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ABSTRACT

Global Navigation Satellite System (GNSS) radio occultations (RO) over the last 10 years have proved to
be a valuable and essentially unbiased data source for operational global numerical weather prediction.
However, the existing sampling coverage is too sparse in both space and time to support forecasting of severe
mesoscale weather. In this study, the case study or quick observing system simulation experiment (Quick-
OSSE) framework is used to quantify the impact of vastly increased numbers of GNSS RO profiles on me-
soscale weather analysis and forecasting. The current study focuses on a severe convective weather event that
produced both a tornado and flash flooding in Oklahoma on 31 May 2013. The WRF Model is used to
compute a realistic and faithful depiction of reality. This 2-km “‘nature run”” (NR) serves as the ““truth” in this
study. The NR is sampled by two proposed constellations of GNSS RO receivers that would produce
250 thousand and 2.5 million profiles per day globally. These data are then assimilated using WRF and a
24-member, 18-km-resolution, physics-based ensemble Kalman filter. The data assimilation is cycled hourly
and makes use of a nonlocal, excess phase observation operator for RO data. The assimilation of greatly
increased numbers of RO profiles produces improved analyses, particularly of the lower-tropospheric
moisture fields. The forecast results suggest positive impacts on convective initiation. Additional experiments
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should be conducted for different weather scenarios and with improved OSSE systems.

1. Introduction

The benefits of assimilating radio occultation (RO)
observations for weather forecasting that were predicted
20 years ago (e.g., Ware et al. 1996), have been definitively
demonstrated in recent years in several areas. For exam-
ple, research investigations using observations from the
COSMIC (all acronyms are defined in the appendix)
constellation of Global Navigation Satellite System
(GNSS) RO satellites have examined potential improve-
ments in forecasting western Pacific typhoons (e.g., Chen
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et al. 2015) and atmospheric rivers (e.g., Ma et al. 2011) in
observing system experiments (OSEs). Further, the posi-
tive effects of GNSS RO on global operational weather
forecasting have been demonstrated extensively at NCEP
(Cucurull et al. 2007; Cucurull and Derber 2008) and
ECMWEF (Healy 2008). It is noteworthy that, compared to
typical passive space-based observing systems, RO satel-
lites provide great absolute accuracy with essentially no
bias and high vertical resolution. However, until the cur-
rent study, the impacts of RO observations on severe
convective weather forecasts had not been investigated.
The work described here breaks new ground in two sig-
nificant ways compared with previous RO data impact
studies. First, we examine small spatial scales and
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phenomena relevant to severe weather. Second, we
consider very large RO superconstellations (ROSCs,
pronounced ‘“‘Ross Seas’’). Of course, such large con-
stellations do not yet exist. Consequently, this study is
performed in simulation using an observing system sim-
ulation experiment (OSSE) approach. That is, the obser-
vations are simulated from a known “true” atmospheric
state defined by a realistic, high-resolution model run.
Then the impact of using observations from future hypo-
thetical RO observing systems is tested in an environment
where the “truth” is known.

A current limitation on severe weather forecasting is
our ability to initialize the forecast model. Because of
the small spatial and temporal scales of deep convection,
the initial conditions of a regional weather forecast are
usually underdetermined; that is, there are not enough
observations, either in terms of density or frequency, to
define the initial state of the atmosphere. Doppler
weather radar has provided the most frequent sampling
of the 3D troposphere in time and space. However,
weather radars 1) have viewing geometries that miss sig-
nificant parts of the local atmosphere; 2) require the
presence of atmospheric scatterers (usually hydrome-
teors); 3) have significant quality issues (range folding,
anomalous propagation, ducting, etc.); and, most impor-
tantly, 4) primarily measure reflectivity and the motion
(i.e., the wind) field but do not help to directly define the
thermodynamic state (i.e., the temperature and humidity)
of the atmosphere. In addition to ground-based radars,
future microwave and hyperspectral infrared sensors in
geostationary orbit (e.g., Bingham et al. 2013; Lambrigtsen
2015) or on constellations of many, perhaps 15-20, small
satellites (e.g., Atlas and Pagano 2014; Maschhoff 2015),
may, if design goals are met, provide substantial amounts
of high-quality high-vertical-resolution thermodynamic
profiles and large numbers of atmospheric motion vectors
down to cloud top to improve the specification of the
initial conditions for storm-scale forecasts.

