evaluate moisture, we use model relative humidity
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FIG. 1. Locations of the two ARM North Slope observing sites
used in this study (stars), along with the radiosonde sites (black)
and METAR sites (green) utilized within the MATS Alaska
evaluation domain.
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FIG. 2. (a) RAP temperature bias (°C) relative to radiosondes averaged across all observation sites in Alaska from August 2018 through
July 2019 as a function of height and forecast lead time. (b) As in (a), but for RHobT bias (%). (c) As in (a), but for wind bias (m s~ ).
(d) RAP bias relative to observations in the 2-m temperature (°C) as a function of time of day (UTC; y axis) and forecast lead time (h; x
axis) averaged across all observing sites in Alaska from August 2018 through July 2019. (¢) Asin (d), but for 2-m RHobT (%). (f) Asin (d),
but for 10-m wind speed (m s~ ). Note that during the summer, the mean solar noon occurs around 2200 UTC.

output calculated using the model specific humidity and the
observed temperature profile (also known as RHobT), which is
designed to exclude an interconnection with temperature bia-
ses while providing physically interpretable results. Using
RHobT, a moist bias ranging from around 10% near the sur-
face to over 20% at 800 hPa is clear; given that this is averaged
across the all of the varied Alaska observation sites, this may
represent a systematic bias within the RAP output (Fig. 2b).
Winds show a positive speed bias of up to 1 ms™!, maximized
around 925 hPa, which could indicate a persistent overesti-
mation of low-level jets across the Alaska domain (Fig. 2c). In
both the temperature and wind cases, biases increase over
time, as would be expected from errors arising due to model
physics errors.

At the surface, fairly small biases across Alaska are present
across all three evaluated model fields. Averaged temperature
and humidity errors at the surface are negligibly small when
averaged across the Alaska domain, though a hint of a diurnal
cycle in the model biases is evident, which becomes larger with
the forecast length (Figs. 2d,e). This diurnal cycle is clearer in
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the wind biases, which reach a maximum of just over 0.5ms ™"

when averaged (Fig. 2f). This maximum occurs at around
1000 UTC, or around 0100 in the morning local time.

Of course, these boundary layer errors (Fig. 2) are averaged
across all Alaska observing locations, which includes a variety
of geographical conditions, so one would not necessarily expect
strong bias patterns; however, it is evident from this analysis
that systematic biases are not generally present in the RAP
(outside of, perhaps, the boundary layer moisture profiles
shown in Fig. 2b) across all of Alaska, so that any errors are
more likely attributable to local conditions. Indeed, comparing
bias profiles at a forecast lead time of six hours for the averaged
Alaska domain and the observations from the NSA and OLI
observing sites alone, significant differences in the boundary layer
temperature, humidity, and wind bias patterns appear (Fig. 3). For
this reason, a comprehensive spatial analysis of model biases
would be very difficult, and so focusing on specific subregions of
the Alaska domain will produce more useful results.

For the remainder of this study, we focus on model biases
along the North Slope of Alaska. As discussed above, model
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Fi1G. 3. (a) RAP temperature bias (°C) relative to radiosondes averaged across all observation sites in Alaska (black), across all NSA
observations (red), and across all OLI observations (blue) from August 2018 through July 2019 as a function of height at a lead time of 6 h.
(b) As in (a), but for RHobT (%). (c) As in (a), but for wind bias (m s ). Statistical confidence of 95% calculated with a ¢ test is indicated

by the horizontal error bars.

errors across the Alaska domain are likely influenced pre-
dominately by local factors, and the North Slope region has
several geographical features unique to the Arctic. The North
Slope sites are along the coast of the Arctic Ocean, which varies
between frozen and unfrozen states throughout the year.
Moreover, previous field campaigns have shown a large number
of mixed-phase clouds that contain supercooled liquid water
across the North Slope (e.g., Verlinde et al. 2007), which have
proven difficult for modeling systems to represent properly
(e.g., Klein et al. 2009). Each of these factors present modeling
challenges unique to the Arctic, and the availability of high-
resolution observations of radiative fluxes make these sites
especially valuable in verifying the performance of the RAP.

In addition to these purely scientific considerations, the
North Slope of Alaska warrants detailed study due to the in-
creasing need for accurate weather forecasts in the region.
With the projected expansion of the energy and fishing in-
dustries, along with increased tourism in the coming years,
reliable forecast products are essential to the safe execution of
these activities in future years. Combined with the specific
challenges of modeling weather in the region described above,
this makes the North Slope an excellent candidate for a de-
tailed bias analysis.

b. Lower atmospheric biases

Although observations from both NSA and OLI were ana-
lyzed, henceforth only results from the OLI site are shown. The
performance of the RAPv4 was consistent across both loca-
tions (see the bias profiles in Fig. 4, for example), and so the
results provided for OLI in the next three subsections may be
taken as representative of the both sites. Additionally, while
data from the NSA site is assimilated into the RAP (see Fig. 1),
soundings from the OLI site are not. Thus, OLI provides a
more independent evaluation of model performance. The ob-
servations from the OLI site (using both the 1800 and
0000 UTC soundings) are compared with the closest RAP grid
point that is over land, unless otherwise mentioned.
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1) SEASONAL MODEL ERRORS

