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ABSTRACT
Assimilating high-resolution radar reflectivity and radial velocity into convection-permitting numerical
weather prediction models has proven to be an important tool for improving forecast skill of convection. The
use of satellite data for the application is much less well understood, only recently receiving significant attention. Since both radar and satellite data provide independent information, combing these two sources of
data in a robust manner potentially represents the future of high-resolution data assimilation. This research
combines Geostationary Operational Environmental Satellite 13 (GOES-13) cloud water path (CWP) retrievals with Weather Surveillance Radar-1988 Doppler (WSR-88D) reflectivity and radial velocity to examine the impacts of assimilating each for a severe weather event occurring in Oklahoma on 24 May 2011.
Data are assimilated into a 3-km model using an ensemble adjustment Kalman filter approach with 36
members over a 2-h assimilation window between 1800 and 2000 UTC. Forecasts are then generated for
90 min at 5-min intervals starting at 1930 and 2000 UTC. Results show that both satellite and radar data are
able to initiate convection, but that assimilating both spins up a storm much faster. Assimilating CWP also
performs well at suppressing spurious precipitation and cloud cover in the model as well as capturing the anvil
characteristics of developed storms. Radar data are most effective at resolving the 3D characteristics of the
core convection. Assimilating both satellite and radar data generally resulted in the best model analysis and
most skillful forecast for this event.

1. Introduction
Assimilating high-resolution remote sensing data into
convection-permitting numerical weather prediction
(NWP) models has led to vast improvements in forecasting convective systems. The two observation platforms that generate high-resolution data include radars
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(e.g., Snyder and Zhang 2003) and satellites (e.g., Pincus
et al. 2011). Radar data in particular have proven to be
an indispensable tool for correctly analyzing convection
within NWP models (e.g., Kain et al. 2010). In the
United States, the Weather Surveillance Radar-1988
Dopplers (WSR-88Ds; Crum and Alberty 1993) retrieve
radar reflectivity and radial velocity in regions of ongoing precipitation. Many studies have analyzed the
impacts of assimilating these data and found that each
type provides information leading to improvements of
convective-scale analyses and forecasts (e.g., Dowell
et al. 2004; Gao et al. 2004; Aksoy et al. 2009, 2010;
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Dawson et al. 2012; Gao and Stensrud 2012; Yussouf
et al. 2013). Assimilating radial velocity has generally
been found to be the easier of the two; thus, it was the
focus of several early studies (Snyder and Zhang 2003;
Zhang et al. 2004). More recently, assimilation of radar
reflectivity has become an important topic of research
(Dowell et al. 2004; Tong and Xue 2005; Aksoy et al.
2009, 2010; Yussouf and Stensrud 2010; Dowell et al.
2011; Yussouf et al. 2013). Radar reflectivity is directly
linked to the cloud hydrometeor properties of precipitating clouds and, when assimilated into an NWP
with advanced cloud microphysics, can generate a very
accurate analysis of convection within the model (Tong
and Xue 2005). However, the relationship between reflectivity and cloud hydrometeor species is highly complex and very dependent on the cloud microphysics
scheme selected within the model (Tong and Xue 2005;
Yussouf et al. 2013). One common theme of most radar
data assimilation studies is a focus on creating an accurate
analysis of mature convection with the goal of improving
forecasts of tornadic circulations. This represents one of
the key goals of the Warn-on-Forecast (WoF) project
(Stensrud et al. 2009, 2013), and much work is still needed
on this topic. However, capturing the early development
of storms and the near-storm environment is equally
important to fulfill the WoF goals, but has received
somewhat less attention.
One important disadvantage of radar data assimilation
is that it does not capture the nonprecipitation phase of
cloud development during convective initiation. Operational radars such as the WSR-88D are not sensitive to
the small cloud hydrometeors associated with nonprecipitating clouds and thus produce little in the way of
useful data that can be assimilated into an NWP model
under these conditions. Forecasting the time and location
of convection initiation has proven to be a significant
challenge (Kain et al. 2013), and determining a way to
assimilate information relating to convection initiation is
receiving greater interest in the research community (e.g.,
Mecikalski et al. 2013).
Assimilating satellite observations provides a potential
solution to the convective initiation and near-storm environment difficulties that currently exist (Vukicevic et al.
2004, 2006; Polkinghorne et al. 2010; Polkinghorne and
Vukicevic 2011; Zupanski et al. 2011; Jones et al. 2013b;
Zhang et al. 2013). Two different approaches to satellite
data assimilation are currently used. The first is the direct
assimilation of satellite infrared and microwave radiances. Model state variables are generally transformed
into simulated satellite radiances via a radiative transfer
model (RTM) built into the forward operator (Vukicevic
et al. 2004, 2006; McNally et al. 2006; Chen et al. 2008;
Otkin 2010; Polkinghorne et al. 2010; Polkinghorne and
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Vukicevic 2011; Zupanski et al. 2011). Assimilating radiances directly often has been the favored approach in
operations and research studies since it avoids uncertainties and discrepancies in the various retrieval algorithms that differ from satellite to satellite (Derber and
Wu 1998; Errico 2000). This technique generally performs
best in clear-sky regions, but it can be very resource intensive depending on the number and resolution of
channels being assimilated (Migliorini 2012). For stormscale applications, uncertainties in surface emissivity and
needed bias corrections add a layer of difficulty compared
to assimilating these data on larger scales. Adding cloudy
radiances only increases the uncertainties and adds the
complication of potential differences in cloud microphysics assumptions between the model and the RTM
(e.g., Zupanski et al. 2011). Using observing system simulation experiments (OSSEs), Otkin (2010) and Jones
et al. (2013a, 2014) have studies assimilating cloud radiances for mesoscale applications with a degree of success.
Jones et al. (2013a, 2014) used an OSSE to determine the
impacts of assimilating radar reflectivity and radial velocity combined with Geostationary Operational Environmental Satellite (GOES) Advanced Baseline Imager
(ABI) 6.95-mm (water vapor channel) brightness temperatures TB for a winter weather case on 24 December
2009. Assimilating both radar and satellite observations
generally produced the most accurate analysis and shortterm forecasts, though the improvement over radar data
assimilation alone was not large, especially at low levels.
The second method used to assimilate satellite data is
through the use of derived products, known as retrievals,
such as temperature and humidity profiles in clear sky,
and cloud properties in cloudy regions. This represents
a more resource friendly and easier to interpret approach
while providing nearly the same information content
(Migliorini 2012). Jones et al. (2013b) assimilated cloud
water path (CWP) retrievals (Minnis et al. 2008b, 2011)
from the GOES-13 satellite for a severe weather event
occurring on 10 May 2010. Results indicated that assimilating CWP retrievals at 15-min intervals over a 3-h period
generated a better representation of convection and suppressed development of spurious convection within the
model compared to an experiment that did not assimilate
CWP retrievals. Validation against Oklahoma (OK)
Mesonet surface observations showed that assimilating
CWP reduced errors in surface radiation and temperature
indicating an improved near-storm environment. While
this initial attempt at CWP assimilation is promising, the
results are only indicative of a single case.
It is clear that both radar and satellite data bring independent and useful information to convection-permitting
models; thus, their combined assimilation should prove advantageous. This research combines the CWP assimilation
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methods used by Jones et al. (2013b) with techniques used
for radar data assimilation similar to those developed by
Dowell et al. (2011) and Yussouf et al. (2013) to examine
the impacts of assimilating both in a convection-permitting
NWP model for a severe weather event occurring on
24 May 2011. This event was characterized by the development of several supercell thunderstorms in westcentral OK that eventually moved into central OK,
producing several significant tornadoes. Emphasis will be
placed on using satellite and radar data to correctly analyze
the time and location of convective initiation (CI) and the
development phase of the convection. Once mature convection has developed, data assimilation ceases with forecasts generated thereafter. Using an ensemble adjustment
Kalman filter (EaKF) approach (Kalman 1960; Anderson
2001; Anderson and Collins 2007), several experiments are
performed to test the relative impacts of assimilating radar
and satellite data. The EaKF approach uses the statistics
from an ensemble of nonlinear forecasts to estimate the
background error covariances. When cycled, this allows for
flow-dependent covariances to be generated, which provide
a significant advantage over constant background errors
used in many three-dimensional variational methods. This
approach also provides both a mean analysis and an uncertainty estimate, which is useful for creating probabilistic
forecasts. Experiments generated for this research include
a control that only assimilates conventional and OK Mesonet observations (McPherson et al. 2007), followed by
those that assimilate conventional data with only radar
or satellite data, and finally, those including all the
available observations. The goal will be to determine
where radar and satellite data provide the greatest impact to the model analysis and whether combining both
can consistently lead to a better forecast.
Following the introduction, the 24 May 2011 event is
summarized in section 2. Section 3 provides a description of the observation types used by these experiments with a section for describing the necessary CWP
and radar forward operators. Section 5 provides information on the experiment design. Section 6 discusses
observation diagnostics for radar reflectivity, radial velocity, and CWP. Sections 7 and 8 discuss the analysis
and forecast results of each experiment, while section 9
summarizes the overall conclusions.