In contrast, RO observations inherently have high
accuracy and high vertical resolution. Proposed super-
constellations of low-cost, low Earth orbit (LEO) GNSS
RO satellites would therefore afford the opportunity to
sample the atmosphere accurately and with vertical
detail at much higher frequency and horizontal resolu-
tion than is possible with the current global observing
network of ground-based sensors and satellites. An RO
satellite “listens” for signals from GNSS satellites and
observes the time it takes for the signal to traverse the
limb of the atmosphere. The six orbiting COSMIC
satellites currently gather about 1400 vertical occultation
profiles every day globally. The COSMIC follow-on con-
stellation, COSMIC-2, if fully deployed (12 satellites) will
produce 8000-10000 global profiles per day. (The six
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COSMIC-2A satellites in near-equatorial orbits are ex-
pected to launch in September 2017. The six COSMIC-2B
satellites in high inclination orbits are scheduled to launch
in 2019, but are not funded as of this writing.) The signif-
icant increase of observations made by COSMIC-2 should
produce measurable improvements in global weather
forecast models, but perhaps only very modest improve-
ments in small-scale regional weather models, where the
sampling requirements in space and time are much more
stringent (on the order of 2 vs 20 min and 2 vs 20 km).
Here, we consider the potential impact of very much
larger constellations on weather forecasting—ROSCs
comprising hundreds to a thousand receiving units in
orbit instead of 6, 12, or 18. The maximum constellation
considered in this study (ROSC-2.5M) would yield
roughly 2.5 million vertical occultation profiles, every
day, globally. For comparison, the COSMIC mission
gathers about one vertical radio occultation profile over
the state of Oklahoma every other day, while ROSC-
2.5M would include 35-50 vertical profiles over the state
of Oklahoma every hour. With this observation tech-
nology, improved estimates of the 3D mass field are
possible globally, in all weather conditions, at horizontal
resolution of 1020 km with a refresh rate on the order of
100 min. This is an order of magnitude better both spatially
and temporally compared to the current observing system.
In this case study, we explore whether the assimilation
of dense radio occultation observations can improve the
depiction of preconvective environments, which might
then translate into improved convective initiation and,
potentially, improved warnings of severe weather out-
breaks [see Stensrud et al. (2009) for a discussion of
“warn-on-forecast”’]. The accurate depiction of humid-
ity in the preconvective environment, specifically in the
lower troposphere and boundary layer, is a critical factor
in forecasting severe weather. GNSS RO is particularly
relevant to improving the humidity initial conditions for
severe weather because it is unaffected by clouds and
extremely sensitive to water vapor. This sensitivity is a
reflection of the fact that as Melbourne et al. (1994,
p. xii) note “[t]he refractivity of a mole of water vapor
for microwaves is about 17 times that of dry air.”
GNSS RO does not directly observe humidity.
Rather, GNSS RO observes refractivity or bending an-
gle or phase delay with high precision and no ambiguity,
virtually down to the surface (Kursinski et al. 1997).
Refractivity depends on temperature and humidity. In
drier parts of the atmosphere temperature can be re-
trieved alone. However, due to the aforementioned
sensitivity, in moist parts of the atmosphere (below
about 7-8km in the tropics and 3-6km in the mid-
latitudes), RO observations are primarily affected by
humidity. In earlier studies (e.g., Kursinski et al. 1997;
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Kursinski and Hajj 2001), accurate humidity profiles in
the lower troposphere were retrieved by making use of
modeled temperature profiles. Zou et al. (1995) showed a
strong positive impact of RO observations on the moisture
field in an OSSE for a winter storm using a 60-km regional
four-dimensional variational (4D-Var) data assimilation
(DA) system. Cucurull and Derber (2008) reported im-
provements due to the assimilation of COSMIC obser-
vations on the depiction of moisture, especially on the bias
in the Southern Hemisphere, in preoperational tests of the
May 2007 NCEP global DA system. Recently, Li et al.
(2015) demonstrated detection of strong humidity gradi-
ents accompanying severe weather phenomena using
ground-based multiconstellation GNSS observations. In
the present study, because of the use of an ensemble of
short-term forecasts to estimate the error covariance of all
model variables, the DA system extracts both tempera-
ture and humidity information from the RO observations
in a near-optimal fashion.

The plan of this paper is the following: the WRF
mesoscale modeling system, including the ensemble
Kalman filter (EnKF) data assimilation package, is
described in section 2. The simulation of the ROSC
observations is described in section 3. The case study
selected and the experimental setup is described in
section 4, and results of these experiments are given in
section 5. Section 6 provides a summary and conclu-
sions, including a discussion of the limitations of this
study. We note here that the chief limitations of this
study are 1) there is only one case, 2) this is a fraternal
twin experiment, and 3) the OSSE system has not been
fully validated.

2. Data assimilation system

The DA system used combined WRF and DART
(“lanai” release; Data Assimilation Research Section
2016), which includes the GNSS RO nonlocal, excess
phase forward operator described in section 3. WRF-
DART implements an EnKF to estimate localized, flow-
dependent background error covariances. In our
experiments a 24-member, multiphysics ensemble of
WREF forecasts is used and DART updates all WRF
prognostic variables, including hydrometeors. This con-
figuration is similar to that of several other real data
studies (e.g., Yussouf et al. 2013b; Jirak et al. 2014; Jones
et al. 2015; Schwartz et al. 2015a) and OSSEs (e.g., Jones
et al. 2013; Kerr et al. 2015). A similar setup of WRF-
DART is being developed as a prototype warn-on-
forecast system and has been tested on six cases
including the El Reno, Oklahoma, case studied here
(Wheatley et al. 2015; Jones et al. 2016). At selected
analysis times longer forecasts are made using a single set
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of physics parameterizations. The WRF configurations
detailed below are summarized in Table 1.

