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ABSTRACT
Numerical weather prediction models often fail to correctly forecast convection initiation (CI) at night. To
improve our understanding of such events, researchers collected a unique dataset of thermodynamic and
kinematic remote sensing profilers as part of the Plains Elevated Convection at Night (PECAN) experiment.
This study evaluates the impacts made to a nocturnal CI forecast on 26 June 2015 by assimilating a network of
atmospheric emitted radiance interferometers (AERIs), Doppler lidars, radio wind profilers, high-frequency
rawinsondes, and mobile surface observations using an advanced, ensemble-based data assimilation system.
Relative to operational forecasts, assimilating the PECAN dataset improves the timing, location, and
orientation of the CI event. Specifically, radio wind profilers and rawinsondes are shown to be the most
impactful instrument by enhancing the moisture advection into the region of CI in the forecast. Assimilating
thermodynamic profiles collected by the AERIs increases midlevel moisture and improves the ensemble
probability of CI in the forecast. The impacts of assimilating the radio wind profilers, AERI retrievals, and
rawinsondes remain large throughout forecasting the growth of the CI event into a mesoscale convective
system. Assimilating Doppler lidar and surface data only slightly improves the CI forecast by enhancing the
convergence along an outflow boundary that partially forces the nocturnal CI event. Our findings suggest
that a mesoscale network of profiling and surface instruments has the potential to greatly improve short-term
forecasts of nocturnal convection.

1. Introduction
Convection initiation (CI) refers to the process in
which an air parcel is successfully lifted to its level of free
convection (LFC) and produces a precipitating updraft
(Markowski and Richardson 2010). At night in the Great
Plains of the United States, CI commonly contributes to a
nocturnal maximum in summer precipitation (e.g., Surcel
et al. 2010). Nocturnal CI in the Great Plains also leads
to thunderstorms that produce all severe weather hazards
(Grant 1995; Horgan et al. 2007), although hail and
wind are the most common threats (Reif and Bluestein
2017). Past studies have shown that numerical weather
prediction (NWP) models that employ convective
Corresponding author: Samuel K. Degelia, sdegelia@ou.edu

parameterizations often underpredict nocturnal convective events in the High Plains of the United States
(Davis et al. 2006). Although various deficiencies have
been resolved through the use of convection-resolving
models (Weisman et al. 2008), many of the mechanisms
that initiate convection at night remain problematic for
NWP forecasts (e.g., Johnson and Wang 2017; Johnson
et al. 2017; Stelten and Gallus 2017; Johnson et al. 2018).
Reif and Bluestein (2017) note that NWP models are
often tuned specifically for features that initiate surfacebased convection, whereas nocturnal CI tends to be
initiated by features above the boundary layer (Corfidi
et al. 2008). For example, the nocturnal low-level
jet (LLJ), defined as a wind maximum occurring
within the lowest kilometer of the atmosphere after
sunset (Bonner 1968; Shapiro et al. 2016), commonly
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contributes to the development of nocturnal convection
through enhanced convergence at its terminus (Trier
and Parsons 1993). However, various studies find that
NWP models often fail to correctly forecast both the
height and strength of the LLJ (Storm et al. 2009; Shin
and Hong 2011; Smith et al. 2015; Johnson and Wang
2017; Johnson et al. 2017). Additionally, models can
sometimes have difficulty in correctly simulating the
elevated moist layer that is key to generating nocturnal
CI. Peters et al. (2017) connect errors in mesoscale
convective system (MCS) forecasts to moisture biases,
and in the simulations with negative moisture biases the
models produce errors in both CI timing and location
due to the parcels requiring additional residence time
within the lifting regions.
Assimilating kinematic and thermodynamic observations can improve many of the above issues related
to forecasting nocturnal CI. Recently, Degelia et al.
(2018) show improvements to a nocturnal CI forecast
by assimilating conventional and radar observations.
They find that assimilating these data enhances the
buoyancy and convergence prior to CI, while the radar
observations aid in suppressing spurious convection
and erroneous outflow boundaries. However, the observations assimilated in Degelia et al. (2018) have
become routinely assimilated in operational centers
and their impacts are now relatively understood. This
study expands upon the findings of Degelia et al. (2018)
by evaluating the forecast impact of assimilating a novel
dataset collected during the Plains Elevated Convection
at Night (PECAN; Geerts et al. 2017) field campaign.
The PECAN project seeks to better understand the
processes responsible for nocturnal convection in the
Great Plains with a focus on nocturnal CI, MCSs, atmospheric bores, and the LLJ (Geerts et al. 2017). The
data collected during the field campaign included a
network of thermodynamic and kinematic profilers
similar to that recommended by the National Research
Council (2009).
The observations assimilated here consist of atmospheric emitted radiance interferometers (AERIs; Turner
and Löhnert 2014), Doppler wind lidars (e.g., Menzies
and Hardesty 1989), radio wind profilers (e.g., Benjamin
et al. 2004), high-frequency rawinsondes, and special surface data taken from fixed and mobile PECAN platforms.
Assimilating similar datasets individually has been
shown to improve convective-scale forecasts of various
features (e.g., Kawabata et al. 2007; Wulfmeyer et al.
2006), although no known studies focus specifically on
nocturnal CI. Most prior observation impact studies
connect improved forecasts to modifications of the lowlevel moisture field. For example, Benjamin et al. (2004)
and Kawabata et al. (2014) show that assimilating radio
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wind profilers or Doppler lidars can lead to moisture
improvements that increase the convective available
potential energy. Hitchcock et al. (2016) also show
midlevel moisture improvements, but from assimilating
special rawinsonde observations collected during a field
campaign. Similarly, Sobash and Stensrud (2015) demonstrate improved diurnal CI forecasts through the assimilation of surface mesonet observations that increase
the moisture within the boundary layer. Until recently,
previous studies that evaluate the impact of assimilating
AERI profiles have only assimilated simulated observations (Hartung et al. 2011; Otkin et al. 2011). These
works find that AERI data can also improve boundary
layer thermodynamics. A recent study by Coniglio et al.
(2019) shows that assimilating real, high-frequency AERI
retrievals can lead to improvements, albeit nonsignificant,
in short-term convective forecasts. However, the Coniglio
et al. (2019) study only assimilates data from a single
AERI, and for a short period (2–5 h) prior to CI.
Therefore, we aim to expand upon previous works by
assimilating data collected by multiple AERI platforms
and over a longer period of assimilation.
This study focuses on the 26 June 2015 nocturnal CI
event during PECAN. The CI of interest occurred near
an elevated moist layer located just north of the intersection of the LLJ with a synoptic boundary. Such
placement is commonly observed during nocturnal CI
events in the Great Plains. This paper tests the hypothesis that assimilating a large network of many different PECAN observations can improve the simulation of
both the elevated moist layer and the ascent mechanisms.
In addition to evaluating the impact of assimilating
the entire PECAN dataset, data denial experiments are
presented to assess the relative impact of each observation type.
An overview of the 26 June 2015 CI is presented in
section 2. Section 3 discusses the data, models, and
methods we use to evaluate the impact of assimilating
the PECAN observations on the CI case study. The assimilation and data denial results are found in section 4.
An ingredients-based approach is applied in section 5 to
better understand what aspects of the environment lead
to the observation sensitivities for CI, and in section 6
the moisture and kinematic impacts discussed in the
previous section are explored through diagnosing the
data assimilation (DA) cycles. A final summary is found
in section 7.