An initial overview of model performance in the lower at-
mosphere (defined here as up to 1500 m above ground level)
reveals several patterns of model bias. In both summer and
winter, temperature root-mean-square error (RMSE) in the
RAPvV4 is largest near the surface. While this near-surface er-
ror remains roughly constant with respect to forecast lead time
in the summer months, the magnitude of the RMSE increases
rapidly with lead time in the winter, pointing to a seasonal
cause for these errors (Figs. 4a,d). Above 400m, summer
RMSE decreases with height for all forecast lead times, al-
though the longer lead times have larger errors overall. In the
winter, RMSEs above 400 m are roughly constant around 2°C,
with slightly larger values at longer lead times. In short, fore-
cast lead time seems to have a greater influence on RMSE aloft
than near the surface for summer months, and near the surface
than aloft for winter months.

On the other hand, the RMSE in relative humidity (RHobT)
tends to increase with height in both seasons, though this pat-
tern is especially pronounced in the summer (Figs. 4b,e). This
humidity error is present from initialization and only increases
by a few percent with forecast lead time, and, in the summer
cases in particular, peaks at just under 1000 m AGL. This lack
of forecast hour dependence is likely indicative of a model
initialization problem or could be related to model errors in the
representation of low-level clouds, which will be explored in
more detail in section 3d below. Wind errors below 1500 m are
fairly consistent across the seasons, with RMSE values be-
tween 2 and 4 ms ™! (increasing with forecast lead time) in both
summer and winter (Figs. 4c,f).

2) SEASONAL WIND REGIME BIASES

Both the OLI and NSA sites are located on the northern
coast of Alaska, with the Arctic Ocean to the north. While
there are some coastal differences between the OLI and NSA
sites, generally northerly winds will be from over the ocean
(which is generally covered with sea ice between late October
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FIG. 4. (a) Profiles of temperature root-mean-squared error (°C) between the RAP and radiosonde observations at Oliktok Point (OLI)
for several forecast lead times, limited to summer cases (defined here as May, June, and July). (b) Asin (a), but for relative humidity (%),
calculated with respect to the observed temperature (RHobT) for both the model and observations. (c) As in (a), but for wind speed
(ms™1). (d)—(f) As in (a)—(c), respectively, but for the winter cases (defined here was November, December, and January).

and mid-June), while southerly winds will be from over land
(which may be snow covered between October and May). In
cases where observed winds are northerly (from over the
ocean), the RAPv4 exhibits a warm bias near the surface in the
summer and a cold bias near the surface in the winter
(Figs. 5a,b). The summer warm bias, generally confined to the
lowest 500 m, is strongest directly above the surface (around
2°C) and remains roughly constant from model initialization
through forecast hour 18 (Fig. Sa). However, the cold bias near
the surface in the winter is small at model initialization but
steadily intensifies and deepens throughout the forecast,
eventually reaching a magnitude of around 4°C and a depth of
around 500 m at forecast hour 18 (Fig. 5b). Similar patterns are
present for each season in the humidity profiles. In the
summer, a moist bias is present from initialization onward
throughout the entire layer, though it is strongest at up to 10%
near the surface (Fig. 5¢). On the other hand, in the winter, a
dry bias emerges near the surface during the model run and
intensifies over time to a maximum of almost 20% (Fig. 5d).
In cases where the prevailing winds are from the south (over
land), the biases exhibit similar vertical patterns to the north-
erly wind cases but with a reduced magnitude (Fig. 6). A warm,
moist bias is present from initialization in these cases in the
summer but the bias in both temperature and humidity is about
half the size (1°C and 5%) of the bias as in the summertime
northerly wind cases (cf. Figs. 6a,c against Figs. 5a,c). Similarly,
the model develops a cold, dry bias gradually with forecast lead
time in the winter but the maximum magnitude when the winds
are from the south (Figs. 6b,d) is only one fourth of the
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magnitude (1°C and 5%) of the bias of the northerly wind
counterpart (Figs. 5b,d). Outside of these notable near-surface
patterns, lower atmospheric thermodynamic biases are fairly
small (less than 1°C or 5%) across both seasons and wind di-
rections, including temperature and humidity above 500 m
(Figs. 5 and 6).

A pattern of wind biases, though generally small in magni-
tude (<1 ms™ 1), is present for cases with northerly winds in
both seasons (Figs. 5e,f). In the summer, a slight negative bias
of around 0.6ms™ ! is present between 50 and 200m from
forecast hour 1 onward (Fig. 5e). This slow bias near the sur-
face is also present in the winter, though it is weaker at
0.4ms~', along with a 0.6 m s~ positive bias from 200 to 500 m
and a negative bias throughout the rest of the lower atmo-
sphere (Fig. 5f). In cases with southerly winds, the seasonal
dependence is smaller, as both summer and winter tend to
exhibit negative wind biases of around 0.5ms ' throughout
the lower atmosphere (Figs. 6e,f). Interestingly, in the winter,
the model begins with a 0.2ms™! positive wind speed bias
under 500 m, before transitioning to a negative bias, indicating
that the model physics likely play a role in development of
these biases (Fig. 6f).