a. Forecast model

The Weather Research and Forecasting (WRF) Model
(Skamarock and Klemp 2008; Skamarock et al. 2008)
modeling system is a regional, relocatable, weather
forecasting system. WRF version 3.5.1 is used in this
study. As a “‘community model,” WRF has many options
for parameterizations of the physical processes that are
not explicitly resolved. The choice of parameterizations
depends strongly on the horizontal scale, region of the
world, and the particular phenomena of interest. As is
evident from many studies in the literature, the optimal
physical parameterizations would be very different for
weather near the equator, in the Arctic, over all of North
America, or along the Florida coastline in summer, where
the sea-breeze front may be the primary initiator of
convection. For mesoscale ensemble DA, using appro-
priate, but different physics parameterizations in each
ensemble forecast has been shown to be helpful in several
studies (Stensrud et al. 2000; Fujita et al. 2007; Yussouf
et al. 2013a). For our experiments we use the physics
options for WRF-DART ensemble members that were
used in the NSSL Mesoscale Ensemble (NME; Jirak et al.
2014) system as implemented for the 2013 Spring Ex-
periment, with one exception. Compared with the NME
32-member ensemble, we reduced the ensemble size to 24
(and reduced the computational burden) by eliminating
the least up-to-date (longwave and shortwave) radiative
transfer parameterizations from those used in the NME
ensemble. Thus, as shown in Table 1, the forecast en-
semble members in this study use all combinations of
two radiative parameterizations [RRTMG (Iacono
et al. 2008) and Goddard (Chou and Suarez 1999; Chou
et al. 2001)], four PBL parameterizations [YSU (Hong et al.
2006), MYJ (Janjic 1994, 2002), MYNN (Nakanishi and
Niino 2006, 2009), and ACM2 (Pleim 2007a,b)], and three
cumulus parameterizations [Kain—Fritsch (Kain and Fritsch
1993; Kain 2004), Grell-Freitas (Grell and Freitas 2014),
and Tiedtke (Tiedtke 1989; Zhang et al. 2011)]. The Noah
land surface model (Ek et al. 2003; Tewari et al. 2004) is
used throughout except for members that use the ACM2
PBL configuration, which must be paired with the Pleim—
Xiu land surface model (Xiu and Pleim 2001; Pleim and Xiu
2003; Gilliam and Pleim 2010). The longer nonensemble
forecasts all used the single combination of RRTMG ra-
diation, MYNN PBL, and (in the 18-km domain only)
Grell-Freitas cumulus parameterization. The NR also uses
the RRTMG radiation, but uses the ACM2 PBL, and no
cumulus parameterization. In all cases the Thompson
microphysics parameterization (Thompson et al.
2004, 2008) is used. In all WRF runs reported here, 51
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TABLE 1. WREF configurations. The table entries are grouped into three categories: physics submodels; resolution and other WRF
specifications; and input data. Square brackets and rightward arrows indicate one-way parent—child grid nesting (i.e., parent[ — child]).

Initial conditions
Boundary conditions
Surface parameters

Ensemble analyses®
NAM 12-km analysis
NAM 12-km analysis

Ensemble analysis®
NAM 12-km analysis
NAM 12-km analysis

WRF submodels, settings, and data Forecast ensemble members Longer nonensemble forecasts Nature run
Radiation RRTMG RRTMG RRTMG
Goddard
PBL YSU MYNN ACM2
MYJ
MYNN
ACM2
Cumulus Kain-Fritsch Grell-Freitas® None
Grell-Freitas
Tiedtke
Microphysics Thompson Thompson Thompson
Land surface Noah"® Noah Pleim—Xu
Vertical levels 51 51 51
Grid nesting None Domains: 1[ — 2[ — 3]]° Domains: 1[ — 2]°
Horizontal resolution 18 km 18[ — 6[ — 2]] km 6[ — 2] km
Time step 45s 45 - 15[ = 5]] s 18] — 6] s
Grid nudging None None None

NAM 12-km analysis
NAM 12-km analysis
NAM 12-km analysis

#In the 18-km domain only.

" Except that PLEIM-Xu is used with ACM2 PBL.
¢ Nested grids turn on at the initial time.

9The NAM 12-km analysis is used for the first cycle.
¢ The member closest to the ensemble mean is used.

vertical levels are used, surface and lateral conditions are
provided by NAM 12-km analysis, and nested runs all use
one-way nesting with no grid nudging and with the inner
nests interpolated from the outer nest at the initial time.
For the NR, time steps of 18s are used with the 6-km grid
and 6 s with the 2-km grid. Otherwise, time steps of 45, 15,
and S5s are used with the 18-, 6-, and 2-km grids,
respectively.

The NR and forecast models used in this study are
fraternal twins—they share the same dynamical core,
but some physical parameterizations are different. Re-
ferring to Table 1, the models used in the data assimi-
lation all parameterize convection and have a horizontal
grid resolution of 18 km, while the NR model has explicit
convection and much smaller grid spacing. Compared to
the model used for the longer nonensemble forecasts,
the NR has a different PBL parameterization and a
different land surface model.

b. Data assimilation

DA is a cyclic process that combines prior information
embodied in a forecast (or ensemble of forecasts) and
recently collected observations to produce an analysis.
The optimal combination (i.e., the best analysis) depends
on the estimates of the errors of the forecast and of the

observations. There are many approaches to DA (Kalnay
2002) and here we use the EnKF as implemented in the
WRF-DART DA system (Anderson et al. 2009). The
ensemble approach, used by itself (e.g., Snook et al. 2015)
or in a hybrid system (e.g., Pan et al. 2014), allows for
background error covariance to be flow dependent,
a substantial advance over static climatological
estimates of background error covariance, especially for
severe weather DA where small, intense, mobile features
result in complex and evolving error covariance patterns.