2. Overview of the 26 June 2015 nocturnal CI event
As an upper-level ridge deepened over the southwestern
United States on 25 June 2015 (Fig. 1a), northwesterly flow
developed above the central Great Plains. A surface
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FIG. 1. Overview of the mechanisms leading to nocturnal CI on 26 Jun including (a) 500-hPa geopotential height (m; black contours) and
winds (m s21; color fill and barbs) valid at 0300 UTC 26 Jun, (b) 850-hPa winds (m s21; color fill and barbs) and surface temperature
contours (8C; red), and (c) a PECAN sounding taken from the location of the yellow star in (b) at 0215 UTC 26 Jun. In (a) and (b) the half
barbs represent wind speeds of 2.5 m s21 and the full barbs represent wind speeds of 5 m s21. The red dashed line in (a) represents the
location of a shortwave trough axis, the brown dashed line in (a) and (b) represents the location of the synoptic boundary discussed in the
text, and the dashed green circle in (b) indicates the approximate LLJ terminus. The plotting domains in (a) and (b) represent the outer
and inner domains used for the simulations in this study, respectively. The gray box in (b) indicates the plotting domain for Fig. 8, below.
The states of Kansas (KS), Nebraska (NE), Missouri (MO), and Oklahoma (OK) are also labeled in (b). The plots in (a) and (b) are
created using model analyses from the Rapid Refresh model (Benjamin et al. 2016). The sounding in (c) is plotted using the quality-control
checks provided by Loehrer et al. (1996). Except for the wind data being superob-ed to a depth of 20 hPa, the data in (c) are processed
using the same methods described in the appendix.

Unauthenticated | Downloaded 01/09/23 03:27 AM UTC

2742

MONTHLY WEATHER REVIEW

VOLUME 147

FIG. 2. Evolution of the 25–26 Jun nocturnal CI event in terms of composite reflectivity (dBZ; bottom color bar).
The reflectivity data are provided by the MRMS (Smith et al. 2016). Additionally, an objective analysis of surface
temperature (8C; right color bar) is shown using a two-dimensional linear spline interpolation. Surface temperature
contours are also plotted in gray every 28C. The observations in the objective analysis are obtained from the
MesoWest program (Horel et al. 2002). The FP and MP PISAs are labeled in (a). Also overlaid are both the
PECAN observations and conventional NDAS observations that are assimilated in this study. The circle in
(c) indicates the location of two surface-based cells discussed in the text. The gray box shown in (d) indicates the
plotting domain for Fig. 11, below. The circles in (e) and (f) indicate the nocturnal CI event of interest.
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FIG. 3. Series of (a)–(c) the number of PECAN observations assimilated in the ALL experiment and
(d)–(f) consistency ratio at each data assimilation cycle. The vertical gray lines indicate the transition from assimilating the PECAN observations on the outer domain (every 3 h) to assimilating them on the inner domain
(every 10 min). The inner domain observation counts and consistency ratios (right of the vertical gray lines) are only
plotted for every third cycle. The colors in (a)–(c) correspond to the observation type assimilated in ALL that was
denied from its respective denial experiments labeled in (d)–(f). For example, the red line in (a)–(c) represents the
number of AERI observations assimilated in ALL.

low, related to an embedded shortwave trough (Fig. 1a),
strengthened a stalled, preexisting frontal boundary
into a synoptic cold front (Figs. 1a,b). Additionally, a
cold pool generated by early afternoon convection appears to have further reinforced this synoptic front
(Fig. 2b). By the late afternoon of 25 June, stronger,
surface-based cells developed along the synoptic boundary
in central Kansas (Fig. 2c). After sunset at 0154 UTC (2054
LST), a southwesterly, criterion-1 LLJ (12.5 m s21; Bonner
1968) developed across western Oklahoma and central
Kansas (Fig. 1b).
Conditions were favorable for further convective development after sunset on 25–26 June. First, large-scale
isentropic ascent developed throughout northern
Kansas due to the interaction of the LLJ with the synoptic
boundary (Fig. 1b). Second, an additional mesoscale
convergence zone associated with the northern terminus
of the LLJ was present in northeastern Kansas (circled
in Fig. 1b). At approximately 0215 UTC 26 June, a linear
band of convective cells, which were disconnected from
storms along the synoptic boundary, initiated in northern Kansas. These cells began to merge together with
additional clusters of convection that developed in

northwestern Missouri (Fig. 2g). This arcing band of
nocturnal convection (Figs. 2e,f) is the focal point of this
study. The convective cluster continued to grow upscale into an MCS (Fig. 2h) that propagated southeastward, producing both severe wind and flash flooding
throughout eastern Kansas. We note that many other
nocturnal CI events occurred throughout Kansas on
26 June 2015, some of which are discussed in Trier
et al. (2017).
Mobile observing platforms were deployed for this
event as part of intensive observing period (IOP) 16. A
sounding taken by a PECAN vehicle showed a moist
layer atop the frontal inversion north of the synoptic
boundary (Fig. 1c). Significant instability (.3000 J kg21)
was associated with elevated air parcels, although some
inhibition had to be overcome before CI could take
place. As surface-based parcels were located below the
frontal inversion, much of the nocturnal CI episode of
interest was likely elevated. However, recent analyses of
this event by Trier et al. (2018) and Sun and Trier (2018)
highlight the potential role of outflow boundaries in the
southern portion of the nocturnal CI event. In particular,
the surface-based cells in Fig. 2c produced an outflow
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TABLE 1. List of PECAN observing sites and instruments that are assimilated for the 26 Jun 2015 case study. Note that the FP1 site
includes three wind profilers spaced by an average of 17 km.
Site name

Location

FP1

Lamont, OK

FP2

Greensburg, KS

FP3

Ellis, KS

FP4

Minden, NE

FP5

Brewster, KS

FP6

Hesston, KS

MP1 ‘‘CLAMPS’’

Mobile

MP2 ‘‘MIPS’’
MP3 ‘‘SPARC’’

Mobile
Mobile

MP4 ‘‘MISS’’

Mobile

M-GAUS1

Mobile

M-GAUS2

Mobile

M-GAUS3

Mobile

MM1
MM2
NSSL-NOXP

Mobile
Mobile
Mobile

Instruments

Reference

915-MHz wind profiler (3)
Rawinsonde
AERI
Rawinsonde
Surface obs
AERI
Doppler lidar
449-MHz wind profiler
Rawinsonde
Surface obs
915-MHz wind profiler
Rawinsonde
Surface obs
AERI
915-MHz wind profiler
Rawinsonde
Surface obs
Doppler lidar
Rawinsonde
Surface obs
Doppler lidar
Rawinsonde
915-MHz wind profiler
AERI
Doppler lidar
Rawinsonde
Surface obs
915-MHz wind profiler
Rawinsonde
Surface obs
Rawinsonde
Surface obs
Rawinsonde
Surface obs
Rawinsonde
Surface obs
Surface obs
Surface obs
Surface obs

Sivaraman et al. (1990)
UCAR/NCAR (2015a)
Turner (2016a)
Vermeesch (2015)
Delgado and Vermeesch (2016)
Turner (2016b)
Hanesiak and Turner (2016a)
UCAR/NCAR (2017)
Clark (2016)
UCAR/NCAR (2015b)
UCAR/NCAR (2015c)
UCAR/NCAR (2016a)
UCAR/NCAR (2015b)
Turner (2016c)
UCAR/NCAR (2015d)
UCAR/NCAR (2016b)
UCAR/NCAR (2015b)
Hanesiak and Turner (2016b)
Holdridge and Turner (2015)
Turner (2016d)
Turner (2016e)
Klein et al. (2016)
Knupp and Wade (2016)
Wagner et al. (2016b)
Wagner et al. (2016a)
Wagner et al. (2016c)
Wagner et al. (2016d)
UCAR/NCAR (2016c)
UCAR/NCAR (2016d)
UCAR/NCAR (2016c)
Ziegler et al. (2016)
Waugh and Ziegler (2017)
Ziegler et al. (2016)
Waugh and Ziegler (2017)
Ziegler et al. (2016)
Waugh and Ziegler (2017)
Waugh and Ziegler (2017)
Waugh and Ziegler (2017)
Waugh and Ziegler (2017)

boundary that moved northward through the region of
nocturnal CI and that will be discussed throughout this
text. These findings indicate that some of the early cells in
this CI event (Fig. 2e) were surface based.