3) A COMPARISON OF RAPvV4 AND RAPVS

The differences in the temperature, humidity, and wind
biases between the northerly wind cases versus southerly wind
cases, compounded with the seasonal differences, suggests that
biases observed during times with northerly winds are associ-
ated with the ocean surface. In particular, it appears that errors
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FIG. 5. RAP profiles of (a),(b) bias in temperature (°C), (c),(d) RHobT (%), and (e),(f) wind speed (m s !) relative to radiosondes at
Oliktok Point (OLI) as a function of height and forecast lead time for observed northerly wind events during the (top) summer and
(bottom) winter.

in the sea ice treatment within the RAPv4 are contributing to  developed, and although there were several updates associated
the biases seen over the lowest 500 m, given their strong cor-  with the new version, one of the most pertinent changes for the
relation with times when winds are from the north during Arctic is RAPVS’s support for fractional sea ice coverage. To
winter. Our analysis was performed while RAPvS was being  compare the two versions and investigate the potential impact
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FIG. 6. As in Fig. 5, but for observed southerly wind events.
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(bottom) RAPVS5 for northerly wind events at Oliktok Point (OLI) for February 2019.

of fractional sea ice, we examine data from a retrospective run'
of RAPVS for February 2019 during times when winds were
from the north (Fig. 7). Close to the surface, RAPv4 reveals
patterns consistent with those provided in Figs. 5b, 5d, and 5f,
with a cold, dry bias that increases with time up to around 4°C
and 35% (Figs. 7a—c). Above 500 m, the February 2019 remains
cold and dry, in contrast to the warm, moist biases noted above
this level in Figs. 5b and 5d, which is likely a product of the
specific weather conditions that occurred during this one
month. Although the RAPvV5 exhibits the same bias patterns,
the magnitudes of the biases are reduced in the northerly wind
cases, with the magnitude of the near-surface temperature bias
closer to 2°C (Fig. 7). The dry RHobT bias in the lowest 200 m
is also reduced to around 10% in RAPvS5 compared to RAPv4
(Figs. 7c,d). This suggests that the inclusion of sparse openings
in the sea ice to the north of Oliktok likely improves the rep-
resentation of heat and moisture fluxes over this region. This,
in turn, allows warmer, moister air to be resolved over the ice
and helps to alleviate downwind (inland) biases during periods
of onshore flow. Moreover, the average modeled upward
sensible heat flux over all of February 2019 at the ocean grid
point nearest to Oliktok Point is 23 Wm™? greater in the
RAPv5 than in the RAPv4, a 15% increase between model
versions. This lends additional support to the fractional sea ice

!Due to the computational expense of the RAP, limited dura-
tion retrospective runs are performed after the model code is fro-
zen as part of the NWS evaluation process. February 2019 was the
selected wintertime retrospective period for this model.
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hypothesis, as pockets of open water in the RAPv5 would allow
for a greater upward sensible heat flux. Wind biases for the
February 2019 northerly wind cases follow a layered structure,
similar to the pattern seen in Fig. 5f, with magnitudes of up to
2ms~ ! (Figs. 7e,f). These biases show at best modest reduction
in the RAPvVS, indicating some lingering dynamical errors
during periods of onshore flow (Figs. 7e,f).

Cases with southerly winds, however, exhibit a warm bias in
the lower boundary layer (Fig. 8a), unlike the general winter-
time period shown in Fig. 6b, which revealed a strengthening
cold bias near the surface. The biases present in the two model
versions are almost identical in the southerly wind cases, with a
reduction in the magnitude of the warm bias in RAPVS, by at
most 1°C (Figs. 8a,b) and a reduction in the low wind speed bias
in the lowest 400m of about 1ms~! (Figs. Se.f). Humidity
biases in these southerly wind cases are relatively minor for
both model versions (less than 10% in general), leaving little
room for improvement in the RAPv5 (Figs. 8c,d). These
slightly reduced low-level biases may be explained by a change
in land use dataset from a 30-s MODIS to 15-s MODIS (used in
RAPv4 and v5, respectively), which greatly increased the
spatial variation of land use categories over Alaska. Overall,
the RAPVS appears to match or improve upon the RAPv4
across the board for the February 2019 period, with especially
notable improvements in thermodynamic biases during pe-
riods of onshore flow.

¢. Surface meteorology and surface inversion biases

To further investigate model biases, it is important to look at
them as a function of both time-of-day and forecast hour. To do