For efficiency relatively small ensembles are gen-
erally used in EnKF. However, this results in spuri-
ous long-range correlations in the ensemble estimate
of the forecast error covariance. One practical solu-
tion, the localization of the ensemble covariances
(Greybush et al. 2011), is used in WRF-DART. In this
work, the horizontal localization radius was sub-
jectively tuned to 300km using single observation
analysis tests to match the approximate pathlength of
the midtropospheric portion of an RO ray. A typical
RO profile contains 2000-3000 vertical levels. These
are thinned to 32 levels below 15km above ground
level (AGL) before being assimilated. The thinning
strategy selects vertical levels so that first Fresnel zone
diameters (corresponding roughly to the vertical and
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horizontal cross section of the measurement), computed
from a U.S. Standard Atmosphere, 1976 (COESA 1976), do
not overlap, reducing or eliminating a significant source of
observation error correlation from oversampling within a
profile. Since the simulated data are free of gross errors, no
quality control (QC) procedures are applied.

3. Simulation of radio occultations profiles

The shape and volume of the atmosphere measured
by each ray during a single set of occultation measure-
ments (~2000 in the vertical) is peculiar to limb sound-
ings. At successively deeper layers in the atmosphere, the
Fresnel diameter decreases from about 1.5 km at 60 km to
~100m at 1km (Hajj et al. 2002), but the signal-to-noise
ratio also decreases as the perigee or tangent point (TP)
of the ray moves closer to Earth’s surface, from 300-400
at 60km to 20-30 at 1km. The horizontal path in the
occultation plane has an effective measurement length of
about 100km in the upper troposphere to 400-500 km in
the lower troposphere [cf. Fig. 7 from Poli (2004)]. Each
ray therefore measures a long, narrow volume (about
1km? in the cross section) that is bent along the ray path,
with the maximum bending (refraction) occurring at the
TP. With a dense sampling of the lower- and midtropo-
sphere by GNSS RO, horizontal gradients in water vapor
and temperature should be clearly positioned through the
assimilation of RO measurements from a variety of azi-
muths, both parallel to and crossing the corresponding
refractivity gradients.

Recent advances in data assimilation methods for
GNSS RO data have produced so-called “‘nonlocal”
forward models (or observation operators) that account
for horizontal gradients in the occultation plane in the
calculation of the model-equivalent quantity (e.g.,
Sokolovskiy et al. 2005). These are distinguished from
“local” forward operators that assimilate refractivity or
temperature at the TP only. Two recent studies have
shown the benefits of using a nonlocal excess phase ob-
servation operator (Kunii et al. 2012; Ma et al. 2011).
Excess phase is the difference between the pathlengths
along the refracted ray and what would be observed in a
vacuum. For reference, excess phase varies from as much
as 2.5 km at the surface in the moist tropics to about 10m
in the lower stratosphere. The 2D observation operator
of Sokolovskiy et al. (2005) is used both to simulate and
assimilate observations. This observation operator in-
tegrates along straight ray paths through the WRF Model
atmosphere passing through TP. For realism, random
unbiased Gaussian errors are added to the ‘‘perfect”
observations simulated from the NR. The standard de-
viation of these errors is specified as a fraction of the
observed excess phase. This fraction ranges from 0.013
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(1.3%) at the surface to 0.002 (0.2%) at 17 km [Liu et al.
(2008), their Fig. 2 shows this between 2 and 10km].
The nonlocal excess phase observation operator of
Sokolovskiy et al. (2005) was added to the WRF-DART
assimilation framework in 2008 (Chen et al. 2009).
Rather than simulate the orbits of the ROSC and the
GNSS, we first collected the entire COSMIC sample of
36478 occultation profiles observed during the period
20 May 2006-27 February 2014 in our regional mod-
eling area (cf. section 4b). Figure 1 plots GNSS RO data
coverage over the NR domain for three selections of
observations. Each of the line segments in Fig. 1 colored
from pink to yellow locates a single RO profile and in-
dicates the altitude of the TP at the map position of the
TP. The patterns seen in Fig. 1 arise because the TP drifts
with the motion of the pair of satellites and as the trans-
mitter rises (sets) in the sky as observed by the receiver,
the TP altitude rises (sets). Note that the RO rays con-
necting the pair of satellites that make up the RO profile
are generally at an oblique angle to the colored lines
drawn in this figure. As evidenced by Fig. 1a, there are
substantial regularities in the observing geometry in the
COSMIC dataset. Such regularity would not occur in a
ROSC. Consequently we randomize the occultation plane
azimuths of the RO profiles as seen in the example of
Fig. 1b. Then all these data are relabeled to times during
the OSSE DA cycles (Fig. 1c) and thinned if necessary.