3. Methods
a. Overview of the PECAN dataset
During PECAN, IOP observations were obtained
from both fixed and mobile PECAN Integrated
Sounding Arrays (PISAs). Each fixed (FP; Fig. 2a) and
mobile PISA (MP) featured different instruments as
described by Geerts et al. (2017). Data were also collected from separate mobile mesonetworks, mobile
GPS Advanced Upper-Air Sounding Systems (MGAUS),

aircraft, and Doppler radar platforms. The PECAN
observations assimilated in this study were collected
during both IOP 15 (25 June) and IOP 16 (26 June) and
varied throughout the assimilation period (Figs. 3a–c).
These include AERIs [;5-min thermodynamic profiles
produced by the AERIoe retrieval algorithm in Turner
and Löhnert (2014)], Doppler lidars, radio wind profilers, rawinsondes, and surface observations (Table 1;
Fig. 2). The PECAN observations were obtained from
the PECAN field catalog (available online at http://
catalog.eol.ucar.edu/pecan) in June 2018. Each instrument within a single dataset is provided in the same
format and with the same level of quality control. The
only exception is the radio wind profiler from FP3 that
operated at 449 MHz, while the other radio wind
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FIG. 4. Observation error profiles for (a) AERI temperatures (8C), (b) AERI moisture (% RH), and (c) Doppler
lidar winds (m s21) used in Eq. (1). The plots are calculated by averaging each individual error profile associated
with the respective AERI or Doppler lidar observations assimilated in this study. The red lines represent the
rawinsonde instrument error obtained from Vaisala (2017) (sSi; dotted) and the static rawinsonde error from GSI
(sSf; solid). The black lines represent the input observation error profile provided by the PECAN dataset (sPi;
dotted) and the final observation error profile used for DA after inflation (sPf; solid). The values used for a in
Eq. (1) are also annotated for each variable. For AERI observation errors, the values of a vary linearly with height
(from zero to the final bracketed value at 3 km AGL).

profilers operated at 915 MHz. We further preprocess
each dataset following the methods described in the
appendix. The large benefits from these meticulous
preprocessing steps in the context of an MCS and bore
are shown in Haghi et al. (2018).
We only assimilate vertical profiles of zonal and meridional wind (i.e., no radial velocity data) collected by
the radio wind profilers and Doppler lidars. The radio
wind profilers used during PECAN were composed of
both 449- and 915-MHz profilers (Table 1). Except at
FP3 (see Fig. 2a), the Doppler lidars were not collocated
with radio wind profilers during PECAN. Thus, radio
wind profilers and Doppler lidars could be considered
complimentary for this case. However, differences in the
design of the instruments could lead to different DA

impacts. Doppler lidars are only able to collect useful
information from the lowest 1–3 km of the atmosphere
due to the depth of potential scatterers (Menzies and
Hardesty 1989). Doppler lidars also tend to sample
finer-scale flow fields, such as turbulence, compared to
radio wind profilers. Conversely, radio wind profilers
collect backscatter from larger particles (e.g., hydrometeors, dust, and insects) that are present as high as
10 km above ground level (AGL).
The PECAN rawinsondes were launched more frequently than the operational network and at nonstandard times. During 25 June, both the FP and mobile
sites collected rawinsonde data every 3 h. While rawinsondes are assimilated from fixed sites throughout the
assimilation period, mobile rawinsondes (from MP and

TABLE 2. List of the physical parameterization schemes used for all simulations. A different microphysical parameterization scheme is
used for the DA and forecast periods. Note that a cumulus parameterization scheme was not employed on the inner, 4-km domain.
Physical parameterization

Scheme

Reference

Microphysics (DA)
Microphysics (forecast)
Planetary boundary layer
Longwave radiation

WRF single-moment 6-class (WSM6)
Lin
Mellor–Yamada–Nakanishi–Niino (MYNN)
Rapid Radiative Transfer Model for general circulation
models (RRTMG)
Goddard
Noah
Grell–Freitas

Hong and Lim (2006)
Lin et al. (1983)
Nakanishi and Niino (2006)
Iacono et al. (2008)

Shortwave radiation
Land surface model
Cumulus

Tao et al. (2003)
Ek et al. (2003)
Grell and Freitas (2013)
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TABLE 3. Covariance localization radii used for each observation
type assimilated for both the outer and inner domains. The horizontal localization radii are given in kilometers, and the vertical
localization radii are given in scale height units (natural log of
pressure).

Obs type

Horizontal
localization radii
(km; outer, inner)

Vertical localization
radii [ln(p);
outer, inner]

Conventional
Radar
AERI
Doppler lidar
Radio wind profiler
Surface (PECAN)
Rawinsonde (PECAN)

700, 200
—, 20
700, 200
700, 200
700, 200
700, 200
700, 200

1.1, 0.55
—, 0.55
1.1, 0.55
0.20, 0.20
0.20, 0.20
1.1, 0.55
1.1, 0.55

MGAUS units) were only assimilated from IOP 15 prior
to 0600 UTC 25 June. After 0600 UTC 25 June, rawinsonde data were collected from FP1 every 6 h. Because
Privé et al. (2014) show significant improvements when
assimilating rawinsondes more frequently, we expect the
assimilation of PECAN rawinsondes here to produce a
larger impact than those demonstrated by previous
studies that only evaluate the operational network (e.g.,
Benjamin et al. 2010). We also note that the PECAN
surface observations were collected more frequently
than at operational sites (every 5 min at most PECAN
platforms).

b. Treatment of observation errors for AERIs and
Doppler lidars
In any DA algorithm, the observation error covariance matrix partially controls the weight between the
observation and background states. When assimilating a
new dataset, effort should be paid to how the observation errors are diagnosed (Bormann et al. 2011). Because radio wind profilers, rawinsondes, and surface
observations are routinely assimilated in operational
systems, we assimilate those PECAN observations using a
preexisting, static error profile built into the Gridpoint
Statistical Interpolation (GSI; Shao et al. 2016) software. Conversely, both AERIs and Doppler lidars are
considered experimental and thus their observation errors are less understood. Luckily, both the AERIoe and
lidar algorithms provide unique error profiles for each
observing time using the methods in Turner and Löhnert
(2014) and Newsom et al. (2017), respectively. Assimilating these novel observations with unique error profiles allows for less confident retrievals to have a lower
weight in the analysis.
In addition to the instrument error, the observation errors used in a DA system should also include contributions
from representativeness errors (Geer and Bauer 2011).
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TABLE 4. List of experiments.
Expt name
DENYALL
ALL
DENYAERI
DENYLIDAR
DENYWPROF
DENYSONDE
DENYSFC

Obs assimilated
Conventional and radar obs
Conventional, radar obs, and all PECAN obs
listed in Table 1
All obs from ALL except AERIs
All obs from ALL except Doppler lidars
All obs from ALL except radio wind profilers
All obs from ALL except PECAN rawinsondes
All obs from ALL except PECAN surface obs

To account for the representativeness and any other
residual errors, we inflate the AERI and lidar observation error profiles using
s2Pf 5 s2Pi 1 a(s2Sf 2 s2Si ) ,

(1)

where s2Pi is the instrument observation error variance
profile provided by the PECAN dataset and s2Pf is the
final observation error variance profile used for DA.
The (s2Sf 2 s2Si ) term represents an initial estimate of
the residual error profile for profiling instruments
based on the difference between an instrument uncertainty profile for rawinsondes (s2Si ; provided by
Vaisala 2017) and the full error profiles for assimilating rawinsondes in GSI (s2Sf ). The static error
profiles in terms of sSi and sSf are shown in red in
Fig. 4. The initial estimate of residual error is then
tuned using the parameter a that varied by instrument. The values of a are chosen by comparing
the skill of nocturnal CI forecasts when varying a
by intervals of 0.25. The selected values are annotated in
Fig. 4. Through a trial-and-error process, we find improved forecasts when linearly increasing a with height
for AERI observations, such that observation errors
near the top of the profile are inflated more. We hypothesize that this is because the observations errors
output by AERIoe only include the diagonal terms of
its posterior error covariance matrix, whereas the offdiagonal terms are shown to increase with height in
Turner and Löhnert (2014).
Example profiles of input and inflated observation errors for AERIs and Doppler lidars are shown in Fig. 4.
Using this method, the forecast skill for the 26 June
nocturnal CI event is improved compared to assimilating
these observations using rawinsonde errors (not shown).
Geer and Bauer (2011) and Minamide and Zhang (2017)
use a similar approach to inflate observation error covariances for microwave imager radiances. This
technique is only meant as a preliminary method for
assimilating the AERI and Doppler lidar observations. In
the future, we plan to further develop an optimal method
for determining observation errors for these instruments.
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FIG. 5. Probability forecasts of composite reflectivity of .30 dBZ for (a)–(d) the operational HRRR forecast initialized at 0000 UTC 26
Jun, (e)–(h) the DENYALL experiment, and (i)–(l) the ALL experiment. The contours of observed composite reflectivity greater
than 30 dBZ are also overlaid in black. The probabilities for (a)–(d) are calculated as the neighborhood probabilities with a radius of 8 km,
and the probabilities in (e)–(l) are calculated as neighborhood ensemble probabilities with a radius of 8 km. The northern (NCI) and southern
(SCI) initiation episodes are annotated in (k). The black box in (l) indicates the domain used to calculate the FSS shown in Fig. 6.