where a special 1800 UTC radiosonde launch from
Norman, OK (KOUN), captured 25 m s21 southwesterly
winds at 500 hPa with .40 m s21 westerlies aloft associated with the incoming jet streak (Fig. 1a). The KOUN
sounding also showed a highly unstable atmosphere with
a strong capping inversion in place near 825 hPa. The
corresponding veering wind profile was particularly favorable for rotating supercells (Fig. 1b). Surface conditions were characterized by a warm, moist air mass ahead
of a dryline located at western OK at 1800 UTC (Figs. 1c,d).
The dryline located in western OK began moving eastward in response to the upper-level trough and corresponding surface cyclogenesis. Figure 1c shows 2-m
surface temperatures in excess of 348C behind the dryline, whose location approximated by the 40% relative
humidity contour in Fig. 1d. Higher humidity and lowlevel cloud cover result in lower surface temperatures
east of the dryline. CI occurred along the advancing
dryline in west-central OK. The first severe thunderstorm
warning was issued at 1903 UTC, with the first severe
weather report following at 1930 UTC. The first tornado
warning for this event was issued at 2000 UTC and was
realized 20 min later with a report of the first tornado
spawned from the northernmost supercell.
Combined GOES-13 6.7-mm water vapor channel
brightness temperatures TB and 6-km WSR-88D reflectivity data at 1902 UTC show the initial development in
western OK as three separate cells aligned north to south
ahead of the dryline, with the northernmost storm having
the initial severe thunderstorm warning (Fig. 2a). The
upper-level cloud shield originating from the storms already extends eastward of the 20-dBZ reflectivity observations. By 1930 UTC, the storms have grown in strength
and size (Fig. 2b). The areal coverage of the .50 dBZ area
has increased along with the downstream cirrus outflow
where T B , 2408C. Intensification continued to
2000 UTC with a rapid increase in the coverage of the
.50 dBZ radar reflectivity and cirrus outflow from the
storm top compared to 1930 UTC (Figs. 2b,c). The TB associated with the cirrus outflow decreases to ,508C, indicating colder, higher cloud tops. By 2030 UTC (Fig. 2d),
the original three cells have become well-established supercells. The rapid storm development and corresponding
storm interactions with each other and the surrounding
environment make this a challenging event to forecast.

2. Severe weather event: 24 May 2011
On 24 May 2011, atmospheric conditions in central OK
were very favorable for the development of severe
thunderstorms. During the day, an upper-level trough
located in the western United States transitioned eastward while taking on a negatively tilted orientation. By
1800 UTC, its influence was being felt in central OK,

3. Observations
a. Conventional and Mesonet
Conventional observations, considered to be those most
commonly assimilated into NWP models, include data
from the Automated Surface Observing System (ASOS),
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FIG. 1. (a) The 1800 UTC KOUN radiosonde showing vertical profiles of temperature, dewpoint, wind speed, and direction.
(b) Corresponding KOUN hodograph at 1800 UTC. (c) Ensemble mean 2-m surface temperature at 1800 UTC over west-central OK.
(d) Ensemble mean 2-m relative humidity at 1800 UTC with a 40% contour indicating approximate location of the dryline at this time.

Aircraft Communications Addressing and Reporting
System (ACARS), and radiosonde instruments acquired from the Meteorological Assimilation Data Ingest Files System (MADIS). Surface observation types
include 10-m wind speed and direction, 2-m temperature
and humidity, and surface pressure observations at 5-min
intervals. Radiosondes provide vertical profiles of temperature, humidity, and wind speed and direction. Finally,
ACARS includes temperature and wind observations
along aircraft flight tracks. Observation measurement
errors for each are provided in Table 1.

In addition to the observation types listed above,
surface observations from the OK Mesonet are assimilated into each experiment. The OK Mesonet consists of
a high-density network of sensors that measure surface
temperature, humidity, pressure, and wind properties
(McPherson et al. 2007). Data from each observation
site are archived at 5-min intervals. The high-resolution
nature of this dataset provides the opportunity to better
analyze small-scale structures in the surface fields beyond that possible with ASOS observations alone. The
network is maintained to a high-quality standard and
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FIG. 2. GOES-13 6.7-mm water vapor channel with WSR-88D reflectivity overlaid at (a) 1900, (b) 1930, (c) 2000, and (d) 2030 UTC 24
May 2011. Satellite data have been parallax corrected. Reflectivity data are within a black outline, outside of which satellite brightness
temperatures are shown.

observation errors are set to be the same as corresponding ASOS observations.

b. GOES CWP retrievals
The GOES imager takes multispectral images over the
continental United States (CONUS) every 5–15 min,
depending on the need (Menzel and Purdom 1994). Top
of atmosphere radiances are sampled in five spectral
bands: a 1-km visible (0.65 mm) channel, a 4-km shortwave infrared (3.9 mm) channel, a 4-km water vapor

channel at 6.5 mm, a 4-km atmospheric infrared window
(10.8 mm) channel, and an 8-km CO2 absorption channel
at 13.3 mm (Menzel and Purdom 1994; Schmit et al. 2001).
Cloud properties are retrieved from 4-km GOES imager data for pixels classified as cloudy (Minnis et al.
2008b) using the multispectral retrieval algorithm developed by Minnis et al. (2011) and adapted to geostationary data (Minnis et al. 2008a). Daytime cloud
properties are retrieved using a variant of the visible infrared shortwave-infrared split-window technique (VISST;

Unauthenticated | Downloaded 01/09/23 02:53 AM UTC

170

MONTHLY WEATHER REVIEW

VOLUME 143

TABLE 1. Observation types, errors, horizontal and vertical localization radii (H. local and V. local), and the number of observations
assimilated in the PATHRAD experiment between 1800 and 2000 UTC. The clear-air reflectivity sample size (marked by an asterisk) is
obtained from the RAD0 experiment.
Observation type
21

Radiosonde U wind (m s )
Radiosonde V wind
Radiosonde temperature (K)
Radiosonde dewpoint
Satellite U wind
Satellite V wind
ACARS U wind
ACARS V wind
ACARS temperature
METAR U wind
METAR V wind
METAR temperature
METAR dewpoint
METAR altimeter (hPa)
Mesonet U wind
Mesonet V wind
Mesonet temperature
Mesonet dewpoint
Mesonet altimeter
Reflectivity (dBZ)
Clear-air reflectivity
Radial velocity (m s21)
Cloud water path (kg m22)
LWP
Zero water path

Error

H. local (km)

V. local (km)

No. of observations assimilated

2.1
2.1
1.0
1.8
5.0
5.0
2.5
2.5
1.0
1.75
1.75
1.75
2.0
1.5
1.75
1.75
1.75
2.0
1.5
5.0
5.0
3.0
0.025–0.15
0.025–0.15
0.025

450
450
450
450
450
450
450
450
450
450
450
450
450
450
100
100
100
100
100
18
18
18
40
40
40

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
none

27
26
27
23
18
18
174
174
175
191
188
206
199
211
1823
1805
1805
1784
642
93 355
618 211*
221 526
2910
21 468
54 622

Minnis et al. 2011). The modified CO2-absorption
technique of Chang et al. (2010) uses 10.8- and 13.3-mm
channels to retrieve cloud top pressure (CTP), cloud top
temperature (CTT), cloud emissivity, and cloud phase
for high clouds having a cloud optical thickness (COT)
less than ;4. Its retrievals are sometimes used to replace
the VISST retrievals of the same quantities. Cloud-base
pressure is the pressure corresponding to the altitude
equal to the difference between cloud top height and
cloud thickness. Cloud phase classifies a cloudy pixel as
either ‘‘liquid’’ or ‘‘ice’’ based on the cloud temperature
and cloud effective particle size information. Optically
thick clouds containing both liquid and ice phase hydrometeors are generally classified as ice clouds since
the current iteration of the retrieval algorithm is unable
to separately classify mixed-phase clouds. Hereafter,
liquid water path (LWP) refers to cloud water path associated with liquid phase clouds only while ice water
path (IWP) refers to the cloud water path for ice and
mixed-phase clouds. CWP is used when discussing both
LWP and IWP simultaneously. A full description of the
VISST algorithm is found in Minnis et al. (2011).
The observation error is defined as a function of both
LWP and IWP values, with the lowest errors defined for
clear-sky retrievals and the highest defined for high CWP
retrievals instead of the constant value used by Jones et al.