4. Design of experiments

The quick OSSE (QuickOSSE; Atlas et al. 2015) ap-
proach that is used in this study has several steps, which are
described here. In contrast to a full OSSE, in which the NR
is long enough to diverge completely from reality, a
QuickOSSE NR is a short-term forecast of a real event of
interest. In outline, for a QuickOSSE, a relevant forecast
case is chosen, a high-resolution, high-accuracy forecast is
produced to serve as the NR, data are simulated for the
various observing systems, and then several DA and
forecast experiments are run. The first, called the Control
experiment, assimilates a baseline set of observations.
Further experiments that add varying amounts of a new
observation type to the control set of observations
provide a way to gauge the impact as more and more of
the new observation types are assimilated.

a. Case selection

For a high-impact severe weather case, we chose the El
Reno event that produced a severe (EF3) tornado and flash
flooding in the Oklahoma City, Oklahoma, metro area, late
in the afternoon and early evening of 31 May 2013, from
approximately 2100 UTC 31 May to 0300 UTC 1 June
2013. The El Reno tornado was the widest ever recorded
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FIG. 1. GNSS RO data coverage over the NR domain for (a) all
178 rising occultations for GNSS satellite G22 during the 7.8-yr
period 20 May 2006-27 Feb 2014. (b) As in (a), but with ran-
domly rotated azimuths and with time compressed and reas-
signed to the interval 1130-1830 UTC 31 May 2013. (c¢) Asin (b),
but for the 766 occultation for all GNSS satellites during a 1-h
period (1130-1230 UTC 31 May 2013).
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(2.6 miles) and is very well documented (e.g., Wurman
et al. 2014). This case was also sampled by the Mesoscale
Predictability Experiment (MPEX; Weisman et al. 2015).

The prestorm environment was characterized by a
southwest-northeast dryline that divided the state of
Oklahoma with very dry air to the northwest and very
moist, high latent energy air to the southeast. To para-
phrase Schwartz et al. (2015b), the synoptic situation
includes a broad 500-hPa trough, a deep occluded low
over the northern plains, a mid- to upper-tropospheric
front extending east and west through Kansas, a surface
low pressure center in South Dakota, and a trailing cold
front through the southern plains with an intersecting
dryline. The air mass ahead of the cold front and dryline
was very unstable and had strong vertical wind shear. The
southern end of the line of convection that developed in
Oklahoma remained stationary near El Reno, where a
tornado developed around 2300 UTC. See Schwartz et al.
(2015b, their Figs. 5-7) for a description of the overall
event, Bluestein et al. (2015, their Figs. 1-3, 7) for a de-
tailed description of the synoptic and mesoscale condi-
tions, and Wurman et al. (2014) and Bluestein et al.
(2015) for a detailed description of the tornado.

b. Nature run

The NR must be as realistic as possible since it is taken
to be the truth in the QuickOSSE framework. Since our
focus is on the development of precursors to severe con-
vection, the depiction of a realistic dryline is critical. A
6-km convection-permitting NR from 0600 UTC 31 May
to 1200 UTC 1 June 2013 was generated over the domain
outlined in black in Fig. 2a, which covers a large part of the
continental United States, with an inner 2-km nest (shown
inred in Fig. 2a) that covers most of the state of Oklahoma,
the primary area of interest for this study. Initial conditions
for the NR are provided by NAM 12-km analysis.

Convection is slower to develop and evolve by an hour
or two in the NR compared to reality, but the phe-
nomenology and evolution of the convection and asso-
ciated updraft helicity are strikingly similar to observed.
These findings are from the hourly time series of NR and
observed composite reflectivity, examples of which are
included in Fig. 2. Note the agreement of the NR
(Figs. 2b,c) to reality (Fig. 2d) is somewhat better when
shifted backward in time by 2 hours.

c. Simulation of observations

In an OSSE, simulated observations must be generated
with realistic coverage from the NR with added obser-
vation errors of the proper size. Conventional observa-
tions of altimeter setting, temperature, dewpoint, and
horizontal wind components are simulated by evaluating
the 6-km NR outer domain at the times and locations of



FEBRUARY 2017

a5

%

LEIDNER ET AL.

120 115 10 105 100 % %0 85

101'W 100'W 99'w 98'W a7'W 96'W

Ef Rono case 1 d07  Simulated Surface Reflectivity {dBZe) 201306010500 |

643

101°W 100°W 99°W 98*W 97°W 96"W

[Ef Reno case 1 d02 _ Simulated Surface Reflectivity (d8Ze] 301306016100

Observed

F1G. 2. The (a) NR and forecast model and DA domains used in the QuickOSSE, and the radar reflectivity (dBZ) on 1
Jun 2013 simulated in the NR at (b) 0100 and (c) 0300 UTC and (d) observed in reality at 0100 UTC. In (a) the 6- and 2-
km NR domains are black and red, respectively; the 18-km DA system and ensemble forecast domain is blue; and the
nested 18-, 6-, and 2-km forecast model domains are blue, green, and red, respectively.

the observations made in reality. Then, all available past
GNSS RO observations are randomized and converted into
ROSC ephemerides as described in section 3, from which
synthetic excess phase RO observations are calculated from
the NR using the forward operator in WRF-DART. Un-
biased, uncorrelated observational errors are simulated
with magnitudes consistent with the DART-assigned error
standard deviation for each observation type. No radar
observations were simulated because there are virtually no
atmospheric scatterers present during the assimilation
period, which ends before severe weather develops.

The three OSSE experiments conducted and the ob-
servations used in each are as follows:

o Control, which uses conventional observations, rawin-
sondes, land and marine surface observations, aircraft
reports, and satellite-derived atmospheric motion vec-
tors (AMVs);

¢ ROSC-250K, which uses all of the Control observations
plus data from a ROSC yielding 250 000 global profiles per
day; and

e ROSC-2.5M, which uses all of the Control observa-
tions plus data from a ROSC yielding 2.5 million
global profiles per day.