c. Design of the model and data assimilation system
The simulations presented in this study utilize version
3.7.1 of the Advanced Research version of the Weather
Research and Forecasting (WRF) Model (WRF-ARW;
Skamarock et al. 2008). There are 40 ensemble members
configured on an outer, continental United States domain with 12-km grid spacing (shown in Fig. 1a). The
ensemble members are initialized by downscaling
members 1–20 of both the Global Ensemble Forecast
System (GEFS; Wei et al. 2008) and Short-Range Ensemble Forecast (SREF; Du et al. 2014), following
Johnson and Wang (2017) and Johnson et al. (2017). The
native GEFS and SREF systems have horizontal resolutions of approximately 34 and 16 km, respectively. The
GEFS and SREF members are also used to update
the lateral boundary conditions on the outer domain.
After DA is completed on the outer domain, an inner,
convection-permitting domain with 4-km grid spacing is
nested within the mesoscale grid (Fig. 1b). Both domains
utilize 50 vertical levels on a stretched grid with a 50-hPa
model top. The vertical grid spacing is approximately
200 m in the planetary boundary layer increasing to
450 m at 500 hPa. The physical parameterization schemes
are fixed for each member following Degelia et al. (2018)
and are listed in Table 2.

For DA, we apply an advanced, GSI-based ensemble
Kalman filter (EnKF) system (Whitaker et al. 2008, Wang
et al. 2013) extended for meso- and convective scales with
direct radar data assimilation capabilities (Johnson et al.
2015; Wang and Wang 2017). The EnKF improves upon

FIG. 6. Fractions skill score calculated with an 8-km neighborhood over the black box shown in Fig. 5l for a 2.54 mm h21 precipitation threshold. The gray shading represents the approximate
time of CI (between 0215 and 0300 UTC). The values shown in
parentheses signify the FSS when averaged over the entire
forecast period.
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FIG. 7. Neighborhood ensemble probability forecasts for (a)–(d) ALL, (e)–(h) DENYAERI, (i)–(l) DENYLIDAR, (m)–(p)
DENYWPROF, (q)–(t) DENYSONDE, and (u)–(x) DENYSFC. Each plot is calculated with a radius of 8 km. The dashed black
boxes in (c) indicate the averaging regions for the profiles in Figs. 10–11, below.

other DA methods such as 3D-Var by sampling the
background error covariance from ensemble forecasts
(Johnson et al. 2015; Houtekamer and Zhang 2016).
Because the 26 June event featured forcing mechanisms
across a spectrum of scales (e.g., shortwave trough, LLJ,
outflow boundary), a multiscale DA approach is used like
that described in Degelia et al. (2018). Sensitivity tests are
performed to determine the best covariance localization
radii (Table 3) for each PECAN observation type described in the previous section. These settings are

tuned to produce the highest fractions skill score (FSS;
discussed in section 4a) for the nocturnal CI event of
interest. GSI applies an additional observation error
inflation method when multiple observations are assimilated at the same location during the same DA
cycle. By increasing the observation error and therefore reducing the observation information content, this
method accounts for the observation error correlations
when many observations from the same site are assimilated at the same time (e.g., high-frequency AERI
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FIG. 8. Ensemble mean forecasts of 850-hPa winds (color fill; m s21) and convergence (contoured in black every 1526 s21) for (a) ALL,
(b) DENYAERI, (c) DENYLIDAR, (d) DENYWPROF, (e) DENYSONDE, and (f) DENYSFC valid at 0200 UTC 26 Jun. The plotting
domain is shown by the gray box in Fig. 1b. The half barbs represent wind speeds of 2.5 m s21, and the full barbs represent wind speeds of
5 m s21. Also overlaid in dashed red contours are the heights (every 250 m AGL) of the 312-K virtual potential temperature isentrope. The
circled areas indicate the general location of the LLJ terminus corresponding to the CI event of interest, and the dashed brown lines
indicate the approximate location of the synoptic boundary discussed throughout the text.

retrievals). See Degelia et al. (2018) for further discussion on the specific configuration of the GSI-based
EnKF used, including an overview of covariance inflation parameters.

d. Experimental design and cycling description
To evaluate the impact of assimilating PECAN observations on the nocturnal CI forecast, we compare an
experiment with all IOP observations assimilated (ALL)
with a baseline forecast that only assimilates radar and
conventional data (‘‘DENYALLPECAN’’). Additionally, we evaluate the relative forecast impact of each
individual PECAN observation type through data
denial experiments (Table 4). In the data denial
framework, a decrease in forecast skill in a denial experiment indicates a positive impact when assimilating
those specific observations. For the experiments here,

the observations are denied from the assimilation on
both the outer and inner domain.
The cycling description that follows describes the
ALL experiment. On the outer domain, conventional
data are assimilated at 3-h intervals from 0000 to
2100 UTC 25 June. While the assimilation interval is 3 h,
only observations from a 1-h time window (630 min
centered on the analysis time) are assimilated on the
outer domain. The conventional data are provided by
the North American Mesoscale Forecast System Data
Assimilation System (NDAS; Rogers et al. 2009) and
include surface, rawinsonde, and ship and buoy observations (see Fig. 2). We choose to also assimilate PECAN
observations on the outer, mesoscale domain with the
same cycling configuration as the conventional observations. This is because elevated moist layers, which
occur on the mesoscale and are often associated with
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instruments. The radar observations assimilated in this
study (radar reflectivity factor and radial velocity)
are preprocessed using the Warning Decision Support
System–Integrated Information (WDSS-II; Lakshmanan
et al. 2007). We assimilate the full radar dataset (i.e., no
thinning) from all WSR-88D stations within the PECAN
domain, following the methods described in Johnson
et al. (2015) and Degelia et al. (2018). After the final DA
cycle at 0000 UTC, 7.5-h forecasts are initialized from
members 1–20 of the DA ensemble to cover the nocturnal
CI event.

4. Overview of the forecast results when
assimilating the PECAN dataset

FIG. 9. (a) Profiles of temperature (solid lines) and dewpoint
temperature (dashed lines), (b) divergence (10 25 s 21 ), and
(c) DzLFC (km) for each data denial experiment valid at 0200 UTC
26 Jun. The ensemble mean profiles are averaged over the northern
black box in Fig. 7c.

nocturnal CI (Wilson et al. 2018), could likely be improved by assimilating the thermodynamic profilers located at the FP sites. After 2100 UTC, the inner domain
is initialized within the outer domain and conventional,
PECAN, and level-2 Weather Surveillance Radar-1988
Doppler (WSR-88D) observations are assimilated at
10-min cycling intervals from 2110 UTC 25 June to
0000 UTC 26 June. Because the WSR-88D network
sufficiently covers the domain of interest, we choose not
to assimilate any special radar data collected by PECAN

Before discussing the forecast results from individual
experiments, we present the consistency ratio (Dowell
et al. 2004) for each experiment in Figs. 3d–f. The consistency ratio acts as an evaluation of the analysis system
by calculating the ratio between the square of the total
ensemble spread in observation space (Wheatley et al.
2014) and the root-mean-square innovation. A value of
1.0 indicates that the ensemble spread fully accounts for
the background ensemble error, while values greater or
less than 1.0 indicate overdispersion or underdispersion,
respectively. During the outer domain DA cycles, the
consistency ratio for thermodynamic variables remains
less than one for each experiment (Figs. 3d–f), indicating
that the ensemble spread is not sufficient to represent
the background ensemble errors. After downscaling
to the inner domain (Figs. 3d–f), the consistency ratios
for the thermodynamic variables are closer to 1.0. For
the wind speed, the ensembles are typically overdispersive during both the outer and inner domain assimilation periods (Fig. 3f). Nevertheless, the ensemble
statistics show no sign of filter divergence and each experiment produces generally similar values. Therefore,
we assume that the DA system performs well enough for
comparisons between the denial experiments.