(2013b) For CWP 5 0, the observation error is 0.025 kg m22
since high confidence exists in the retrievals for clear-sky
regions. For 0.025 , CWP , 0.2 kg m22, the observation
error increases to 0.05 kg m22; for 0.2 , CWP , 0.5 kg m22,
the observation error increases to 0.075 kg m22; and for
0.5 , CWP , 1.0 kg m22, the observation error increases to 0.10 kg m22. Finally, for CWP . 2.5 kg m22,
the observation error becomes 0.15 kg m22 because of
the greater expected uncertainties in the presence of
optically thick clouds (e.g., Minnis et al. 2007). The observation errors are based on the uncertainty characteristics of the retrieval algorithm and further are tuned
slightly to prevent high-uncertainty, high CWP values
from having too great of an impact to the model analysis.
Jones et al. (2013b) assimilated raw CWP observations at their original 4-km resolution. Later research
discovered that the variations in CWP associated with
deep convection are often not representative of the
convective characteristics below the top of the storm. To
reduce the negative impacts of these variations, the
CWP data are now smoothed to a 6-km grid prior to
assimilation. This smoothing removes the unwanted
variations and also produces a dataset better suited to
a 3-km model using the ‘‘2Dx’’ guideline described by Lu
and Xu (2009). For tall clouds, geolocation errors exceeding 10 km can occur; thus, a parallax correction is
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FIG. 3. Map showing the background 15-km model domain (labeled ‘‘1’’), inner 3-km domain (labeled ‘‘2’’), and 3-km experiment domain (labeled ‘‘3’’). Locations for the three WSR-88Ds
used in this research (KFDR, KTLX, KVNX) are also shown.

also applied where CWP . 0.0 kg m22. The geolocation
of the raw satellite data and retrievals measure the
physical condition of the cloud at its top and not its base,
and since the satellite is not directly overhead, the relative locations at the surface and aloft are not the same.
To correct for parallax, the retrieved cloud height is used
to remap cloudy pixels to their zenith location above the
surface (Wang and Huang 2014).
As convection matures, cloud optical thickness increases
to the point where the satellite retrievals become saturated,
artificially limiting CWP in high-precipitation regions. This
also results in a high bias in the cloud-base pressure (CBP)
retrieval. When only CWP retrievals are assimilated, CBP
values are adjusted downward when CWP . 1.0 kg m22
and the original CBP , 500 hPa. However, the underestimate of CWP remains, potentially weakening already mature convection in the model analysis if
assimilated. Combing radar and satellite data provides
a potential solution in the form of a radar reflectivity mask.
Using the assumption that CWP retrievals are likely saturated in high reflectivity regions, nearby CWP retrievals are
not assimilated where the column-integrated reflectivity
exceeds 40 dBZ. This mask is only applied when both radar
and satellite are assimilated in the same experiment.

c. WSR-88D reflectivity and radial velocity
WSR-88D reflectivity and radial velocity are obtained
from three radars in central and western Oklahoma.
Radar sites include: Fredrick, OK (KFDR); Vance Air
Force Base, OK (KVNX); and Twin Lakes, OK (Fig. 3).
The Quality Control Neural Network (QCNN) algorithm (Lakshmanan et al. 2003) is applied to the level-2
data to remove potential nonmeteorological targets

such as ground clutter, anomalous propagation, and sun
glint from the data. Corresponding Doppler radial velocity data are dealiased using the method developed by
Eilts and Smith (1990). The cleaned radar data are objectively analyzed using the Observation Processing and
Wind Synthesis (OPAWS) software1 to an evenly
spaced 6-km horizontal Lambert conformal grid while
retaining the conical scanning surfaces (Dowell et al.
2004; Dowell and Wicker 2009; Majcen et al. 2008) using
a single-pass Cressman interpolation scheme with a 3-km
radius (Dowell et al. 2004). Objectively analyzed radar
reflectivity and radial velocity data are generated at
5-min intervals beginning at 1845 UTC and continuing
until 2000 UTC. The 5-min data files contain all observations within 62.5 min from the central time, which are
then assumed to be valid at the central time.
Objectively analyzed radar reflectivity below 5 dBZ is set
to 0 dBZ, and the resulting set of 0 dBZ data are separated
out as a different variable type, ‘‘clear-air reflectivity,’’ with
remaining positive values labeled ‘‘reflectivity.’’ Assimilating clear-air reflectivity has proven useful as a means of
suppressing spurious convection that may be part of the
initial model state or that develops over the course of the
model run (e.g., Tong and Xue 2005). However, assimilating clear-air reflectivity is also very resource intensive,
which is compounded when using multiple radars. Using
satellite retrievals to define clear-sky areas (CWP 5
0 kg m22) should be much more resource friendly since it is
a 2D (rather than 3D) variable from a single sensor. In
addition, clear-air reflectivity and CWP 5 0 kg m22 have
somewhat different meanings. Clear-air reflectivity indicates precipitation-free areas while CWP 5 0 kg m22
indicates precipitation and cloud-free areas. To reduce the
resources required for clear-air reflectivity assimilation,
clear-air values are further thinned, with only every other
point in the horizontal assimilated. No thinning in the
vertical occurs. Observation errors for both clear-air and
positive radar reflectivity are set to 5 dBZ based with the
corresponding radial velocity observation error set to
3 m s21, similar to Dowell et al. (2004).

4. Forward operators
a. Cloud water path
Cloud hydrometeor mixing ratios in the model analysis are related to LWP and IWP retrievals using the
forward operator developed by Jones et al. (2013b). In
summary, simulated CWP are calculated at each model

1
OPAWS is freely available from https://code.google.com/p/
opaws/.
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time step using the column-integrated cloud hydrometeor mixing ratio. For each grid point and model level,
the mixing ratios of each hydrometeor variable (qc, qr,
qi, qs, and qg) are summed to form a total cloud water
mixing ratio qa. For mixed-phase clouds, the total cloud
water mixing ratio is then integrated over the entire
atmospheric column and divided by gravity to calculate
the simulated IWP value. A similar value (qliq) is generated from only the liquid phase hydrometeors for
comparison with LWP retrievals.
For both liquid and mixed-phase clouds, the vertical
extent of the cloud layer at each observation location
when CWP . 0.0 kg m22 is defined by CTP and CBP and
is passed to the forward operator and used to constrain
the CWP calculated from the model. For example, if CTP 5
400 hPa and CBP 5 800 hPa, then the mixing ratios of
each cloud variable are only summed between these two
levels. Mixing ratios above and below the cloud layer are
not considered in the forward operator. Clear-sky (CWP 5
0 kg m22) retrievals are also assimilated, except that the
vertical extent of the observation remains undefined.
Thus, the clear-sky retrievals are compared against mixing ratios from all model levels, with the goal of reducing
positive mixing ratios should they exist in what is observed to be a cloud-free environment.

b. Radar reflectivity and radial velocity
The radar forward operator in the data assimilation
software for reflectivity is similar to that used for CWP.
Simulated reflectivity is generated using the prognostic
cloud hydrometeor variables, temperature, and humidity
as inputs. The forward operator computes the simulated
reflectivity from the model at every grid point from the
surface to the model top. The simulated value is then
compared against observed reflectivity during the assimilation process and the appropriate adjustments made to
the model fields, generating a simulated reflectivity that
better matches observations.
Assimilating Doppler radial velocity is a relatively
straightforward process. The forward operator uses radar
location and beam direction information to determine the
simulated radial velocity from model horizontal and vertical velocity variables at each grid point, which are adjusted accordingly when compared against observations
during the assimilation process (e.g., Tong and Xue 2005).