JUNE 2021 BRAY ET AL. 1069
Temperature Bias - RAPv4 RHobT Bias - RAPv4 Wind Speed Bias - RAPv4
15 perature = h 15 obT Bias v 36 15 Ll L 3.0
4
(a) " (c) B (e)
3 2.0
. 20
~ Y 2
_10 _10 12 _ 10 1.0
E 1 £ E
X = 4 2 T
u o o n
E= -1 2 =
0.5 0.5 12 0.5 1.0
-2
20
-3 2.0
5 28
0.0 - 0.0 -36 0.0 -3.0
0 2 4 6 8 10 12 14 16 18 0 2 4 6 8 10 12 14 16 18 0 2 4 6 8 10 12 14 16 18
Forecast Lead Time (hours) Forecast Lead Time (hours) Forecast Lead Time (hours)
Temperature Bias - RAPV! RHobT Bias - RAPv i ias -
15 emperature Bias 5 38 obT Bias 5 36 - Wind Speed Bias - RAPvS 3.0
4
(b) (d) 2
3 2.0
20
2
) 10 12 _ 10 1.0
£ 1 £ £
= =3 4 =
£ oy =z R £ 0.0 2
=) =l -4 =]
z -1 ¥ 2
0.5 0.5 12 0.5 -1.0
-2
-20
-3 -2.0
-28
- -4
0.0 0.0 -36 0.0 -3.0
0 2 4 6 8 10 12 14 16 18 0 2 4 6 8 10 12 14 16 18 0 2 4 6 8 10 12 14 16 18

Forecast Lead Time (hours)

Forecast Lead Time (hours)

Forecast Lead Time (hours)

FIG. 8. As in Fig. 7, but for southerly wind events.

so, biases in temperature, RHobT, and wind speed were
calculated against surface meteorological observations for
observed northerly wind cases occurring both in summer and
winter (Fig. 9). This comparison with the surface observa-
tions agrees well with results in Fig. 5, showing a warm and
moist bias in summer and a cold and dry bias in the summer
with magnitudes of up to 5°C and 20%. The surface obser-
vations show that RAPv4 winds are consistently too fast (1-
2ms ') for all forecast times (Fig. 9¢) during the summer;
this pattern is not seen as clearly in the comparisons with the
radiosondes (Fig. 5¢). However, the surface observations
reveal that the biases depend on the time of day when the
forecast would be valid. In the summer, biases in tempera-
ture and humidity exhibit a diurnal pattern, with more in-
tense warm and moist biases in the afternoon local time
(2200-0400 UTC), and less biased forecasts in the early
morning local time (1100-1700 UTC) (Fig. 9). Potential
causes for this diurnal pattern include issues with down-
welling solar radiation related to cloud properties (which will
be discussed more in section 3d) or to errors in the repre-
sentation of nocturnal inversions, which then carry into the
daytime. This diurnal pattern is not present in the winter,
likely because of the lack of a daily cycle in solar radiation.
The impact of data assimilation cycling on model biases also
emerges when viewing surface errors. Individual RAPv4
runs (which appear as lower-left to upper-right diagonals on
Fig. 9) directly following the introduction of new observa-
tions of fields like sea surface temperature (assimilated prior
to the 0100 UTC run) seem to feature a brief decrease in
biases before those biases return in future runs. So, while a
correction toward the true state is provided by the data
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assimilation step, the model physics reintroduce biases
shortly thereafter.

While the discussion of thermodynamic biases above helps
to explain some of the lower atmospheric errors exhibited by
the RAPv4, we have yet to address another key feature of the
Arctic atmosphere: surface temperature inversions. We also
note that for simplicity, only results for forecast hour six (using
soundings valid at both 0000 and 1800 UTC) are shown in the
next two sections; though not shown, the bias patterns remain
qualitatively consistent throughout the forecast while varying
in magnitude. Because Arctic inversions tend to be quite
shallow, lapse rates below 950 hPa can serve as a metric for
whether an inversion is present in the atmosphere. Using this
metric, the RAPv4 seems able to simulate low-level lapse
rates quite well in a probabilistic sense, especially during the
summer, when compared with radiosonde observations
(Fig. 10a). In particular, the more extreme ends of the
spectrum (both very strong inversions and near super-
adiabatic layers with lapse rate magnitudes of greater than
10°C km™') are captured quite well. In the winter, the
RAPv4 seems to overrepresent inversions weaker than
around 20°C km ! relative to the observations, though the
strongest inversions are generally modeled well (Fig. 10b).
This ability to model the strongest inversions and mixed
layers (which would tend to occur in clear conditions) well
may indicate that the model has the most trouble simulating
inversions during cloudy periods, which would often feature
the misrepresented weak inversions.

Still, biases emerge in the precise characteristics of the
RAPv4-simulated surface inversions compared to observed
inversions. On average, RAPv4-simulated inversions are not as
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FIG. 9. RAP near-surface bias relative to observations in the (a),(b) 2-m temperature (°C), (c),(d) 2-m RHobT (%), and (e),(f) 10-m
wind speed (m s~ 1) as a function of time of day (UTC; y axis) and forecast lead time (h; x axis) for conditions with northerly winds for both
(a),(c),(e) summer and (b),(d),(f) winter at Oliktok Point (OLI). Note that during the summer, the mean solar noon occurs around
2200 UTC.

steep as their observed counterparts (Fig. 10c). So, for a given  inversion deeper than 600 m, there is a notable probability of
inversion strength, the model will on average produce inver- modeled inversions up to 1000 m deep.