ROSC-250K and ROSC-2.5M correspond to ROSCs of
about 120 and 1200 RO listening satellites, respectively.

d. Experiment procedures

During the DA, WRF-DART is cycled to assimi-
late the synthetic observations using an ensemble
of single-domain (not nested) forecasts at moderate
18-km resolution in a 118 X 90 gridpoint domain
(blue outline in Fig. 2a) that is slightly smaller geo-
graphically than the 6-km nature run domain. This
resolution was chosen because it is sufficiently fine to
represent the environment for convective outbreaks
but coarse enough to keep computational costs manage-
able. In each experiment the DA cycling is hourly begin-
ning at 1200 UTC and ending at 1800 UTC 31 May. To
begin the data assimilation cycling, all 24 members
start from the same NAM analysis as the NR at 0600
UTC 31 May 2013. This initial collapsed ensemble di-
verges substantially due to the different physics parame-
terizations by the start of the DA cycling at 1200 UTC
31 May 2013.

For the forecasts, we added one-way nested inner
nests with resolutions of 6km (with 183 X 156 grid
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Nature Run Water Vapor 1.25 km AGL (g/kg) 18 UTC May 31, 2014

Control Water Vapor 1.25 km AGL (g/kg) 18 UTC May 31, 2014

| T
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10.00 12.00 14.00 16.00 18.00

FIG. 3. Atmospheric water vapor (gkg ™", color fill) at 1.25 km (approximately 4000 ft) AGL at 1800 UTC 31 May 2013 for (a) the NR,
(b) the Control experiment analysis, and (c) the ROSC-2.5M experiment analysis. (d)-(f) Enlargement of the areas in (a)—(c) that are
marked by the black rectangles. The gray dashed circle highlights the position of the dryline in the NR and is repeated at that position in
the other panels. Note that the analyses in the DA experiments use a coarser 18-km grid than the 2-km nature run grid.

points, green outline in Fig. 2a) and 2km (with 318 X
210 grid points, red outline in Fig. 2a). The 2-km NR
and forecast grids are identical. This allows analysis
and forecast verification without horizontal inter-
polation. To examine the impact of the observations on
forecasts of the development of the preconvective en-
vironment and subsequent convection, forecasts are
initialized after data assimilation and before convec-
tion have begun at 1400, 1600, and 1800 UTC 31 May.
These forecasts end at 1200 UTC 1 June 2013, well after
the first wave of convection has ended. Since the en-
semble mean is the best estimate of the atmospheric
state, but may be dynamically unbalanced, the initial
state for each forecast is taken from the ensemble
member closest to the ensemble mean determined with
the rms normalized (actually, fractional) difference
distance metric in the space defined by the WREF state
vector. Many of these and other details of our experi-
ments mirror the standard NSSL Spring Experiment
practice.

5. Experiment results

The analyses and forecasts created for the different
experiments are validated against the corresponding
NR values.

a. Analysis impacts

Figure 3 shows snapshots from the NR, Control, and
ROSC-2.5M experiments of lower-tropospheric water
vapor—a key ingredient for severe weather. All are valid
at 1700 UTC 31 May 2013 (i.e., 4-5h before severe
weather impacted Oklahoma City), and at 1.25 km above
ground level. Figure 3a shows water vapor from the NR.
The intense dryline seen in this realization of atmosphere
moisture is the yardstick against which our assimilation
experiments are compared for realism. Figure 3b and 3c
compare the effects of using conventional weather ob-
servations versus conventional weather observations plus
ROSC-2.5M observations. The ROSC-2.5M experiment
that includes the RO observations produces a water va-
por analysis (Fig. 3f) that is very much closer to the NR
snapshot (Fig. 3d) in terms of the position and strength of
the dryline than the Control experiment that uses only
conventional weather observations (Fig. 3e).

In addition to improved specification of the atmos-
pheric moisture field, assimilation of ROSC observations
improves the analysis uncertainty. Figure 4 shows the
water vapor mixing ratio analysis mean and uncertainty
at ~ 140 m AGL valid at the start, middle, and end of the
assimilation period for the Control and ROSC-2.5M
experiments. In the ROSC-2.5M experiment the
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FIG. 4. The water vapor mixing ratio analysis uncertainty (g kg !, color fill) and analysis mean (g kg ', black contours) at ~ 140 m AGL
valid at (a),(d) 1200; (b),(e) 1500; and (c),(f) 1800 UTC 31 May (i.e., at the end of the first, fourth, and seventh 1-h WRF-DART analysis
cycles) for (a)-(c) the Control experiment and (d)—(f) the ROSC-2.5M experiment. The ensemble standard deviation is plotted in the
colors shown by the color scale embedded on the right side of each panel, which runs from zero (blue) to 3.5 gkg ™' (red), with numeric

values indicated on the right of (c) and (f).