5. Experiment design
a. Model configuration
Experiments are initiated from ensemble backgrounds generated from the Global Ensemble Forecast
System (GEFS) analysis at 0000 UTC 24 May 2011. The
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GEFS is a 21-member ensemble version of the Global
Forecast System (GFS) run operationally by the National Centers for Environmental Prediction (NCEP).
For this event, GEFS has a 18 grid spacing with 27 vertical levels from the surface to 10 hPa. Initial and
boundary conditions at 15 km (mesoscale) are generated
from the original GEFS members (Fig. 3). Simultaneously, a 3-km (storm scale) grid is downscaled from
the mesoscale grid using a one-way nested grid configuration with information only exchanged at the lateral
boundaries at the time the storm-scale grid is generated.
For both grids, vertical resolution increases to 51 levels
stretching from near the surface to 10 hPa. The GFS land
surface data are replaced by higher-resolution land
surface data from the Noah land surface model (Ek et al.
2003). To create the full suite of 36 ensemble initial
conditions required for the experiments, each of the first
18 GEFS members are run with a unique combination of
cumulus parameterizations, including Kain–Fritsch,
Grell, and Tiedtke (Kain and Fritsch 1993; Grell and
Devenyi 2002; Tiedtke 1989); radiation schemes Rapid
Radiative Transfer Model (RRTM), RRTM for General Circulation Models (RRTMG), and Dudhia
(Mlawer et al. 1997; Iacono et al. 2008; Dudhia 1989);
and planetary boundary layer schemes Yonsei University (YSU), Mellor–Yamada–Janjic (MYJ), and Mellor–
Yamada–Nakanishi–Niino (MYNN; Hong et al. 2006;
Janjic 1994; Nakanishi and Niino 2006). Members 19–36
use the same set of physics diversity, but the order of
GEFS members is reversed to create a set of 36 different
initial and boundary conditions. The multiphysics approach acts to increase model spread and improve the
covariance structures, reducing the probability of model
convergence (Stensrud et al. 2000; Fujita et al. 2007). All
members use Thompson cloud microphysics (Thompson
et al. 2004, 2008). No cumulus parameterization is applied on the storm-scale grid.
Thompson cloud microphysics is selected as a compromise between purely single-moment schemes such as
Lin (Lin et al. 1983) and full double-moment schemes
such as Milbrandt and Yau (Milbrandt and Yau 2005a,b).
Thompson represents a partial double-moment scheme,
which predicts number concentration for only rain and
ice hydrometeors species. Double-moment schemes
generally perform better for radar data assimilation
experiments (e.g., Mansell 2008; Jung et al. 2012;
Yussouf et al. 2013), but the improvement is more evident
at a 1-km resolution than for the 3-km resolution used
here. Double-moment schemes predict hydrometeor
number concentrations in addition to mixing ratios,
allowing a high-resolution model to better capture
processes related to diffusion, evaporation, and sedimentation within ongoing convection. Previous studies
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(e.g., Keil et al. 2003; Chaboureau and Pinty 2006; Otkin
and Greenwald 2008) have also observed a strong dependence between model microphysics and simulated
satellite observations impacting both the assimilation of
radiances and retrievals. Here, also, full double-moment
schemes generally performed better (e.g., Grasso and
Greenwald 2004; Carrio et al. 2008). The impact of assimilating CWP retrievals for different microphysics
scheme represents an ongoing research exercise, but
early results indicate a significant relationship. For this
research, both radar and CWP data assimilation have
been previously tested using Thompson with good results, leading to its use in the combined experiments
here.
Members are integrated hourly, assimilating convectional observations [aviation routine weather report
(METAR), marine, radiosonde, ACARS, and satellite
winds]. All data are assimilated using the parallel EaKF
from the Data Assimilation Research Testbed (DART)
software system (Anderson and Collins 2007; Anderson
et al. 2009) using a configuration similar to that employed by Wheatley and Stensrud (2010), Yussouf et al.
(2013), and Jones et al. (2013b). For conventional observations, a horizontal localization radius of 460 km is
applied using the Gaspari and Cohn (1999) technique
(Table 1). Available Mesonet observations are only assimilated in the storm-scale domain using a smaller localization radius of 100 km. All conventional and
Mesonet observations use a 6-km vertical localization
radius. Using the Advanced Research Weather Research and Forecasting Model (WRF-ARW), version
3.4.1 (Skamarock et al. 2008), the ensemble members
are integrated forward in time. The mesoscale and
storm-scale members are integrated out to 0000 UTC 25
May to provide ample initial and boundary conditions
for several potential experiments using this event.
Prognostic variables updated at each assimilation
cycle are the three wind components, perturbation
temperature, perturbation geopotential, perturbation
surface pressure of dry air, potential temperature tendency, diabatic heating, and water vapor and hydrometeor mixing ratios. Also updated are the 10-m wind
fields, 2-m temperature and water vapor fields, and
surface pressure variables. All are updated as part of the
parallel EaKF system for each observation type being
assimilated. Both positive and clear-sky CWP points are
assimilated using a horizontal localization radius of
40 km. Unlike Jones et al. (2013b), cloud height information is used to define a vertical coordinate with
a corresponding vertical localization for CWP. The
vertical coordinate is defined as the average of CTP and
CBP approximating the center of the cloud with a 6-km
vertical localization radius applied surrounding the
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center. The vertical localization of clear-sky retrievals
remains undefined as there is no cloud height available
to determine a vertical coordinate. Reflectivity and radial velocity are assimilated using a horizontal localization radius of 18 km with a vertical localization radius
of 6 km (Table 1). The horizontal localization radius for
radar observations is smaller than CWP retrievals since
the former sample a much smaller area of the atmosphere. While the satellite retrievals are available at
a nominal resolution of 4 km, the actual information
content comes from a larger area, especially since the
satellite is not located directly overhead.
The primary tool to maintain ensemble spread is the
application of adaptive covariance inflation to the prior
analysis fields at each assimilation cycle (Anderson
2007, 2009). Adaptive inflation increases prior ensemble
variance to counteract the natural loss of variance owing
to sampling and observation errors. This flavor of
adaptive inflation derives a separate inflation value for
each state-vector variable in place of a single constant
value. Full descriptions of the adaptive inflation schemes
used here can be found in Anderson (2007, 2009).
Adaptive inflation is only partially effective in maintaining spread in storm-scale ensembles containing
convection. To address this issue, Dowell and Wicker
(2009) used the additive noise technique to perturb
model state variables where observed reflectivity is
greater than a given threshold. Additive noise represents the application of random noise to a subset of
model state variables for each member to increase ensemble spread (Dowell and Wicker 2009). When assimilating high-density observations such as those
generated by radar or satellite sensors, ensemble spread
can decrease to the point where the ensemble spread
collapses, rendering the assimilation unstable. Jones
et al. (2013b) did note a less-than-ideal spread in the
posterior analyses using experiments that did not apply
any sort of additional ensemble perturbations outside
adaptive inflation. One solution is to significantly increase the number of ensemble members, but that is not
practical from a resources perspective. The other is to
artificially perturb model variables in each member to
increase spread using the concept of additive noise.
When IWP or LWP . 1.0 kg m22, perturbations are
applied to temperature, dewpoint, zonal, and meridional
wind components. The magnitude of the perturbations is
0.5 standard deviations smoothed over a 9-km horizontal radius and 6-km vertical radius. Additive noise is
applied at 15-min intervals. For this research, the model
variables are perturbed using the satellite retrieval data
and, since high CWP values should be collocated with
high reflectivity values, no additional additive noise is
applied in the experiments where both satellite and
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radar data are assimilated. For the sake of consistency,
CWP retrievals are used to define the locations of additive noise when only radar data are assimilated.
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TABLE 2. Assimilation experiments used in this research along
with observation types included within each experiment. An ‘‘3’’
below the observation type indicates that the corresponding experiment assimilates these data when available.

b. Assimilation experiments
The 3-km storm-scale ensembles at 1800 UTC generated using the method described above are used as initial
conditions for a smaller (170 3 170) 3-km domain to test
satellite and radar data assimilation. The smaller domain
is centered in west-central OK and covers the western
two-thirds of the state while also reaching into northern
Texas and southern Kansas (Fig. 3). Boundary conditions
are generated at hourly intervals using the larger 3-km
domain. Data are assimilated beginning at 1800 UTC and
continuing at 15-min intervals to 1845 UTC, at which time
convection initiates in western OK. Following 1845 UTC,
the assimilation frequency increases to 5 min and continues out to 2000 UTC. Thereafter, two sets of forecasts
are generated for each member beginning at 1930 and
2000 UTC and continuing for 90 min with output generated at 5-min intervals.
Using this process, five experiments are defined, each
assimilating different combinations of conventional, satellite, and radar data (Table 2). The control (CNTL) experiment only assimilates conventional observations
during the assimilation experiments and represents
a baseline on model performance without the aid of highresolution remote sensing data assimilation. The PATH
experiment assimilates both conventional observations
and satellite CWP retrievals when available. Two separate radar data assimilation experiments are performed.
One assimilates radial velocity and positive (.0 dBZ)
radar reflectivity (RADP) and the other assimilates radial
velocity, positive reflectivity, and clear-air (0 dBZ) reflectivity (RAD0). This is done to determine the effectiveness of clear-air reflectivity at suppressing spurious
convection and to assess its resource requirements. The
final experiment (PATHRAD) combines conventional,
satellite, and radar data to determine whether the combination of all datasets provides skill over either radar or
satellite data alone. PATHRAD does not use clear-air
reflectivity and instead relies on clear-sky CWP observations to suppress spurious convection.