sions that are a few hundred meters deeper than would gen-
erally be observed. Moreover, the modeled inversions exhibit
far more spread within their characteristics, especially depth Finally, we evaluate RAPv4’s ability to accurately simulate
(Fig. 10c). While there is a very low probability of an observed  Arctic clouds. This ability is critical and may ultimately affect

d. Cloud cover and cloud property biases
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FIG. 10. (a) Probability distribution of surface to 950-hPa lapse rates (defined as positive when temperature
decreases away from the surface; °C km™") for all summer cases at Oliktok Point (OLI) at forecast hour 6, both
observed (red) and modeled (blue). (b) As in (a), but for all winter cases. (c) Probability density distribution of
modeled (color fill) and observed (black contour) inversion strengths (difference in the maximum temperature in
the inversion and the surface temperature; °C; y axis) and inversion depths (distance from the surface to the height
of the maximum temperature; m; x axis) for all matched inversions (inversion present in both the model and the
observations) for forecast hour 6 at Oliktok Point (OLI). That is, the probability that an observed inversion or a
modeled inversion would have the given strength and depth combination. The observed probability contours are at
the same numerical levels as the model.
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FIG. 11. Seasonal daily cloud fraction box-and-whisker plots
calculated from RAP downwelling longwave radiation values for
forecast hour 6 (RAP; red), observed downwelling longwave ra-
diation values (OBS-RAD; blue), and ceilometer observations
(OBS-CEIL; green) at Oliktok Point (OLI). Medians are repre-
sented by solid horizontal colored lines, while the boxes and
whiskers represent the 25th—75th and 5th-95th percentiles, re-
spectively, and open dots represent outliers.

and be affected by the thermodynamic errors described in the
section above. We classify cloudy time points in the data using
downwelling longwave radiative flux density, as measured by
surface instruments and calculated from the RAPv4. Doing so
allows us to use a consistent variable between observations and
simulations that offers a signal between cloudy and clear con-
ditions as well as between different types of clouds; however,
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because other factors such as the liquid water path and base
height of any clouds present would also affect downwelling
longwave radiation, care must be taken when evaluating cloud
presence on this metric alone. While there are some discrep-
ancies between this radiative technique and one that leverages
active remote sensing (ceilometer), it seems that the radiation
method serves as an acceptable proxy for determining cloud
cover, with errors in the median generally less than 10% be-
tween the methods (Fig. 11, Table 2 row 3). In general, the
radiative technique identifies more cloudy periods than the
ceilometer, evidenced by the frequency bias values greater
than 1 on all ceilometer entries of Table 2. On the one hand,
this could indicate that the radiative technique better captures
partly cloudy periods than the single point ceilometer mea-
surements. Or, on the other hand, the radiative technique may
identify cloud even when none are present, owing to very moist
but cloudless vertical profiles. Regardless, the radiative
method allows for much deeper analysis with the available
model output and will be used henceforth.

Daily cloud fraction (defined as the proportion of the day
during which clouds were present; 1 meaning clouds were
present for the entire 24h) values demonstrate agreement
between the model and observations (median differences of
less than 10%), with the greatest error in the median cloud
fraction of up to 15% occurring in the winter (Fig. 11). These
errors also have a seasonal component, likely connected to the
average cloudiness conditions throughout the year. This daily
cloud cover analysis indicates that RAPv4 possesses some ac-
curacy when forecasting cloud occurrences; however, calcu-
lated accuracy metrics highlight the seasonal nature of errors in
RAPv4’s forecasting of clouds (lower CSI values and higher
frequency bias values), which are particularly large during the
winter and spring (Table 2). Because these two seasons seem to
be characterized by more sporadic cloudiness overall (Fig. 11),
this result is not too surprising. For instance, if the RAPv4
correctly forecasted partly cloudy conditions throughout a
spring day, but did not model the clouds at the correct time of
day, the skill metrics in Table 2 would be lowered, despite a
close match in the daily cloud fractions shown in Fig. 11. In the
summer and fall, when cloudiness is most persistent, skill
metrics report better model performance (Table 2). In short, it

TABLE 2. Seasonal accuracy metrics between three cloud detection mechanisms at Oliktok Point (OLI): RAP cloud detection at a
forecast range of 6 h (using the longwave radiation method described in the text), observed cloud detection using the longwave radiation
method (OBS-RAD), and observed cloud detection using a ceilometer (OBS-CEIL). The cells of the contingency tables used to calculate
these metrics are filled using a simple cloud present/cloud absent dichotomy for each detection mechanism. Metrics include critical success
index [CSI; positives/(positives + false negatives + false positives)] and frequency bias [FB; (positives + false positives)/(positives + false
negatives)]. Positives include cases where a cloud was present in both methods, while false positives and negatives include cases where a

cloud was present in one method, but not the other, and vice versa.

Statistic Spring Summer Fall Winter All
RAP/OBS-RAD CSI 0.673 0.846 0.939 0.711 0.767
FB 0.987 1.054 1.021 0.809 0.992
RAP/OBS-CEIL CSI 0.463 0.748 0.743 0.561 0.592
FB 1.511 1.231 1.299 1.059 1.313
OBS-RAD/OBS-CEIL CSI 0.594 0.847 0.770 0.747 0.699
FB 1.531 1.167 1.273 1.308 1.365
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FIG. 12. (a) Box-and-whisker plots of downwelling longwave radiation bias (model minus observed; W m™~?)
binned by the observed downwelling longwave radiation (W m™2) for positive cloud cases at forecast hour 6 at
Oliktok Point (OLI). (b) Asin (a), but with precipitable water vapor biases (cm) by the observed precipitable water
values. (c) As in (a), but for only summer cases. (d) As in (a), but for only winter cases.

appears that the RAPv4 more accurately forecasts periods of
long-lasting clouds than periods of broken cloud cover, leading
to a seasonal trend in model performance.

