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ABSTRACT: Nocturnal convection is often initiated by mechanisms that cannot be easily observed within the large gaps

between rawinsondes or by conventional surface networks. To improve forecasts of such events, we evaluate the systematic

impact of assimilating a collocated network of high-frequency, ground-based thermodynamic and kinematic profilers col-

lected as part of the 2015 Plains Elevated Convection At Night (PECAN) experiment. For 13 nocturnal convection initi-

ation (CI) events, we find small but consistent improvements when assimilating thermodynamic observations collected by

Atmospheric Emitted Radiance Interferometers (AERIs). Through midlevel cooling and moistening, assimilating the

AERIs increases the fractions skill score (FSS) for both nocturnal CI and precipitation forecasts. The AERIs also improve

various contingency metrics for CI forecasts. Assimilating composite kinematic datasets collected by Doppler lidars and

radar wind profilers (RWPs) results in slight degradations to the forecast quality, including decreases in the FSS and tra-

ditional contingency metrics. The impacts from assimilating thermodynamic and kinematic profilers often counteract each

other, such that we find little impact on the detection of CI when both are assimilated. However, assimilating both datasets

improves various properties of the CI events that are successfully detected (timing, distance, shape, etc.). We also find large

variability in the impact of assimilating these remote sensing profilers, likely due to the number of observing sites and

the strength of the synoptic forcing for each case. We hypothesize that the lack of flow-dependent methods to diagnose

observation errors likely contributes to degradations in forecast skill for many cases, especially when assimilating kinematic

profilers.

KEYWORDS: Deep convection; Profilers, atmospheric; Remote sensing; Forecast verification/skill; Data assimilation;

Numerical weather prediction/forecasting

1. Introduction

While conventional rawinsondes provide data only a few

times per day, convective-scale environments often evolve on

the order of minutes to hours (Orlanski 1975). To alleviate this

data gap, the meteorological community has recently pushed

to expand current observing capabilities into a Nationwide

Network of Networks (National Research Council 2009; Stalker

et al. 2013). Part of this proposal involves the introduction of

ground-based remote sensing profilers to provide high-frequency

observations of the lower troposphere. Although their errors are

often larger than corresponding in situ measurements, remote

sensing instruments can provide thermodynamic and kinematic

data multiple times per hour. Additionally, as various studies

show that short-term forecasts of convection are highly sensitive

to small changes in the mesoscale environment (e.g., Crook

1996; Martin and Xue 2006), assimilating such instruments

can potentially have large benefits for convective-scale NWP.

Recent field campaigns have employed both thermodynamic

and kinematic remote sensing profilers to evaluate their po-

tential impact for NWP systems, including the Atmospheric

Emitted Radiance Interferometer (AERI; Feltz et al. 2003;

Turner and Löhnert 2014), radar wind profilers (RWPs; Ecklund

et al. 1988), and Doppler lidars (Menzies and Hardesty 1989).

AERIs retrieve thermodynamic profiles from observations

of downwelling infrared radiance (Turner and Löhnert 2014)
and have been employed to study a variety of meteorological

phenomena including the African monsoon (Hansell et al.

2010), shallow convective clouds (Fast et al. 2019), atmospheric

bores (Toms et al. 2017), low-frequency gravity waves (Adams-

Selin and Schumacher 2019), and nocturnal convection (Geerts

et al. 2017). They can capture thermodynamic data on the order

of minutes, allowing for the rapid monitoring of elevated mixed

layers (Feltz et al. 2003) and boundary layer stability (Blumberg

et al. 2017). Recently, Turner and Blumberg (2019) introduce an

optimal estimation retrieval algorithm (AERIoe) that allows for

computing unique uncertainty profiles for AERI observations,

improving the potential impact of assimilating this dataset by

allowing for less confident retrievals, such as those in cloudyCorresponding author: Samuel K. Degelia, sdegelia@ou.edu
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conditions, to be weighted less. Vertical wind profilers, including

both RWPs and Doppler lidars, are also commonly used for

both forecast and research applications. Similar to Doppler

weather radars, RWPs actively observe horizontal winds by

measuring the radio waves produced by Bragg scattering from

inhomogeneities in the thermodynamic field. Doppler lidars

operate similarly, measuring light waves backscattered by

smaller aerosols. These kinematic profilers can be used to

measure various phenomena that conventional observations

typically cannot observe with high vertical or temporal reso-

lution, including low-level jets (LLJ; Banta et al. 2002; Smith

et al. 2019) or atmospheric turbulence (Smalikho et al. 2005;

Calhoun et al. 2006; O’Connor et al. 2010).