6. Observation diagnostics
To assess how radar and satellite observations are being
assimilated, observation diagnostics in the form of bias,
root-mean-square innovation (RMSI), and total spread
(TSPRD) are calculated for positive radar reflectivity,
radial velocity, LWP, and IWP at each assimilation cycle
(Dowell et al. 2004; Dowell and Wicker 2009; Dowell et al.
2011). Bias and RMSI are calculated by taking the

Experiment

Conventional

CNTL
PATH
RADP
RAD0
PATHRAD

3
3
3
3
3

CWP

Reflectivity 1
velocity

Clear-air
reflectivity

3
3
3

3

3
3

difference between prior and posterior fields [H(x)] and
comparing it against observations (y) as shown in Eqs. (1)
and (2), where N represents the number of observations
assimilated for a particular observation type:
Bias 5 yn 2 H(xn )

(1)
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n

Ensemble spread represents the standard deviation of
observation error over each member [Eq. (3)], where E
is the total number of ensemble members, 36 in this case:
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E
u
1
2
t
SPRD 5
å [H(xe ) 2 H(x)] . (3)
E 2 1 e51
TSPRD combines spread with the observation error used
for each data type. The consistency ratio (CR) represents
the ratio of prior ensemble variance (RMSI2) to the square
of TSPRD. CR values near 1.0 indicate that the ensemble
variance is a good approximation of prior or posterior
error variance for a given observation error (Dowell et al.
2004; Aksoy et al. 2009; Dowell and Wicker 2009). Small
CR values indicate an ensemble with insufficient spread,
while large CR values indicate an ensemble with too
much spread because of larger than optimum observation
errors.
Figure 4 shows observation diagnostics for radar reflectivity .0 dBZ, radial velocity, LWP, and IWP along
with the number of observations assimilated between 1800
and 2000 UTC for each assimilation cycle calculated from
the PATHRAD experiment. Similar values were observed
in experiments that assimilate only radar or satellite data
(not shown). Prior to 1915 UTC, reflectivity RMSI ranges
between 8 and 12 dBZ, indicating that the early analyses
are not accurately capturing the convection already ongoing by 1900 UTC (Fig. 2a). Between 1910 and 1920 UTC,
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FIG. 4. Observation diagnostics including bias, RMSI, CR, and number of observations assimilated for (a),(b) radar
reflectivity; (c),(d) radial velocity; (e),(f) LWP; and (g),(h) IWP generated from the PATHRAD experiment.

RMSI decreases to ;6 dBZ and bias improves to near
zero corresponding to the time when the model spins up
convection. Reflectivity CR increases from very small
values prior to 1915 UTC to near 1.0 by 1930 UTC and

stabilizing thereafter (Fig. 4b). The number of observations assimilated also increases from 2000 at 1845 UTC to
5500 at 1915 UTC and finally to near 10 000 by 2000 UTC
as the number of positive reflectivity observations increases
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as the coverage and intensity of the convection increases.
Observations diagnostics for radial velocity are provided in Figs. 4c and 4d with a RMSI of ;4 m s21 for prior
fields decreasing to ;2 m s21 for posterior fields and remaining generally constant as a function of time. However, spread increases from ;4 m s21 at 1845 UTC to in
excess of 5 m s21 by 1930 UTC and several cycles thereafter. The resulting CRs range between 1.4 and 2.0 after
1915 UTC. The CR for radial velocity is above what
would be considered optimal for the entire assimilation
period (Fig. 4d). One cause is the selection of a 3 m s21
observation error. Previous research (Dowell and Wicker
2009; Dowell et al. 2011) and experiments with this case
study used an observation error of 2 m s21, which generated more optimal CRs between 0.8 and 1.3 over the
same time period. A larger observation error was selected in this research since quality control is a purely
automated process potentially leaving some poorly
dealised observations in the assimilated dataset. Comparisons with 2 versus 3 m s21 observation error experiments showed that increasing the error to more realistic
levels did not have a significant impact on the modelgenerated convection. For both radar reflectivity and
radial velocity, TSPRD (and CR) are larger near the
surface and decrease as a function of height (not shown).
Observation diagnostics for satellite retrievals are
broken down by LWP and IWP subsets to determine the
relative effects of assimilating different cloud types.
Figures 4e and 4f show observation diagnostics for LWP,
with the first observations being assimilated at 1815 UTC.
During the period of 5-min cycling (1845–2000 UTC),
several times exist where no satellite retrievals are
available (Table 3). When retrievals exist, RMSI and
TSPRD range between 0.03 and 0.06 kg m22 for most
cycles, with no overall trend evident except the expected
RMDI reduction in the posterior analysis compared to
the prior analysis. Bias is slightly negative, indicating that
the experiment slightly underestimates LWP throughout.
That could be due to the use of a nonadiabatic definition
of LWP in the satellite retrievals, which is 12% greater
than the adiabatic definition. CR varies from a low of 0.4
at 1900 UTC to a high of 1.6 at 1945 UTC, but most values
range between 0.6 and 1.3 after 1915 UTC (Fig. 4f). The
number of observations assimilated decreases as a function of time as LWP observations are replaced by IWP
observations as convection intensity increases.
The observation diagnostics for IWP are provided in
Figs. 4g and 4h and show that assimilating IWP reduces
RMSI between posterior and prior analysis at all cycles.
However, several features stand out. First, the prior error
at 1910 UTC is near 1.2 kg m22, which is much larger than
at any other time. This is a result of missing 1905 UTC
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TABLE 3. Data assimilation cycles and available data assimilated
at each cycle: ‘‘C’’ refers to conventional observations, ‘‘S’’ refers
to GOES-13 CWP retrievals, ‘‘R’’ refers to radar reflectivity and
radial velocity, and ‘‘A’’ represents clear-air reflectivity.
Time

CNTL

PATH

RADP

RAD0

PATHRAD

1800
1815
1830
1845
1850
1855
1900
1905
1910
1915
1920
1925
1930
1935
1940
1945
1950
1955
2000

C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C

C
C, S
C, S
C, S
C
C, S
C, S
C
C, S
C, S
C
C, S
C, S
C
C, S
C, S
C
C, S
C, S

C
C
C
C, R
C, R
C, R
C, R
C, R
C, R
C, R
C, R
C, R
C, R
C, R
C, R
C, R
C, R
C, R
C, R

C
C
C
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A
C, R, A

C
C, S
C, S
C, S, R
C, R
C, S, R
C, S, R
C, R
C, S, R
C, S, R
C, R
C, S, R
C, S, R
C, R
C, S, R
C, S, R
C, R
C, S, R
C, S, R

satellite retrievals and the rapidly developing nature of
the convection at this time. Thus, a large difference between the 1910 UTC prior analysis and 1910 UTC retrievals becomes apparent. Following this anomaly, prior
RMSI stabilized to between 0.5 and 0.6 kg m22, with
posterior values ranging between 0.2 and 0.3 kg m22. CR
varies from near zero prior to 1915 to near 2 by 1930
before settling to near 1.0 during the final three assimilation cycles (Fig. 4h). Another feature of note is the very
small number of observations being assimilated prior to
1930 UTC, being less than 250 per cycle. Thus, the observation diagnostics may be somewhat unreliable because of the small sample size at these earlier times.
It is important to note that generating an ideal CR for
all high-resolution observation types simultaneously is
difficult as spread and error characteristics differ significantly as a function of various model fields. While
some individual statistics are not ideal (e.g., radial velocity CR), overall observations diagnostics from these
experiments indicate that both radar and satellite data
are being assimilated in a robust manner.