a. Comparisons with an operational forecast of
nocturnal CI
To first demonstrate the forecast impact of assimilating the PECAN dataset, we compare ALL and
DENYALLPECAN with an operational forecast from
the High-Resolution Rapid Refresh (HRRR; Earth
System Research Laboratory 2016) model initialized at
0000 UTC 26 June. The forecast results from the HRRR
are representative of other real-time simulations the
26 June nocturnal CI event. The experiments are first
compared through raw neighborhood ensemble probability (NEP; Fig. 5) calculated using an 8-km neighborhood (Schwartz and Sobash 2017). Because the HRRR
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FIG. 10. As in Fig. 9, but averaged over the southern black box in
Fig. 7c. and valid at 0130 UTC 26 Jun.

is a deterministic forecast as opposed to ensemble-based,
Figs. 5a–d are presented as neighborhood probabilities
(NP), which are equivalent to the NEP calculated with a
single ensemble member. Additionally, the forecasts are
compared through a time series of FSS (Schwartz et al.
2010) calculated using 1-h accumulated precipitation
data with a threshold of 2.54 mm h21 (Fig. 6). The gridded precipitation data are provided by the Multi-Radar
Multi-Sensor (MRMS) project at 1-km resolution before being interpolated onto our 4-km forecast domain
(Zhang et al. 2016). The FSS is calculated over the box
shown in Fig. 5l to ensure verification only over the
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event of interest. By using NEP as the input for calculating FSS (Schwartz et al. 2010), the score represents an
ensemble verification metric (FSS for the HRRR is
calculated using NP instead).
Even though the nocturnal CI of interest was likely at
least partially driven by the large-scale mechanisms
discussed in section 2, the real-time HRRR simulations
largely fail to capture the event (Figs. 5a–d). Between
0300 and 0400 UTC, the HRRR generates convection too far north and does not produce a southwest–
northeast-oriented linear event as was observed. The
FSS for the HRRR rapidly decreases from ;0.45 to 0.05
(Fig. 6) during this time period. While the simulations
capture fairly well the convection forming in western
Missouri (Figs. 5b,c), the HRRR only generates weak
probabilities in southeastern Nebraska that fail to match
the observed locations or orientation of the nocturnal
CI event.
DENYALLPECAN demonstrates similar issues to
those of the HRRR (Figs. 5e–h), and the FSS for the two
forecasts are similar (Fig. 6). Again, the linear event is
almost entirely missed apart from low probabilities of
two convective events at the extreme ends of the line at
0400 UTC (Fig. 5g). These signals are not maintained
and do not merge into a linear cluster. Eventually,
DENYALLPECAN generates a new linear system, but
it forms farther west than the observed event and is
likely associated with a second CI event that is discussed
in Trier et al. (2017). As the DENYALLPECAN experiment performs poorly and similar to the HRRR
simulations, we assume that it serves as an accurate
baseline to measure the advances that could be made
when assimilating PECAN observations in an operational setting. We note that the lifting mechanisms discussed later are captured in both the HRRR and
DENYALLPECAN (not shown). Thus, we hypothesize
that the issues with these forecasts are primarily related
to biases in the elevated instability profile.
Large forecast improvements are made when assimilating the IOP observations in ALL (Figs. 5i–l). The FSS
for ALL first becomes larger than DENYALLPECAN at
0115 UTC (Fig. 6) due to improvements in resolving the
ongoing surface-based convection in central Kansas.
Shortly before 0300 UTC, ALL generates two distinct CI
episodes along the northern and southern edge of observed linear event, henceforth called NCI (northern CI)
and SCI (southern CI), respectively (Fig. 5k). By
0400 UTC, NCI and SCI congeal into a single linear event
that closely matches the position and extent of the observed 30-dBZ contours (Fig. 5k). The linear convection
in ALL then merges with additional convection in western Missouri to grow into a larger MCS, as was observed.
Although the shape of the later MCS is not precisely
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FIG. 11. Ensemble mean forecasts of 250 m AGL winds (color fill; m s21) and convergence (contoured in black every 1526 s21) for
(a) ALL, (b) DENYAERI, (c) DENYLIDAR, (d) DENYWPROF, (e) DENYSONDE, and (f) DENYSFC valid at 0130 UTC 26 Jun.
The plotting domain is shown by the gray box in Fig. 2d. The half barbs represent wind speeds of 2.5 m s21, and the full barbs represent
wind speeds of 5 m s21. The plotting domain is zoomed into the outflow boundary produced by the ongoing surface-based cells discussed in
the text. See the text for a description of the circled areas.

captured in ALL, the experiment correctly predicts a
strongly organized MCS along the northern Kansas and
Missouri border by 0600 UTC (Fig. 5l). Figure 6 demonstrates that after CI is simulated at 0300 UTC, ALL
maintains higher skill than DENYALLPECAN throughout the entirety of the forecast.

b. Data denial experiments
Data denial experiments based on ALL are used to
determine the relative impact of each individual PECAN
observation type on the forecasts of SCI and NCI.
The same NEP plots from Fig. 5 are presented for the
denial experiments in Fig. 7, and the skill scores for each
are shown in Fig. 6. Before discussing the experiments
individually, note that ALL simulates NCI and SCI, as
well as the upscale growth into an MCS, better than any
denial experiment. The FSS is also higher in ALL than
the other experiments shortly after CI (Fig. 6), indicating
that all the individual observation types in the PECAN
dataset have a positive impact on the CI forecast.
Prior to CI, ‘‘DENYAERI’’ performs slightly better
than ALL (Fig. 6) due to it better capturing the decaying
surface-based convection in central Kansas (Fig. 7e).
However, large improvements from the assimilation
of AERI observations appear shortly after 0300 UTC
when ALL correctly begins to generate NCI in Nebraska

(Fig. 7b). DENYAERI does not produce the same
convective cluster until 0330 UTC (not shown) and the
FSS values are reduced from 0.50 in ALL to 0.35
in DENYAERI (Fig. 6). Because the convection within NCI
eventually grows upscale into an MCS, DENYAERI also
forecasts lower NEP values and produces a smaller
MCS than ALL (Figs. 7d,h). These impacts are demonstrated in Fig. 6 as well, as the FSS for DENYAERI
becomes lower than ALL after CI occurs and remains
that way throughout the forecast period (Fig. 6). Thus,
assimilating the AERI observations leads to a positive
forecast impact for the northern cluster of CI and the
later MCS.
Assimilating Doppler lidar observations has a smaller
impact when compared with the other observation
types evaluated in this study. ‘‘DENYLIDAR’’ forecasts NCI similar to ALL. The only apparent differences
for NCI are that DENYLIDAR performs slightly better at capturing the additional convective events forming along the LLJ terminus in far western Missouri
(Figs. 7b,j). Instead, DENYLIDAR shows a small decrease in skill around 0300 UTC (Fig. 6) that is primarily
connected to the reduced probabilities and extent of
SCI. At 0300 UTC, the maximum NEP values for SCI are
reduced by ;15% in DENYLIDAR (Figs. 7b,j) compared to ALL. However, these differences in FSS do not
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FIG. 12. Ensemble mean forecasts of 700-hPa dewpoint temperature (8C) and wind barbs for (a) ALL, (b) DENYAERI,
(c) DENYLIDAR, (d) DENYWPROF, (e) DENYSONDE, and (f) DENYSFC valid at 0200 UTC 26 Jun. The half barbs represent wind
speeds of 2.5 m s21, and the full barbs represent wind speeds of 5 m s21. See the text for a description of the red circles.