uncertainty is much less immediately after the first
assimilation cycle (cf. Figs. 4d and 4a). Then the un-
certainty continues to decrease over the course of the ex-
periment (from left to right in Fig. 4). However, in the
Control experiment, without the benefit of the additional
observations, the uncertainty increases in the strong gradi-
ent areas (cf. Figs. 4b,c and 4a). By the end of the assimi-
lation, the dryline is much stronger (i.e., there is a sharper
gradient represented by closer contours) and less uncertain
(less yellow and red) in the ROSC-2.5M experiment
(Fig. 4f) compared to the Control experiment (Fig. 4c).
The impact of ROSC observations on the analysis of
lower-tropospheric temperature is similar to the impact on
the moisture field, but the effects are more localized. After
several hourly DA cycles, mesoscale features in the
ROSC-2.5M analyses in the vicinity of the front are more
clearly defined and represented compared to the Control
experiment (not shown). As with analysis of the moisture
field, uncertainty in the ROSC-2.5M temperature analyses
is greatly reduced compared to the Control experiment.
Assimilating the ROSC observations also improved the
fit to the conventional data. Figure 5 shows vertical profiles
of the RMS difference of dewpoint between the simulated
radiosonde observations and background (or guess) and
the analysis for the Control and ROSC-2.5M experiments.
Note that the impact on the analysis is more substantial
than on the background. The RO data consistently

improves the analysis of moisture, but during the 1-h
forecast this improvement is degraded, possibly because
there is little or no improvement in the wind analysis,
which then has a negative impact as it advects the moisture
analysis.

b. Forecast impacts

We verify the forecasts against the NR using maximum
updraft helicity (UH), convective available potential en-
ergy (CAPE), and 2 m temperature. UH is computed as the
maximum value (over the hour ending at the valid time) of
J/(t), where .7 (t) (inm?s~?) is equal to vertical velocity
times vertical vorticity integrated between two levels taken
as 850 and 500 hPa in the results presented here. As in other
studies (e.g., Clark et al. 2013), UH is taken to be a di-
agnostic for subgrid-scale severe weather and indicates the
presence of rotating updrafts and, when persistent and
sufficiently intense, long-track tornadoes. Also, by exam-
ining the effects for two constellation sizes—250000
and 2500000 global profiles per day—we examine
how the impact of the ROSC varies with observing
density.

Highlights of the forecast impacts are the following.
First, convective initiation and early convection mor-
phology are improved by assimilating dense RO data.
Second, most domain-averaged metrics remain signif-
icantly improved hours into the forecast. Figure 6
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FIG. 5. Vertical profiles of RMS differences of radiosonde dewpoint (K) to the background (O — B, blue circles)
and to the analysis (O — A, green diamonds) for (a) the Control experiment and (b) the ROSC-2.5M experiment.
Dashed lines give the number of observations (top axis) available (gray) and passing QC and used (black) vs
pressure level. Statistics (RMS differences and counts) are calculated over the 7 DA cycles (12-18 UTC 31 May 2013).

shows a number of RMS error statistics over the fore-
cast model innermost domain calculated with the WRF
Model Evaluation Toolkit (MET) Grid-Stat tool and
using the NR as verification. The evolution of the RMS
error values has a correspondence to the evolution of
the NR convection. The line of convection seen in the
NR-simulated radar reflectivity begins at 2100 UTC
31 May and becomes mature at 0100 UTC 1 June
(Fig. 2b). Errors in CAPE and 2-m temperature are
large during this period as convection develops. By
0600 UTC 1 June, the NR area of convection has sub-
stantially dissipated and largely moved out of the 2-km
verification domain toward the southeast. Another line of
convection begins to develop in the domain at 0700 UTC
1 June and reaches maturity at 1200 UTC 1 June.
Errors in CAPE and 2-m temperature are again large
during this period as convection develops. The trace
of UH RMS error corresponds approximately to the
strength of the convective activity seen in the radar
reflectivity for the first convective event in the NR.
There is no corresponding increase during the develop-
ment of the second convective event presumably because

strong UH is not present in this event. The lower
CAPE errors for the free-running “Nodata” forecast
(initiated at 0600 UTC) compared to the first few hours
of the 1400 UTC (and less so for the 1600 UTC) Control
and ROSC-2.5K forecasts reflect the benefit of the long
spinup time in the Nodata forecast for CAPE. This rela-
tive advantage disappears with higher data volumes
(ROSC-2.5M) and additional assimilation cycles (1600
and 1800 UTC). There are also smaller errors for the
forecast Nodata 2-m temperature past 0200 UTC 1 June,
but this is late in the forecast when the influence of the
initial conditions is reduced and may be a sampling arti-
fact that would not be present with a larger number of
forecast cases.

It should be noted the forecast results are generally
mixed and should be viewed as preliminary, in large part
due to the chaotic nature of evolving convection. First,
large samples are required to establish statistical signifi-
cance, and a single case study can only hint at forecast
impacts. Second, forecasts of convective events lack skill
both because of model errors and initial errors. The ROSC
OSSEs only improve initial errors, and the forecast impact
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FIG. 6. RMS forecast error for (top) CAPE (Jkg™!), (middle) hourly maximum updraft helicity (UH) (m?s~2), and (bottom) 2-m
temperature (T2M, °C) for forecasts initialized from analyses at (left) 1400, (middle) 1600, and (right) 1800 UTC 31 May 2013. In each
panel the RMS errors are shown for the Control experiment (blue), the ROSC-250K experiment (green, labeled “C250K”*), the ROSC-
2.5M experiment (red, labeled “C2.5M”), and the free-running forecast (gray, labeled “Nodata”, repeated from left to right panels).