7. Analysis results
The positive impacts of assimilating both satellite and
radar data can be seen at several points during the assimilation cycle when comparing ensemble mean analyses with corresponding satellite and radar observations.
Convection initiates in all experiments except CNTL
between 1910 and 1915 UTC and rapidly increases in
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coverage and intensity thereafter. Figure 5 shows
GOES-13 CWP retrievals (Fig. 5a) along with ensemble
mean simulated CWP for the five experiments conducted here (Figs. 5b–f). The CNTL experiment fails to
generate CWP near the observed convection, while at
the same time generating false cloud cover to the south
and east (Fig. 5b). The PATH experiment performs
much better, generating a reasonably good representation of CWP in the analysis, and also suppressing high
CWP present farther east in CNTL (Fig. 5c). RADP
correctly generated high CWP values at these points
roughly corresponding to the areas of maximum observed reflectivity (Fig. 5d). However, the placement of
the southern storms is incorrect and the spurious CWP
to the east remains. Assimilating clear-air reflectivity in
RAD0 helps reduce this false CWP while not significantly impacting other parts of the analysis compared to
RADP (Fig. 5e). CWP in nonprecipitating regions remains too high compared to observations, indicating
that assimilating clear-air reflectivity is not as effective
at suppressing nonprecipitating clouds as CWP as would
be expected. The PATHRAD experiment that assimilates both satellite and radar data combines the advantages of PATH in the nonprecipitating/cloud-free
regions with the advantages of RADP where convection
is ongoing (Fig. 5f). It also develops the convection
faster, which will become more evident when comparing
simulated radar reflectivity from each experiment.
The corresponding 1915 UTC observed (Fig. 6a) and
simulated reflectivity at 4 km for each experiment
(Figs. 6b–f) are shown in Fig. 6. The CNTL experiment
fails to generate any simulated reflectivity at these locations (Fig. 6b), while having a large area of 5–10 dBZ farther east corresponding to the false CWP seen in Fig. 5b.
The PATH experiment eliminates this feature while generating weak reflectivity near the locations of the northern
two cells, with a single spurious maximum biased slightly
eastward (Fig. 6c). The RADP experiment is stronger with
the simulated reflectivity, as expected, while retaining the
faults of CNTL (Fig. 6d). RAD0 (Fig. 6e) is similar to
RADP except that it corrects the reflectivity bias to the
east. However, recall that significant nonprecipitating
clouds remain in the model as evidenced by the corresponding CWP analysis at this time (Fig. 5e). Despite
assimilating reflectivity for ;30 min, the radar-only experiment still fails to correctly capture the developing
storms. When no positive reflectivity exists in the model,
high reflectivity observations associated with developing
convection are considered outliers and may not be assimilated. This slows down the spinup of convection within the
model compared to observations. The PATHRAD experiment generates .50 dBZ reflectivity cores associated
with the northern two cells with a weaker, but correctly
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located, reflectivity core corresponding to the southernmost cell (Fig. 6f). The faster increase in convection in
PATHRAD is a result of the satellite and radar data
providing a signal to the model that convection is present.
For this case, the satellite data help generate high-CWP
clouds and their associated cloud hydrometeors, which
then allows the radar data to build upon those already
present hydrometeors instead of having to do it alone, also
indicating that fewer reflectivity observations are being
considered outliers. Thus, the combination of satellite and
radar data provides a clear benefit to the model during
convective initiation and the short period thereafter.
Moving ahead 15 min to 1930 UTC, the coverage of
CWP . 1.0 kg m22 increases significantly in the observations (Fig. 7a). The CNTL experiment again fails to generate anything while retaining and, in some cases, increasing
the spurious CWP farther east (Fig. 7b). The remaining
experiments all capture the observed CWP quite well, but
several important differences are apparent. RADP retains
the spurious CWP, which PATH, PATHRAD, and even
RAD0 largely eliminate by this time (Figs. 7c,e,f). The effect of assimilating CWP corresponding to the ongoing
convection also acts to increase simulated CWP around the
core compared to the radar-only experiments. Comparing
RAD0 and PATHRAD, only the latter maintains CWP .
1.0 kg m22 to the observed 1.0 kg m22 line plotted with the
difference most evident with the northern cell. All experiments except CNTL generate maximum CWP values in
excess of the GOES-13 retrievals as the latter become saturated in heavy precipitation regions.
The simulated z 5 4 km radar reflectivity for each experiment tells much the same story as CWP when compared
with corresponding radar observations (Fig. 8). The CNTL
experiment remains poor (Fig. 8b), while the other experiments generate reflectivity nearby observations. PATH does
not generate the .50 dBZ reflectivity cores and has an
overall poor representation of the southern storms (Fig. 8c),
since CWP retrievals are already saturated at these locations. The radar assimilation experiments, RADP and
RAD0, both generate much higher simulated reflectivity
values, better matching observations in magnitude and location (Figs. 8d,e). However, both also fail to accurately
capture the reflectivity core associated with a portion of the
southern complex of cells. The PATHRAD experiment
does capture this feature in part because of its better spinup
characteristics previously observed (Figs. 7f, 8f).
The convection continues to intensify and grow in
coverage during the next 30 min, resulting in several discrete supercells evident by the final assimilation cycle at
2000 UTC. The CNTL experiment finally begins to generate CWP and reflectivity in the vicinity of the observed
convection, but remains far too weak and poorly located
(Figs. 9b, 10b). PATH generates simulated CWP that very
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FIG. 5. (a) GOES-13 CWP retrievals, and ensemble mean simulated CWP from (b) CNTL, (c) PATH,
(d) RADP, (e) RAD0, and (f) PATHRAD experiments analyzed at 1915 UTC. Black contours in (b)–(f)
indicate regions of where GOES-13 retrievals are CWP . 1.0 kg m22.
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FIG. 6. (a) WSR-88D reflectivity at 4 km, and ensemble mean simulated reflectivity from (b) CNTL,
(c) PATH, (d) RADP, (e) RAD0, and (f) PATHRAD experiments analyzed at 1915 UTC. Black contours in
(b)–(f) where WSR-88D reflectivity is .35 dBZ.
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FIG. 7. As in Fig. 5, but at 1930 UTC.
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FIG. 8. As in Fig. 6, but at 1930 UTC.
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FIG. 9. As in Fig. 5, but at 2000 UTC. Lines through southern storm indicate location of cross sections shown in
Fig. 11.
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FIG. 10. As in Fig. 6, but at 2000 UTC.
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FIG. 11. Cross section of ensemble mean hydrometeor mixing ratios for (a) PATH, (b) RADP, (c) RAD0, and (d) PATHRAD at
2000 UTC. Filled contours represent qc mixing ratio, line contours represent qi 1 qs mixing ratio, black hatched areas represent the region
where qg . 1.0 g kg21, and red hatched areas represent the region where qr . 1.0 g kg21.

closely matches observations, except that the magnitudes
near the storm cores are higher because of the previously
mentioned saturation problem (Fig. 9c). RADP and
RAD0 perform well, but fail to capture the eastward extent of the CWP 5 1.0 kg m22 boundary associated with
the outflow region each storm (Figs. 9d,e). RADP also
continues to generate false CWP farther east in the domain. The PATHRAD experiment combines the CWP
features from PATH while maintaining the higher CWP
cores evident on RADP and RAD0 to generate a very
good representation of observed CWP (Fig. 9f).
Comparison against radar reflectivity paints a somewhat
different picture. PATH generates .50 dBZ reflectivity cores
associated with the two southern supercells, but places them
too far east (Fig. 10c). It also fails to capture the intensity of the
northern storms. Both RADP and RAD0 generate a much