remain large after the convection grows upscale
(Figs. 7d,l).
Similar to the AERI observations, assimilating radio
wind profilers in ALL improves the forecast timing of
NCI (Figs. 7b,n). Like DENYAERI, the convection that
forms in southeastern Nebraska is not simulated by
‘‘DENYWPROF’’ until 0330 UTC (not shown). However, DENYWPROF also poorly captures SCI. Without
assimilating the wind profiler data, the NEP values for
SCI are reduced by nearly 40% relative to ALL at
0400 UTC (Figs. 7c,o). These large benefits are maintained throughout the upscale growth of the convective
episodes into an MCS (Figs. 7d,p). DENYWPROF
produces a lower FSS than any of the individual denial
experiments after CI (Fig. 6), indicating that the radio
wind profilers lead to the largest improvements compared with the rest of the PECAN dataset.
Assimilating the rawinsonde observations collected
during PECAN produces a large improvement similar
to that from the radio wind profilers. ‘‘DENYSONDE’’
simulates lower probabilities for both NCI and SCI
relative to ALL at 0300 UTC (Figs. 7b,r). Additionally,
DENYSONDE degrades the forecast for SCI at 0400 UTC
(Fig. 7s) as the southern event is almost entirely missed.
As in DENYWPROF, DENYSONDE also produces a
large drop in FSS (Fig. 6) shortly after CI. Although the
FSS for DENYSONDE converges with ALL (Fig. 6)

due to high ensemble probabilities (.90%) within the
MCS, the extent of the MCS in DENYSONDE is still
reduced compared to ALL. Therefore, the large improvements from assimilating rawinsonde observations are partially maintained throughout the later
periods of the forecast.
Assimilating the special PECAN surface observations
has a small benefit similar to those that result from assimilating the Doppler lidars. At early lead times, surface observations have a small, detrimental impact as
seen by a higher FSS in ‘‘DENYSFC’’ relative to ALL at
0215 UTC (Fig. 6). These impacts again result from
differences in how the DENYSFC experiment resolves
the ongoing surface-based convection. Beginning at
0300 UTC (Figs. 7b,v), the positive impacts from assimilating the PECAN surface observations are mainly
confined to SCI, as DENYSFC shows similar probabilities to DENYLIDAR. Again, these impacts from
assimilating surface observations are small after the
convection grows upscale, as the FSS from DENYSFC
and ALL converge shortly after 0400 UTC (Fig. 6).

5. Ingredients-based analysis of the observation
impacts
An ingredients-based approach (e.g., Johns and
Doswell 1992) is used to determine which convective
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FIG. 13. Differences in analyzed ensemble mean water vapor mixing ratio (g kg21) between ALL and (top) DENYAERI at 700 hPa,
(middle) DENYWPROF at 750 hPa, and (bottom) DENYSONDE at 750 hPa. The plots are valid at (a), (e), (i) 0600, (b), (f), (j) 0900,
(c), (g), (k) 1800, and (d), (h), (l) 2100 UTC 25 Jun. Also overlaid are the locations of the AERIs [in (a)–(d); green dots], radio wind
profilers [in (e)–(h); magenta squares], and PECAN rawinsondes [in (i)–(l); red stars] assimilated in ALL.

components (lift, moisture, instability) most contribute
to the forecast impacts discussed in the previous section.
By performing such an analysis, we determine exactly
why certain observation types aid in the successful
forecast of the 26 June nocturnal CI event.

a. Observation impacts on lifting mechanisms
We focus first on the lifting mechanisms responsible for the two individual CI clusters. Although the
large-scale ascent mentioned in section 2 likely contributes to destabilization for parcels north of the
synoptic boundary, additional mesoscale mechanisms
are needed to lift the parcels to their LFC. For example, the observed sounding taken shortly before
CI (Fig. 1c) shows that the most-unstable parcel, originating at 873 hPa, needed to be lifted to 762 hPa to
reach its LFC (;1 km of lift). Analyses suggest that
SCI forms along an outflow boundary produced by the
surface-based convection along the synoptic front (as

hypothesized by Trier et al. 2018; see Fig. 2c). NCI initiates shortly afterward along the LLJ terminus (see
Fig. 1b).
To first illustrate the large-scale, isentropic ascent, the
heights of the 312-K virtual potential temperature uy
isentrope are plotted (Fig. 8). In each simulation, the
312-K uy level is located at or just above the ground in eastcentral Kansas. The height of that same isentrope increases to the north as parcels are lifted isentropically
above the synoptic boundary by the LLJ. Along the
Kansas–Nebraska border and near the location of NCI, the
312-K isentrope is lifted to ;1250 m AGL in each experiment, demonstrating little observation impacts on the
larger-scale ascent. Figure 8 also shows the horizontal mass
convergence at 850 hPa over the LLJ terminus region for
each data denial experiment. Again, no denial experiment
has a large impact on the LLJ or the convergence located
at its terminus. Although DENYWPROF and DENYSONDE
simulate slightly weaker wind speeds just south of the jet
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FIG. 14. (a) Background ensemble correlations between 750-hPa water vapor mixing ratio at FP2 (green dot) and
700-hPa water vapor mixing ratio across the domain, and (b) examples of all AERI profiles assimilated from FP2
(black lines) at 0600 UTC 25 Jun. The green lines indicate the ensemble mean of the background, and the red lines
indicate the ensemble mean of the analysis. The rightmost cluster of lines in (b) represents the temperature (8C),
and the leftmost cluster of lines represents the dewpoint temperature (8C). Also overlaid in (a) are the ensemble
mean analysis increments (background minus analysis; black contours) for water vapor mixing ratio (g kg21). The
dashed contours indicate negative increments, and the solid contours indicate positive increments. Both plots are
taken from the ALL experiment.

terminus, those differences do not manifest in the convergence field. Because the ascent resulting from horizontal convergence is a function of the integrated
convergence profile, vertical profiles are also shown in
Fig. 9 (NCI) and 10 (SCI). Similar profiles of convergence
are simulated by each experiment along the LLJ terminus
and near NCI (Fig. 9b).
While the PECAN observations have little impact
on forcing mechanisms for NCI, they have a larger
impact on the convergence ahead of the outflow
produced by the earlier surface-based convection
(Figs. 10b and 11; see the first column of Fig. 7 for the
forecasts of this surface-based convection). The wind
speeds and convergence ahead of the cold pool are
maximized at 250 m AGL (Fig. 10) and are shown in
Fig. 11. Relative to ALL and DENYAERI (Figs. 11a,b),
wind speeds in the northern section of the cold pool are
over 8 m s21 slower in DENYLIDAR, DENYWPROF,
and DENYSFC (Figs. 11c–f). Due to the slower wind
speeds south of this outflow boundary, the convergence
profile along the boundary is weaker in those denial
experiments (Fig. 10b). Although DENYSONDE simulates slower wind speeds within the cold pool compared
to ALL (Fig. 11e), the experiment also enhances the winds
ahead of the outflow boundary. Thus, DENYSONDE
produces a similar magnitude of convergence as ALL
for SCI (Figs. 11a,e and 10b). These convergence differences partially explain why assimilating the Doppler
lidars, radio wind profilers, and surface observations
aid in enhancing SCI. Without the additional ascent
along the outflow boundary, parcels in DENYLIDAR,

DENYWPROF, and DENYSFC need additional time
to reach their LFC.

b. Observation impacts on the thermodynamic
environment
Although assimilating the PECAN observations has
little impact on the convergence near LLJ terminus, the
denial experiments show large sensitivities to the elevated moist layer in the same area (Figs. 9a and 12).
DENYAERI, DENYWPROF, and DENYSONDE,
which all produce a large decrease in forecast skill for
NCI, simulate drier midlevels near the LLJ terminus
compared to ALL (Fig. 9a). The dry air in these three
experiments leads to additional inhibition that needs to
be eroded before parcels can reach their LFC. Another
way of presenting the inhibition is through DzLFC, which
describes the distance between a parcel’s LFC and its
starting height. The DzLFC parameter can be interpreted
as the amount of lifting needed for a parcel to produce
an accelerating updraft. In ALL, parcels originating at
2.25 km AGL near NCI need to be lifted only 900 m to
reach their LFC. This value corresponds well with the
sounding in Fig. 1c. Without AERI, radio wind profilers,
or rawinsondes assimilated, these same parcels need to
be lifted between 1200 and 1600 m (Fig. 9c). For SCI,
only the assimilation of radio wind profilers or rawinsondes significantly modifies the thermodynamic environment (Figs. 10a,c). While assimilating both radio
wind profilers and rawinsondes results in moister midlevels, the rawinsondes also strongly cool the layer between 900 and 800 hPa and thus further improve the
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DENYSONDE both modify the elevated moist layer
over a large region that corresponds to both NCI and
SCI (red circles in Figs. 12d,e). Conversely, the observation impacts from assimilating AERI observations are
mainly confined to the region near the LLJ terminus
corresponding to NCI (red circle in Fig. 12b).