To understand how well RAPv4 simulates the radiative and
thermodynamic properties of clouds, as opposed to the simple
occurrence of a cloud, we analyze ‘“‘positive” cases—that is,
cases where both the RAP and the observations indicate that a
cloud is present (using the longwave radiation method).
Leveraging observed downwelling longwave radiation and
precipitable water vapor to understand the properties of
modeled and observed clouds, biases in downwelling longwave
radiation are shown to be on the order of 10Wm72, which
while small in comparison to the total downwelling flux, could
be significant in a stable boundary layer underneath a de-
coupled cloud (Fig. 12a). These biases are especially small (less
than 10Wm™2) for cases with high optical depth (large
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downwelling longwave radiation values) and low optical depth
(small downwelling longwave radiation values), which are in-
dicative of thick, low clouds or high, wispy clouds, respectively
(Fig. 12a). The largest errors emerge in cases where the ob-
served downwelling longwave radiation is neither particularly
high nor low (Fig. 12a). While downwelling longwave radiative
flux is sensitive to the precipitable water vapor (PWV), the
RAP does a good job in predicting the PWV at all lead times
(Fig. 12b shows the results at forecast hour 6). However, the
downwelling LW flux is also strongly impacted by clouds, and
thus biases in this flux could illustrate problems with the sim-
ulated macro and microphysical properties of clouds.

In the cases with the largest errors in downwelling longwave
radiation, the model tends to exhibit a negative bias, which
would imply that the modeled clouds are either not optically
thick enough, have insufficient spatial coverage, or are at the



JUNE 2021 BRAY ET AL. 1073
100 10.0
(b) - 0.008
_ 75 K 75
7 o -0.007
E 50 © 92 50
z 5 = 2 -0.006
W & o
n = 2 @ = -0.005
§ o -0 8 € o0 '
3 2 o -0.004
3 g £
© 25 g g 29 -0.003
= -50 BT
o T 55 -0.002
© 75 |4 -7.5 -0.001
-100 -10.0 -0.000
-40 -20 0 20 -100 -50 0 50 100
OBS Temperature (°C) RAP LW Radiation Bias (W m~2)

FIG. 13. (a) Scatterplot of the RAP’s downwelling longwave radiation bias (W m~2) and observed near-surface
air temperature (°C) with each point shaded by the model’s near-surface air temperature bias for all positive cloud
cases at forecast hour 6 at Oliktok Point (OLI). (b) A probability density distribution of model’s near-surface air
temperature bias (°C) and downwelling longwave radiation bias (W m~2) for all positive cloud cases at forecast

hour 6 at Oliktok Point (OLI).

wrong altitude. Looking at this seasonally, this negative bias is
not present in the summer, instead being replaced by a positive
error of around 10 Wm ™2 (Fig. 12¢). It is important to note,
however, that the sample size of summer cases in this part of
the longwave radiation spectrum (180-230 W m~?) is quite low
(50 total cases), so this positive bias may not be significant. On
the other hand, the winter cases exhibit a negative bias on the
order of —25Wm™? in the middle of the longwave radiation
spectrum (Fig. 12d).

Due to their radiative effect on the atmosphere below,
clouds and lower atmospheric temperatures are closely linked
(e.g., Miller et al. 2013). RAPv4 cloud property errors show a
strong connection with surface temperature errors, potentially
helping to explain some of the lower atmospheric biases dis-
cussed in section 3b. Cases with positive downwelling longwave
radiation biases by and large also exhibit positive surface
temperature biases and vice versa (Fig. 13a). Furthermore,
these errors are moderately correlated (with a correlation co-
efficient of 0.47), so that larger errors in downwelling longwave
radiation correspond to larger temperature errors (Fig. 13b).
These biases likely stem from RAPv4 cloud property errors,
such as incorrect hydrometeor phase, cloud height, or cloud
depth, though it is difficult to deduce the exact cause without
more information on subgrid-scale cloud properties in
the RAP.

Breaking down cloud property biases by season and focusing
on observed and simulated cloud radiative effect (CRE), which
is defined as the difference between the actual downwelling
longwave radiation value and the hypothetical clear sky
downwelling longwave radiation value, winter clouds emerge
as the primary driver of the downwelling LW radiation errors.
During summer, simulated and observed clouds exhibit very
similar magnitudes of CRE, with 90% of cases falling between
40 and 100 W m ™2 to the surface radiation budget (Fig. 14a). In
the winter, on the other hand, while the observed CREs tend to
fall uniformly within the 40-80 Wm 2 range, around 80% of
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simulated CREs are much lower—between 0 and 50 Wm ™2
(Fig. 14b).