more realistic reflectivity analysis with the latter showing no
remaining spurious reflectivity (Figs. 10d,e). The PATHRAD
experiment is similar to RAD0, but with ;20 dBZ reflectivity
spread slightly farther east from the cores (Fig. 10f).
The impacts of satellite data assimilation can also be
observed by comparing the vertical cross section of the
model hydrometeor variables through an individual
supercell. The west-to-east cross section was created for
the southernmost of the three primary supercells and
encompasses the storm core as well as upper-level outflow region that extends eastward (Fig. 9). Cross sections
are generated for the four experiments that assimilate
radar and/or satellite data (PATH, RADP, RAD0,
PATHRAD). The PATH experiment generates a deep
core of qc, qg, and qr mixing ratios .1.0 g kg21 near
98.58W with qi 1 qs . 0.8 g kg21 extending from the
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storm top at ;300 hPa eastward corresponding to the
location of the cirrus outflow region (Fig. 11a). One interesting feature of this experiment is that high qr mixing
ratios do not extend to the surface, indicating the satellite data have difficulty resolving low-level features of
the ongoing convection. The RADP experiment generates higher mixing ratios for qc, qr, and qg over a larger
area, with qr . 0.8 g kg21 now extending all the way to
the surface (Fig. 11b). Near the storm top, qi 1 qs is
greater, but the eastward extent of qi 1 qs . 0.4 g kg21
only reaches 988W. Recall that the observed CWP is still
in excess of 1.5 kg m22 here and farther eastward, indicating the RADP experiment is not capturing the
storm outflow well, consistent with the results shown in
Fig. 9. RAD0 closely flows RADP in the storm core
region but has even lower qi 1 qs mixing ratios aloft east
of the core (Fig. 11c). Assimilating the clear-air reflectivity is having the undesired effect of reducing frozen hydrometeor concentrations corresponding to
upper-level clouds that do exist in observations. This
increases the amount of solar radiation reaching the
surface in the model compared to that observed, increasing error (see following section). The PATHRAD
experiment retains the high mixing ratio values of qc, qg,
and qr in the core region and combines that with a more
realistic representation of the cirrus outflow aloft
(Fig. 11d). The area of qr 1 qi . 1.0 g kg21 extends much
farther eastward, better matching the satellite CWP
retrievals. This difference can be important in downstream storm evolution, as the additional cloud cover in
the model will impact incoming solar and outgoing terrestrial radiation characteristics and change the nearstorm environment compared to a model that does not
properly capture this feature.

8. Forecast results
a. 1930 UTC initialization
The true test of assimilating both satellite and radar
data is to measure the forecast impact relative to only
assimilating each of these datasets separately. The
90-min forecasts are initiated at 1930 and 2000 UTC. By
1930 UTC, the experiments have been cycling at 5-min
intervals for 45 min and reach the stage where each has
spun up deep convection (Figs. 7, 8). Initiating the
forecast at this time allows for the study of the importance of spinup characteristics from assimilating both
radar and satellite data translating into the forecast
evolution convection. To assess the impact of assimilating both satellite and radar data throughout the entire
90-min period, the probability of reflectivity .45 dBZ
between 1930 and 2100 UTC is calculated for PATH,

185

RADP, RAD0, and PATHRAD and compared against
the track of observed 45-dBZ reflectivity over the same
time period (Fig. 12). The probability is calculated by
determining the number of ensemble members that
generated reflectivity .45 dBZ at a given location at
a specific time. Then, the maximum probability at that
location over all forecast times is taken and used to
generate the plots. PATH generates .80% probabilities
associated with the convection present in the southern
portion of the domain while being too fast with high
probabilities extending well eastward of the end of the
observed 45-dBZ path (Fig. 12a). All the satellite and
radar data assimilating experiments have an eastward
bias in the forecast reflectivity compared to observations. An analysis of the synoptic conditions found that
the 500–200-hPa wind speeds in the model analysis are
;5 m s21 too high compared to radiosonde observations. The wind speed bias results in faster storm motion
in the model leading to the location bias observed in the
forecast.
The northern storms are also poorly captured, but
recall that PATH had difficulty in generating high
reflectivity cores, even though it did show evidence of
development. Both RADP and RAD0 generated
probabilities near 100% initially, with some storm tracks
being captured all the way out to 2100 UTC (Figs. 12b,c).
Interestingly, RADP has difficulty retaining the northern storm compared to RAD0, while RAD0 has slightly
lower probabilities associated with the southern supercell from 1930 UTC. PATHRAD is generally similar in
nature to RAD0, but has several key differences. First,
the higher probabilities exist for a longer period of time
with the storm beginning near 36.08N and 99.08W
(Fig. 12d). The probabilities for the southern complex
are similar, but PATHRAD does not have a 70% tongue
extending out too far northeast, as present in RAD0.
Finally, PATHRAD generates higher probabilities with
developing convection in far southern OK than either of
the radar-only experiments. From an objective standpoint, the PATHRAD experiment is generally superior,
though the improvement is small compared to either
RADP or RAD0.
To better quantify the difference observed between
experiments, skill scores including the probability of
detection (POD), false alarm rate (FAR), and Heidke
skill score (HSS) are computed for both simulated ensemble mean CWP and radar reflectivity (Wilks 2006).
For CWP, if the experiment ensemble mean generates
CWP . 1.0 kg m22 within 66 km of a GOES-13 CWP
retrieval .1.0 kg m22 at a particular time, then this is
considered a ‘‘hit.’’ If the experiment generates CWP .
1.0 kg m22 and this threshold is not exceeded in the retrievals, then it is considered a false detection. Finally, if
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FIG. 12. (a)–(d) Probability of simulated 4-km reflectivity from each experiment .45 dBZ for the 90-min forecast period between 1930 and
2100 UTC. Hatched area indicates the region of observed WSR-88D reflectivity .45 dBZ.

neither the retrievals nor the experiment exceeds this
threshold, then it is considered a correct null forecast.
Skill scores for reflectivity are computed in a similar
manner, using a threshold of 35 dBZ. The goal is to
generate an analysis where hits are maximized, resulting
in a high POD, but false detections are limited, thereby
resulting in a low FAR. The HSS takes both into account
to generate a statistic indicating the overall skill of each
experiment at forecasting both CWP and reflectivity.
Figure 13 shows POD, FAR, and HSS from 4-km
forecast reflectivity for each experiment (Figs. 13a–c).
CNTL essentially has no skill, while the rest of the experiments are clearly better. PATH generates lower

POD and higher FAR than the radar experiment since
PATH is unable to analyze the high reflectivity of the
storm core and spreads out the information over a larger
area. RADP and RAD0 perform similarly, but the former has a higher FAR and POD during the first 15 min,
resulting in a higher overall HSS. PATHRAD generates a higher POD than RADP during this time while
also retaining the lower FAR produced by RAD0. The
difference between the radar assimilation experiments
and PATHRAD decreases as a function of time, but
PATHRAD consistently has the higher POD and HSS
skill scores for a 45-min forecast out to 2015 UTC.
Thereafter, PATHRAD and RAP have similar skill.
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FIG. 13. Skill scores including (a) POD, (b) FAR, and (c) HSS for 4-km ensemble mean reflectivity for the 90-min
forecast period between 1930 and 2100 UTC. Skill scores are computed using an observed radar reflectivity
threshold of 35 dBZ. (d) POD, (e) FAR, and (f) HSS for ensemble mean CWP for the 90-min forecast period
between 1930 and 2100 UTC computed using an observed CWP threshold of 1.0 kg m22.

One interesting result from the skill score analysis is that
RADP outperforms RAD0 initially and during the latter half of the forecast period despite not having the
advantage of suppressing spurious convection. On the
other hand, PATHRAD outperforms RAD0 at all
forecast times. This may indicate that assimilating clearair radar reflectivity may be inferior to assimilating
CWP information, suggesting some combination of the
observations may be useful.
The same set of skill scores is compared between
GOES-13 CWP retrievals and simulated CWP for each
experiment (Figs. 13d–f). For all forecast times out to
2045 UTC, the PATHRAD experiment produces
a higher POD than either of the radar experiments or

the PATH experiment alone (Fig. 13d). No satellite data
are available between 2045 and 2115 UTC, preventing
the calculation of skill scores during that period. RAD0
has the lowest POD 30 min into the forecast as clear-air
reflectivity assimilation corresponds to the lower CWP
values generated in the anvil of the storm at 1930 UTC,
as shown in Fig. 7. With the exception of 1935 UTC, the
RADP experiment consistently has the highest FAR,
which is a result of the spurious cloud cover not being
suppressed in the initial analysis and maintained as the
forecast progresses (Fig. 13d). Overall, HSS indicates
that PATHRAD is the best performer at correctly forecasting the CWP at all forecast times out to 2045 UTC
(Fig. 13e). Both RADP and RAD0 are similar out to
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FIG. 14. SWDOWN RMSE calculated between ensemble mean forecasts and OK Mesonet observations from 87
sites for (a) the 1930–2100 UTC forecast period and (b) the 2000–2130 UTC forecast period.