Dashed lines using the same colors are plotted for the mean RMS error over the forecast period.

quickly becomes very difficult to detect due the noise
caused by model errors.

6. Summary and conclusions

Experiments evaluating the impact of ROSCs in a
severe weather QuickOSSE suggest the potential for
high-resolution GNSS RO observations to refine the
position and intensity and to reduce the analysis
uncertainty of a dryline in the lower-tropospheric humid-
ity field, as well as of features in the lower-tropospheric
temperature field. This first mesoscale, severe weather
application/evaluation of RO data showed very positive
results for tropospheric moisture analysis and generally
positive forecast impacts, albeit in the context of a single
case study. In addition, our results suggest that ROSCs
may also improve the forecast distribution of key envi-
ronmental precursor controls for convection initiation and
intensity (e.g., CAPE; capping inversions; midlevel dry
layers; wind shear) by better analyzing the temperature

and humidity variables; and improve the forecast timing
and location of convective outbreaks.

In conclusion, our results suggest that observations
from future hypothetical large ROSCs have significant
potential to produce more accurate analyses in severe
weather environments, and therefore, better charac-
terize the environment for severe weather convective
initiation. More accurate 3D analyses of temperature
and water vapor in the lower troposphere are critical to
improved severe weather forecasts. The forecast re-
sults are encouraging but limited by sample size and the
ability of current models to forecast severe weather.

A number of caveats apply to this study. First, the
impact of RO observations on severe weather analysis
and forecasting should be examined for other diverse
cases. Second, the nominal set of observations (i.e., those
used in Control described in section 4¢) does not include
radar data. The lack of radar data is justified in this study
because convection is minimal during the assimilation
period, but other cases should be chosen to study the
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impact of combining RO and radar data. The approach
of this study is helpful to demonstrate that the RO has
useful information, but does not demonstrate that this
information will still add value when other available
observations are thoroughly exploited. Third, the ad-
ditional, potentially valuable, impact of RO observa-
tions on correcting biases of other data types is not
included in the current study. Fourth, several aspects of
the OSSE system used here could be improved. All
aspects of an OSSE system should be tuned and vali-
dated with respect to realism (Hoffman and Atlas
2016). While the NR described in section 2a is realistic
in several aspects, only limited validation versus reality
was performed. Choices of parameterization for the
NR were made subjectively so that differences be-
tween the NR and reality were as small as possible. A
subjective comparison of simulated and observed re-
flectivity images indicated that differences among the
longer nonensemble forecasts (initialized at 1400, 1600,
and 1800 UTC) and the NR were generally larger than
differences between the NR and observed. A more thor-
ough study of the forecast differences would be desirable,
but should include additional cases. Some shortcuts to
simulating the RO observations were taken, including the
generation of tangent points, the use of the same forward
model in simulating and assimilating observations, and the
vertical thinning procedure. The WRF-DART system
used, while advanced in using the EnKF approach is
simplistic in some regards compared to an operational
system. In particular the effect of variational bias correc-
tion (mentioned above) and quality control are not pres-
ent in the experiments reported here.

Clearly there is more to do—this is a preliminary
study and the quantitative results of simulation studies
are not directly applicable to reality without thorough
calibration and validation. However, in spite of the
above caveats, the results of the current study do suggest
the potential for RO observations to improve our ability
to warn on forecast for severe weather events.
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APPENDIX

Acronyms and Expansions

All acronyms used in the text are defined below. Acronyms
used as units (e.g., UTC) and proper names (e.g., names of
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specific institutions and systems) are not expanded in the
text.

Acronym Definition

4D-Var Four-dimensional variational data assimilation

ACM2 Asymmetrical Convective Model, version 2

AGL Above ground level

AMV Atmospheric motion vector

CAPE Convective available potential energy

COSMIC Constellation Observing System for Meteorol-
ogy, lonosphere and Climate

DA Data assimilation

DART Data Assimilation Research Testbed

dBZ decibels of Z (reflectivity)

ECMWF European Centre for Medium-Range Weather
Forecasts

EF Enhanced Fujita scale

EnKF Ensemble Kalman filter

GNSS Global Navigation Satellite System

GPS Global positioning system

LEO Low Earth orbit

MET Model Evaluation Tools

MYJ Mellor—Yamada-Janji¢

MYNN Mellor-Yamada—Nakanishi-Niino

NAM North American Mesoscale Forecast System

NCAR National Center for Atmospheric Research

NCEP National Centers for Environmental Prediction

NME NSSL Mesoscale Ensemble

NOAA National Oceanic and Atmospheric Administration

Noah NOAA/NCEP-Oregon State University—Air
Force Research Laboratory-NOA A/Office of
Hydrology land surface model

NR Nature run

NSSL National Severe Storms Laboratory (NOAA)

OSE Observing system experiment

OSSE Observing system simulation experiment

PBL Planetary boundary layer

QC Quality control

QuickOSSE  Quick OSSE

RMS Root-mean-square

RO Radio occultation

ROSC RO superconstellations

RRTMG Rapid Radiative Transfer Model for GCMs

M 2-m temperature

TP Tangent point

UH Maximum updraft helicity

UTC Universal Time Coordinated

WRF Weather Research and Forecasting Model
YSU Yonsei University
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