6. Analysis of observation impacts on the data
assimilation cycles
The previous section indicates that assimilating the
PECAN observations enhances both the elevated moist
layer (AERI, radio wind profilers, and rawinsondes) and
the convergence along an outflow region produced by
earlier, surface-based convection (Doppler lidars, radio
wind profilers, and surface observations). These primary
impacts likely lead to the improved forecast skill in
ALL. However, it is not initially clear why, for example,
assimilating the radio wind profilers modifies the moisture field. Thus, this final section of results explores the
observation impacts throughout the DA cycles to briefly
explain how the assimilation of PECAN observations
impacts these important fields.

a. AERIs

FIG. 15. Ensemble mean analysis increments (analysis minus
background) of the 750-hPa zonal wind (m s21) for (a) ALL,
(b) DENYWPROF, and (c) DENYSONDE valid at 1800 UTC 25
Jun. The black contours indicate the ensemble mean 750-hPa water
vapor mixing ratio (g kg21) for each respective experiment. Also
overlaid in (a) are the ensemble mean innovation values (observation minus background; dots) for the radio wind profiler observations closest to 750 hPa.

environment for SCI. In ALL, parcels originating at
2 km AGL for SCI need 900 m of lift to reach their
LFC, while the same parcels in DENYWPROF or
DENYSONDE need 1300 m of lift (Fig. 10c).
The impact on the elevated moist layer is further
shown by the plan view plot in Fig. 12. Relative to ALL,
the Doppler lidar and surface observations have little impact on the midlevel dewpoint temperatures
throughout northern Kansas. When denying the AERI,
radio wind profilers, or rawinsondes, however, the
700-hPa dewpoint temperatures are reduced by upward of 68C in some locations. DENYWPROF and

Differences between the 700-hPa water vapor mixing
ratio analyses for ALL and DENYAERI are presented in
Figs. 13a–d. In ALL, most of the additional moisture from
assimilating AERI observations originates on the outer
domain DA cycles (0300–2100 UTC 25 June). At
0600 UTC 25 June, ALL shows increased moisture
above the synoptic boundary compared to DENYAERI.
The additional moisture is maximized at 700 hPa (Fig. 13a).
By 0900 UTC, the moisture differences along the boundary
in ALL reach nearly 14 g kg21 (Fig. 13b). After 0900 UTC,
the midlevel steering flow in ALL (see Fig. 12a) advects the
additional moisture northeastward, eventually reaching
the Kansas–Nebraska border by the final DA cycle on
the outer domain (Fig. 13d). The region of additional
moisture in ALL, compared to DENYAERI, correlates well with the location of NCI.
The additional moisture added above the synoptic
boundary appears to be primarily related to negative
increments in the midlevel moisture profile at FP2
(Fig. 14). First, the background ensemble in ALL indicates that the 750-hPa mixing ratio at the top of the
AERI profiles from FP2 is negatively correlated with the
elevated moist layer above the synoptic boundary
(Fig. 14a; correlation calculated against 700-hPa mixing
ratio where the impact is maximized). We hypothesize
that this anticorrelation in the background is due to the
ensemble indicating a strong moisture gradient along the
frontal boundary, such that drier members at FP2 are
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FIG. 16. (a) Background ensemble correlations between 700-hPa zonal wind at FP1 (red star) and 750-hPa zonal
wind across the domain, and (b) the zonal wind profile assimilated from the FP1 rawinsonde at 1800 UTC 25 Jun.
The green lines indicate the ensemble mean of the background, and the red lines indicate the ensemble mean of the
analysis. Also overlaid in (a) are the ensemble mean analysis increments (background minus analysis; black contours) for zonal wind (m s21). The dashed contours indicate negative increments, and the solid contours indicate
positive increments. Both plots are taken from the ALL experiment.

moister above the front. Next, the midlevels in the background are also 108C too moist compared to corresponding AERI retrievals at FP2 (Fig. 14b). Therefore, while
the AERI observations at FP2 aid in drying the midlevels
in southwestern Kansas, the background covariance structure allows the same profiles to strongly moisten the midlevels above the synoptic boundary (Fig. 14a). This finding
illustrates the primary advantage of using an ensemblebased DA method like the EnKF, as it can generate flowdependent background error covariances.

b. Radio wind profilers and rawinsondes
As discussed earlier, assimilating the radio wind profilers in ALL results in additional moisture at 750 hPa
throughout a large region of northeastern Kansas
(Figs. 13e–h). This moisture primarily manifests during
the final outer domain DA cycles between 1800 and
2100 UTC 25 June (Fig. 13h). However, unlike the assimilation of AERI observations, which directly add
moisture, the additional moisture from assimilating radio wind profilers results from enhancements to the
moisture advection field (Fig. 15). In northwestern
Kansas, the 1800 UTC wind profiler observations at FP3
and FP5 produce innovations of 12–4 m s21 in the zonal
wind, which in turn, lead to a large, positive increment in
ALL (Fig. 15a). Because most of the midlevel moisture
is also located in northwestern Kansas (Fig. 15), the
enhancement of the zonal wind in ALL increases the
moisture advection into central and eastern Kansas. Without the assimilation of the wind profilers in DENYWPROF
(Fig. 15b), the zonal wind decreases during the 1800
UTC cycle throughout much of western Kansas. Thus,
DENYWPROF simulates weaker moisture advection

that eventually leads to the large differences in the
750-hPa moisture field at 2100 UTC (Fig. 13h).
As with the impact from assimilating radio wind profilers, the assimilation of rawinsonde data also leads to
modifications to the midlevel zonal wind fields during the
1800 UTC cycle (Figs. 13k and 15c). However, only one
rawinsonde was launched during this cycle while many
wind profiles were collected throughout the domain (see
Fig. 2b). The single rawinsonde assimilated at 1800 UTC
from FP1 shows a large, negative innovation (;23 m s21)
between the observed and simulated zonal wind at
700 hPa (Fig. 16b). Because both the innovation at FP1
and correlations with the 750-hPa wind in western Kansas
are negative (Fig. 16a), we deduce that assimilating the
FP1 rawinsonde at 1800 UTC is at least partially responsible for the positive increment in the zonal wind
shown in Fig. 15a. Therefore, in DENYSONDE, a negative increment in the zonal wind occurs in southwestern
Kansas at 1800 UTC (Fig. 15c) that weakens the moisture
advection into central Kansas. As in DENYWPROF,
the weaker moisture advection then leads to reduced midlevel moisture during the later DA cycles in DENYSONDE
compared to ALL (Figs. 13k,l).

c. Doppler lidars and surface observations
To determine why assimilating Doppler lidars or
surface observations enhances the wind speeds within
the outflow boundary, we analyze the common elements
that contribute to stronger cold pools. We find little
sensitivity to either the precipitation within the surfacebased cells or the relative humidity profile below cloud
base (not shown). Instead, when these observation types
are assimilated near the ongoing surface-based convection,
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DENYSFC simulating decreased dewpoint temperatures by an average of 28–48C between 500 and
800 hPa (Fig. 18). We hypothesize that the additional,
convective-scale moisture added by these observations
enhances the ongoing surface-based convection and
later produces the stronger outflow seen only in ALL
and DENYAERI (Fig. 9). Additionally, this increased
moisture would likely reduce the impact of entrainment effects that could act to dissipate the ongoing
convection.