Further stratifying cloud longwave radiation biases by ap-
proximate cloud base temperature, a new pattern appears
(Fig. 14c). For clouds with a base temperature of less
than —10°C (which overwhelmingly occur during the winter),
model biases in downwelling longwave radiation increase
dramatically, and remain elevated for cloud temperatures
down to approximately —30°C (Fig. 14c). These cold cloud
biases fall between —75 and —25 W m ™2, while clouds warmer
than —10°C (which mostly occur in the summer) produce bias
values very close to 0 W m™2. Supercooled liquid water clouds
exist frequently at temperatures between —30° and —10°C in
the Arctic, and one possible explanation is that the RAP is
treating clouds in this temperature range as ice only (i.e., they
do not contain liquid water), and thus the model is under-
estimating the total optical depth of the cloud and hence un-
derpredicting the downwelling LW flux.

4. Discussion and summary

The seasonal near-surface thermodynamic biases presented
in section 3b appear to reveal the model’s treatment of sea ice
as a primary driver for biases observed in wintertime northerly
wind cases. Although a weak cold, dry bias is present in winter
cases with southerly winds, the magnitude of the error is much
larger with northerly winds (Figs. 5 and 7). Further, because
the winter bias is relatively small at model initialization (i.e.,
forecast hour 0) and grows rapidly during the model run, it
would seem that a model physics problem, rather than a data
assimilation error, is the most likely cause (Fig. 5b). As the
ocean north of OLI would be mostly ice-covered during the
wintertime, sea ice treatment appears to be the most likely
source for the bias. Further evidence for this hypothesis is
provided by a marked decrease of this bias in the newer RAPvS
(Fig. 7), which includes support for fractional sea ice coverage.
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FIG. 14. (a) Cloud radiative effect (CRE; observed downwelling longwave radiation minus clear-sky downwelling longwave radiation)
vs observed downwelling longwave radiation for positive cloud cases at forecast hour 6 during the summer at Oliktok Point (OLI).
Observed values are in black contours, while RAP modeled values are in color fill. (b) As in (a), but for winter cases. (c) Bias in
downwelling longwave radiation (RAP minus observations) vs observed cloud base temperature for positive cloud cases at Oliktok Point
(OLI) at forecast hour 6. Cloud-base temperature is calculated using observed soundings interpolated to the ceilometer indicated cloud

base height. Red points indicate summer cases, while blue points indicate winter cases.

Nevertheless, to some degree these biases remain even in
RAPvVS, and so other parameterizations, including those gov-
erning cloud properties and simulated turbulence and mixing,
likely contribute as well.

Explanations for the remaining lower atmospheric biases,
including the warm bias present under both wind directions in
the summer (Figs. 5 and 6), are less clear. Persistence of a
summer warm bias across all forecast hours and wind direc-
tions implies the strong likelihood of a systematic error that is
connected to the initial analysis, rather than a model physics
issue. Interestingly, a persistent warm bias is also present for
both model versions for southerly wind cases in February 2019
(Figs. 8a,b). This warm bias, along with a low-level wind bias, is
reduced slightly in the newer RAP version, possibly owing to a
more refined land use system in the RAPvS; however, there are
relatively fewer cases in February 2019 period relative to the
larger multimonth period and thus the statistical comparison
between v4 and v5 have more uncertainty.

Any of these thermodynamic biases (in both the summer
and the winter) may also be attributable to other physical
processes. Cloud errors, including sky cover fraction, height,
and composition, likely play a large role in driving these
boundary layer biases; indeed, we have already shown a link
between longwave radiation errors and surface temperature
errors (Fig. 13). Errors in the modeling of turbulent and ra-
diative fluxes from the surface or from other couplings with
the model surface may also play a role, though a more de-
tailed investigation would be needed to confirm this hy-
pothesis. Such errors in turbulent fluxes may also serve to
connect thermodynamic and dynamic errors in the model.
Away from the lowest levels of the atmosphere which directly
interact with the surface, it is more difficult to pinpoint exact
causes for model biases; however, it is possible that insuffi-
cient (or overaggressive) mixing driven by errors in surface
inversions, cloud cover, or other near-surface thermodynamic
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processes may impact how biases are propagated vertically in
the model.

Although the dynamic errors in this study were generally
quite small (on the order of 1ms~! throughout the boundary
layer), several notable wind bias patterns appeared, as dis-
cussed in section 3b. These errors may be the result of
misrepresentations of surface drag (due to boundary layer
parameterizations or land surface issues) or larger-scale
orographic drag from the complex terrain in the region
(especially noting that the bias patterns were dependent on
wind direction). On the other hand, these wind errors may
be more process driven, owing to misrepresentations of
physical phenomena like low-level jets induced by baro-
clinicity or inertial oscillations or to misrepresentations of
synoptic-scale weather systems.

Focusing on lower atmospheric temperature profiles,
RAPv4 generally performs well across all seasons. Statistically,
even the most extreme lower atmospheric lapse rates are
captured by the model, as evidenced by the matching tails of
the distributions in Fig. 10. Still, some biases are evident, in-
cluding an apparent overrepresentation of inversions in the
winter. Such errors could be explained through any number of
processes, including errors in cloud properties. For example,
overrepresentation of winter inversions might occur if the
RAP does not simulate the properties of inversion-eroding
clouds correctly, which will be discussed more below. In gen-
eral, though, the RAP appears to handle radiative processes
well in clear conditions (e.g., strong inversions and well-mixed
layers), in contrast to many previous studies of radiation
models in the Arctic (e.g., Kleczek et al. 2014; Hogan
et al. 2017).