2000 UTC with RADP HSS decreasing relative to
RAD0 and RADP thereafter.
Since neither reflectivity nor CWP offer a true independent test of model skill, forecast downward
shortwave flux (SWDOWN) is compared against measurements from OK Mesonet data. These data are not
being assimilated and are thus completely independent
of the model analysis. SWDOWN refers to the amount
of solar radiation reaching the surface. Lower values
correspond to the presence of cloud cover while higher
values mean less cloud cover to clear-sky conditions.
Lower SWDOWN errors indicate that a particular experiment is handling the location and thickness of clouds better
than an experiment with higher errors. At 1930 UTC,
root-mean-square error (RMSE) for PATH is ;50 W m22
less that both RADP and RAD0 (Fig. 14a). PATHRAD
performs even better being ;80 W m22 less than the
radar-only experiments. This improvement decreases
over the next 20 min until all experiments except CNTL
have similar RMSE. Of the two radar-only experiments,
RAD0 is generally the better performer as it reduces
cloud cover that RADP maintains in the analysis and
ensuing forecasts.

b. 2000 UTC initialization
Forecasts initiated at 2000 UTC represent the culmination of 115 min of 5-min cycling with the inherent
advantage of having more time to spin up organized
convection. Figure 15 shows 4-km reflectivity forecast
probabilities between 2000 and 2130 UTC for the
PATH, RADP, RAD0, and PATHRAD experiments
with contours of .45 dBZ reflectivity during this period
overlaid. The PATH experiment has difficulty generating high reflectivity probabilities near the initial analyzed storm locations in the northern half of the domain,
but probabilities generally increase as the model generates higher reflectivity values than those being generated from the satellite data and its corresponding

saturation limitation (Fig. 15a). The advantages of assimilating radar data are clear for RADP and RAD0,
which both generate reflectivity probabilities near 100%
nearby the 2000 UTC location of most cells (Figs. 15b,c).
The primary difference between RADP and RAD0 is
that the latter reduces spurious high probability in between northern cells and maintains higher probabilities
associated with the storm initially located near 35.28N
and 98.68W. The PATHRAD experiment is generally
similar to RAD0 in most areas (Fig. 15d). In southern
OK, PATHRAD generates higher reflectivity probabilities corresponding to the storms that develop during
the forecast period, but otherwise, no significant differences are apparent. An objective analysis of these figures indicate that assimilating CWP in addition to radar
data has only limited impact on predicted reflectivity for
forecasts initiated at 2000 UTC.
This interpretation is also evident when comparing
the 4-km reflectivity forecast skill scores for each experiment (Figs. 16a–c). As expected, CNTL has much
lower POD and HSS values than the other experiments
for the first hour of the forecast period. The PATH experiment does better, but POD remains lower and FAR
higher than either RADP or RAD0. Still, PATH remains skillful compared to assimilating no remote
sensing observations. RADP and RAD0 are similar,
though RADP generates slightly higher POD and HSS
scores than does RAD0. For the first 30 min of the
forecast period, POD and HSS are highest for RADP,
though it comes with a somewhat higher FAR. Assimilating clear-air reflectivity reduces forecast reflectivity
potentially to a point of being undesirable. RAD0 has
higher HSS values in the 30–60-min forecast period
primarily due to having lower FAR values. The
PATHRAD experiment is slightly less skillful than
RADP for the first 30 min, but it does have higher POD
and HSS scores than RAD0, while also having a FAR
very similar to RADP. Afterward, PATHRAD closely
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FIG. 15. (a)‒(d) Probability of simulated 4-km reflectivity from each experiment .45 dBZ for the 90-min forecast period between 2000 and
2130 UTC. Hatched area indicates the region of observed WSR-88D reflectivity .45 dBZ.

follows RADP for the remainder of the forecast period.
These statistics indicate that assimilating CWP retrievals in combination with radar data once convection
has become well organized and widespread does not add
significant skill compared to assimilating radar data
alone. However, assimilating CWP does appear to remove potential issues seen when assimilating clear-air
reflectivity for the 0–30-min forecast period. Given the
much lower cost of assimilating CWP versus clear-air
reflectivity, this is seen as an important result.
The same set of skill scores was also computed against
GOES-13 CWP retrievals when available for the

forecast period (Figs. 16d–f). PATH generates very high
POD (.0.7) and low FAR (,0.2) for CWP during the
first 30-min forecast period. RAD0 and RADP perform
much worse, with RADP having the advantage over
RAD0 since the former is not artificially reducing cloud
cover because of clear-air reflectivity assimilation. The
PATHRAD experiment is generally the best performer
in terms of POD and HSS. Combined with the radar
reflectivity skill scores, these results indicate that assimilating CWP, in combination with radar data, does
not have any significant negative impact on reflectivity
forecast and potentially has additional advantages over
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FIG. 16. As in Fig. 13, but for 90-min forecasts initiated at 2000 UTC.

clear-air radar reflectivity while also greatly improving
the skill relative to observed CWP retrievals. For both
radar reflectivity and CWP, the skill relative to CNTL
becomes small by the end of the forecast period, indicating that neither dataset provides any quantitative
skill beyond this point.
As with the 1930 UTC set of forecasts, RMSE was
computed against Mesonet SWDOWN for the 2000–
2130 UTC forecast as an independent assessment of skill
between each experiment (Fig. 14b). Both PATH and
PATHRAD generate lower RMSE compared to RADP
and especially RAD0 for the first 20 min of the forecast
period. Afterward, RMSE converges, with RADP and
PATHRAD having similar values for the remainder of
the forecast period. RAD0 consistently generates higher
SWDOWN errors out to 1 h, which is consistent with the
previous results showing that assimilating clear-air

reflectivity may be negatively impacting model cloud
properties, which in turn impacts the radiation balance
within the model.

9. Conclusions
Assimilating both high-resolution satellite and radar
data into a convection-permitting model using an EaKF
approach has proven viable despite the many challenges
required to be overcome to allow satellite and radar data
to work together and not against each other. The advantages of assimilating both types are evident in several
comparisons of analyses and forecasts against corresponding observations.
High-resolution satellite retrievals of cloud properties
are able to successfully initiate and maintain convection
when assimilated into a convection-permitting model.
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Given the 2D nature of the observations, the resulting
storm structure is rather ambiguous and smoothed out,
but assimilating satellite data provided significantly improved forecast skill over those forecasts generated
from no assimilation of any high-resolution dataset. In
situations where resources are limited, assimilating satellite data may represent a viable alternative to radar
data. Assimilating CWP also generally outperformed
assimilating clear-air reflectivity, even when not considering resource requirements. The experiment that
assimilated clear-air reflectivity, RAD0, consistently
underanalyzed and underforecast atmospheric CWP
content compared to observations. Clear-air reflectivity
does have the desired impact of reducing spurious convection early in the assimilation cycle, but again, CWP
generally does better while having a much smaller set of
observations. For the forecasts initiated at 2000 UTC,
assimilating clear-air reflectivity actually reduced
reflectivity forecast skill out to 30 min relative to assimilating positive reflectivity observations alone.
Therefore, at least for this case, it was faster and more
accurate to assimilate CWP away from convective cores
rather than assimilating clear-air reflectivity.
The impacts of assimilating CWP in combination with
radar data appear to be greatest early in the analysis period when suppressing spurious convection and capturing
convective initiation. The combined experiment spun up
high-reflectivity cores faster than either the satellite or
radar data could alone. By 1930 UTC, this resulted in
a much better representation of convection within the
model in the PATHRAD experiment. The positive impacts of assimilating CWP appear to decrease somewhat as
convection matures and retrievals become saturated. Still,
assimilating CWP continues to improve the analysis and
forecast of anvil-like features in the model and remaining
convection-free regions within the model domain. Surface
shortwave flux analyses are also improved, but the improvement does not necessarily carry over to other surface
conditions such as accumulated rainfall. Overall, combining satellite and radar data produces the best analysis and
forecast when comparing all radar, satellite, and surface
observations for this particular case study.
Further testing of the methods employed here on
additional cases and convective modes is required for
the conclusions to be generalized. Research is ongoing
to develop a prototype ensemble-based data assimilation system that uses methods similar to those employed
here. It is hoped that this prototype system will evolve
into a robust system that assimilates the best of both
radar and satellite data for storm-scale applications.
Early testing of this prototype showed that it could be
done using modest computing resources, and the initial
results are consistent with those presented here. Further

into the future, research will begin to take advantage of
the additional products soon to be available from the
GOES-R ABI and the recently available dual polarimetric upgrade of the WSR-88Ds.
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