7. Discussion and future work

FIG. 17. As in Fig. 13, but for differences in ensemble mean
water vapor mixing ratio (g kg21) at 650 hPa between ALL and
(a),(b) DENYLIDAR; (c),(d) DENYWPROF; (e),(f) DENYSONDE;
and (g),(h) DENYSFC. The plots are valid at (left) 2230 UTC 25 Jun
and (right) 0000 UTC 26 Jun. Also overlaid are 15-dBZ contours
of composite reflectivity from the ensemble mean of ALL. The
red X in (b), (d), (f), and (h) indicates the location of the profile
in Fig. 18.

convective-scale regions along the borders of the
storms are moistened by the final assimilation cycle
(Figs. 17b,h). This moisture impact is maximized at
600 hPa (Fig. 18). Assimilating wind profilers and rawinsonde observations produces similar effects near the
ongoing convection (Figs. 17d,f), though additional
moisture is already present due to the effects discussed
previously. The additional moisture from assimilating
Doppler lidar and surface observations does not exist
prior to the development of the surface-based convection (Figs. 17a,g), indicating that the impacts are related
to convective-scale DA. This impact extends throughout
much of the midtroposphere, with DENYLIDAR and

By assimilating remote sensing profilers, highfrequency rawinsondes, and surface observations collected on 26 June, we find large improvements over a
baseline experiment in terms of location, orientation,
and timing of a nocturnal CI forecast. The most skillful
forecast results occur when assimilating every PECAN
dataset used in this study, thus indicating that each observation type plays a positive role in improving the CI
forecast. Our results also suggest that the linear CI episode was initiated by two separate forcing mechanisms.
NCI was initiated largely by the LLJ, while SCI formed
along an outflow boundary produced by earlier, surfacebased convection.
We conduct experiments within a data denial framework to evaluate the relative impact of assimilating each
PECAN observation type within the full dataset. Assimilating AERI, radio wind profiler, and rawinsonde
data produces the largest and most sustained impact due
to enhancing the elevated moist layer in the region of CI.
The radio wind profilers and rawinsondes affect both
NCI and SCI by strengthening the moisture advection
across northern Kansas. Assimilating AERI observations directly adds moisture above the synoptic boundary that is then advected into the NCI. This study is
among the first to assimilate real AERI observations
and demonstrates that high-frequency profiles of temperature and water vapor can improve short-term forecasts of convection. Additionally, the special rawinsondes
assimilated here were launched more frequently and at
nonstandard times relative to the operational network,
thus providing further evidence for the value of assimilating high-frequency profiles.
The largest improvements result during DA cycling on
the outer, mesoscale domain, indicating that assimilating
profiler data can lead to forecast improvements even
when not assimilating the data on a convectionpermitting grid. However, additional improvements
are found when assimilating the PECAN data at 4 km.
When assimilating surface and Doppler lidar observations, the preexisting, surface-based convection produces
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FIG. 18. Ensemble mean profiles of temperature (solid lines) and dewpoint temperature
(dashed lines) taken from the red X in Fig. 17 and valid at 0000 UTC 26 Jun. The sounding is
averaged over a neighborhood with a radius of two grid points (8 km).

a stronger outflow that enhances the ascent for the SCI.
We hypothesize that the enhanced outflow is related
to increased moisture near the analyzed convection that then enhances the ongoing storms during DA
on the inner domain. Similar enhancements are also
seen when assimilating the radio wind profiler observations. However, the improvements from assimilating surface and Doppler lidar observations diminish
after the two simulated CI clusters merge into a
larger MCS.
Still, various aspects of the results should be further
explored. First, the location of each observation likely
plays an important role on its impact. For example, the
radio wind profilers assimilated here are possibly more
impactful than Doppler lidars due to the additional radio wind profiler at FP4 (far northwestern Kansas site in
Fig. 15a). An additional Doppler lidar at the same location could allow for a similar increment for the zonal

wind in northern Kansas. However, the higher maximum height of radio wind profilers (upward of 10 km
AGL) also likely aids in the larger impact compared to
Doppler lidars. Next, while we find an enhanced outflow
boundary when assimilating Doppler lidar and surface
observations, the impacts of convective-scale DA near
ongoing convection is an area of research that has yet to
be fully explored. Ensemble correlations near ongoing
thunderstorms could be considered spurious due to the
chaotic nature of convection. Thus, the impacts of assimilating the PECAN observations on the strength of
the outflow boundary should be further studied.
For similar cases that show large thermodynamic
errors, we expect that assimilating profiler observations can lead to improvements for short-term forecasts
of CI. However, the strong forcing mechanisms for this
event are captured well by each experiment, such that
only the thermodynamic enhancements are needed for a
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successful CI forecast. It is unclear whether assimilating
such data could improve convergence mechanisms for
other CI events, or if the observation impacts would be
as large when the mechanisms are not well captured. As
nocturnal convection can be initiated by many other
features such as atmospheric bores or internal gravity
waves, we plan to conduct a systematic evaluation of the
impact of assimilating PECAN field observations on
forecasts of nocturnal CI. To facilitate this work, a statistical method is also being developed to systematically
quantify timing, location, and orientation errors for CI.
By increasing our sample size using many CI cases from
PECAN, we are verifying both the relative impact of
each instrument type as well as the convective-scale
impacts seen near the ongoing outflow boundary.
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APPENDIX
Further Details and Preprocessing of the PECAN
Dataset
The AERI instrument observes a ‘‘spectrally resolved downwelling radiance emitted by the atmosphere
in the infrared portion of the electromagnetic spectrum’’ before retrieving a thermodynamic profile using
an optimal-estimation retrieval technique [see Turner
and Löhnert (2014, p. 752) for more details]. Because
the retrieval accuracy quickly decreases with height and
above cloudy layers, no observations above either 3 km
AGL or cloud base are assimilated here (D. Turner
2016, personal communication). Additionally, to reduce
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both the correlated and uncorrelated observation
errors, a ‘‘superob’’ method (e.g., Berger 2004) is applied to each retrieval wherein the observations are
averaged over a 10-hPa depth. For all observation types,
we only apply the superob method to the portions of the
profile for which the native observation spacing is less
than the superob depth. We do not apply any temporal
averaging or thinning techniques to the data, as one
large advantage of the AERI is its ability to capture
rapid changes in moisture and stability (Blumberg
et al. 2017).
The vertical profiles from each wind profiler site
are provided as 30-min averages. At FP4, FP5, and
MP4, the wind profiles are calculated using the improved moments algorithm (Morse et al. 2002), which
provides a confidence measure for each observation.
We reject any data with a confidence below 0.5 as
recommended by the data providers. At FP3, any
449-MHz wind profiler data with a signal-to-noise ratio
of less than 26 dB are rejected (W. Brown 2018, personal communication). Furthermore, at FP4 and FP5,
the 915-MHz profilers operate in both a ‘‘low’’ mode
that features 180-m vertical sampling up to 4 km AGL
and a ‘‘high’’ mode that features 360-m vertical sampling up to 12 km AGL. We choose to form a composite
profile at these sites by rejecting any high-mode data
below 4 km AGL. The superob method with a depth of
100 m (similar to a depth of 10 hPa in the boundary
layer) is applied to these observations, because no
pressure data are provided.
To remove the impacts of turbulence not resolved by
the 4-km model and to be consistent with the averaging
window for radio wind profilers, Doppler lidar observations are temporally averaged into 30-min profiles.
Data below 100 m or above 3000 m AGL are not assimilated because of quality issues (D. Turner and P. Klein
2018, personal communications). We also perform gross
checks to remove any erroneous databased on the rootmean-square difference between the observed radial velocity and its fitted values. Again, the wind observations
are superobbed to a depth of 100 m.
The PECAN surface observations (temperature, humidity, wind, and pressure) are thinned to 5-min intervals due to the high frequency of the data. Other than
gross checks for valid data, no other quality-control
methods are applied to the surface observations before
the assimilation.
The rawinsonde data are provided with quality-control
markers following the methods described in Loehrer
et al. (1996). Only the levels at which all data are marked
as good are assimilated. The rawinsonde data are also
superob-ed to a depth of 10 hPa to be consistent with the
other PECAN observations.
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