Looking at the statistics of simulated surface inversions
across all seasons, there appears to be a clear preference for
deeper inversions (by up to a couple hundred meters) in
RAPV4 relative to observations, despite the simulated inversions
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having a strength similar to what was observed. Most likely,
this is an issue of vertical resolution; the model may simply not
include enough vertical levels in the lowest 500 m of the at-
mosphere to accurately represent the extreme inversions found
in the Arctic. Additionally, these biases may be a result of fil-
tering errors in the RAP’s PBL scheme. PBL schemes have
been shown to introduce vertical smoothing to strong gradients
in previous studies (e.g., Skamarock et al. 2019), and it is
possible that this contributes to the inversion errors.

Based on our analysis, the RAPv4 seems to forecast cloud
occurrence fairly accurately across all seasons. Focusing on
cloud properties, we find pronounced biases in simulated
downwelling longwave radiation at the surface during cloudy
time periods (Fig. 12). This bias is predominantly negative,
except in summer, and peaks in intensity during winter and
spring. Indeed, RAPv4 winter clouds are generally associated
with a much smaller cloud radiative effect than their observed
counterparts (Fig. 14b). Thus, RAPv4 clouds tend to produce
too little downwelling radiation, especially in colder months,
which could be due to errors in cloud height, thickness, or
thermodynamic phase.

Breaking down these longwave radiation biases by cloud
temperature, a clear stratification occurs at cloud temperatures
of around —10°C (Fig. 14¢). Clouds warmer than —10°C, which
mostly occur in the summer, tend to have small radiation er-
rors, while those between —30° and —10°C, which occur mostly
in the winter, exhibit more negative biases. Although this
temperature link could point toward cloud height errors as a
source of bias, the abrupt change at —10°C is more indicative
of a mixed phase cloud issue, including misrepresentation
of microphysical processes like the Wegener—-Bergeron—
Findeisen process between supercooled water and ice
crystals. The subgrid-scale cloud scheme in RAPv4 treats any
cloud hydrometeors as all ice below —19°C and all liquid
above —4°C, with a linear transition for temperatures in be-
tween these limits (J. Kenyon 2019, personal communication).
As a result, clouds containing supercooled water, which occur
frequently in the Arctic down to temperatures as low as —30°C
or colder (Shupe 2011), are underrepresented by RAPv4. The
treatment of supercooled liquid clouds in the Arctic has been a
problem for many modeling systems, and remains a challenge
to this day (e.g., Klein et al. 2009; Komurcu et al. 2014). This
hypothesis is also congruent with the observed negative bias in
downwelling longwave radiation, as ice-only clouds would tend
to have smaller total optical depth, and thus contribute a
smaller amount to the downwelling LW radiative flux, than
their mixed-phase counterparts.

These results are being used to guide the development of
future versions of the RAP, and its ultimate replacement, the
Rapid Refresh Forecast System (RRFS) which is part of
NOAA'’s move toward a Unified Forecast System (UFS). In
particular, while changes to the microphysical properties of the
subgrid-scale clouds could not be made to the RAPvVS due to its
release cycle, RRFS model developers are evaluating the im-
pact of changing the cloud phase of the subgrid-scale clouds
from all-ice below —35°C, all liquid above —4°C, and linearly
interpolated between those two thresholds (J. Kenyon 2019,
personal communication). We anticipate that this change will
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not only improve the agreement in downwelling LW radiative
flux, but that the distribution of the surface-based inversions
will improve also due to cloud radiative effects. Furthermore,
RRFS developers are continually working to refine the sta-
bility functions and how their impact on turbulent mixing in the
planetary boundary layer (PBL) scheme, and the extremely
stable cases observed at NSA and OLI provide excellent cases
to use in this evaluation, which may lead to improvements in
the wind and thermodynamic structure in the lower 500 m of
the Arctic PBL.

In general, the present study has focused on an evaluation of
the RAP’s performance for small-scale Arctic phenomena
(e.g., seasonal sea ice, surface inversions, and mixed-phase
clouds). Future work to further this goal could include utilizing
additional datasets from field campaigns to more deeply ex-
plore the cloud property and boundary layer errors introduced
above. Moreover, future studies could examine the RAP’s
performance for additional phenomena commonly found in
the Arctic, such as nocturnal low-level jets, and more deeply
assess errors in surface radiation and turbulent fluxes under
different regimes.

At the same time, it is necessary to recognize that because
this study focuses on biases at small spatial scales, more work is
needed to investigate the RAP’s performance with respect
to larger-scale features in the Arctic, like Arctic cyclones.
Further, it is important to note that this analysis is limited
predominately to two sites with high-resolution observations,
and focuses on only one modeling system. So, caution should
be taken in translating these results to other operation models
or to other regions of the Arctic. Future work studying the
RAP and other operational models in the Arctic is needed to
close these gaps. This work could include the incorporation of
radiosonde and surface measurements from across the Arctic,
or focus on an evaluation against a reanalysis dataset for
thorough coverage of the data-sparse Arctic.
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