Recently, the Plains Elevated Convection At Night (PECAN;

Geerts et al. 2017) experiment employedAERIs and verticalwind

profilers to study nocturnal convection in the Great Plains of the

United States. Nocturnal thunderstorms can produce all types of

severe weather hazards including severe wind, hail, and rainfall

(Reif and Bluestein 2017; Weckwerth and Romatschke 2019).

Nevertheless, convection-allowing NWP systems often strug-

gle to predict such events due in part to a lack of observations

that sample the mechanisms and environments responsible for

nocturnal convection (e.g., Johnson and Wang 2017; Johnson

et al. 2017; Keclik et al. 2017; Stelten and Gallus 2017; Peters

et al. 2017; Johnson et al. 2018; Reif and Bluestein 2018). In the

Great Plains, nocturnal convection initiation (CI) most com-

monly occurs between 0400 and 0900 UTC (Reif and Bluestein

2017), while conventional rawinsondes are typically only launched

at 0000 and 1200UTC.Moreover, most nocturnal CI events are

driven by elevated ascent mechanisms such as the LLJ or un-

dular bores (Wilson and Roberts 2006; Weckwerth et al. 2019).

Such features cannot be easily observed by conventional sur-

face data, and various studies note the necessity of lower-

troposphere profiling observations to improve this data gap

(e.g., Wilson and Roberts 2006; Weckwerth and Parsons 2006;

Keclik et al. 2017). Given these deficiencies, recent works show

that assimilating high-frequency, remote sensing datasets can

be particularly useful for improving forecasts of nocturnal con-

vection. For example, Degelia et al. (2019; henceforth referred to

as D19) show that assimilating both AERIs and kinematic pro-

filers can enhance moisture advection and support a successful CI

forecast. Additionally, Chipilski et al. (2020) find that assimilating

kinematic profilers improves analyses of a nocturnal LLJ and

explicit forecasts of an undular bore, such that the resulting

convective forecast is also improved. Additional studies as-

similating AERIs and kinematic profilers include Hu et al.

(2019) and Coniglio et al. (2019) who find improvements to

short-term forecasts of tornadic supercells and convective

evolution, respectively.

While previous works show the benefits of assimilating

ground-based remote sensing datasets for single cases (e.g.,

Chipilski et al. 2020; D19; Hu et al. 2019) or for single platforms

(e.g., Coniglio et al. 2019), many research areas remain unex-

plored. For example, nocturnal convection can be generated

by a variety of ascent mechanisms at different scales (Reif and

Bluestein 2017; Stelten and Gallus 2017; Weckwerth et al. 2019)

such that the impact of assimilating these instruments is likely

case- and environment-dependent. While D19 show the benefits

of assimilating the data for a large-scale frontal overrunning event,

it remains unclearwhether the impacts will be as large for smaller-

scale events such as those initiated by gravity waves or outflow

boundaries. To address this question, we expand on previous

studies by using carefully designed experiments to evaluate the

systematic impact of assimilating a network of high-frequency

(observations available every ;5–30min) boundary layer pro-

filers. We explore these impacts using cases observed during the

PECAN field experiment, as the variety of events provides a

sufficient sample of the different convectivemodes andmesoscale

environments responsible for nocturnal CI. Furthermore, Stalker

et al. (2013) propose implementing new networks alongside ex-

isting infrastructure such as the operational rawinsonde network.

Thus, this study specifically evaluates the impact of assimilating

collocated rawinsondes, AERIs, and kinematic profilers. We

also explore whether the impact of assimilating these data

primarily result from one instrument type, or if both thermo-

dynamic and kinematic profilers are necessary to improve

forecasts of nocturnal CI.

Details on the remote sensing instruments and sensitivity

experiments are presented in section 2. Section 3 discusses the

system configuration and verification methods we use to eval-

uate the impact of assimilating these data. The systematic re-

sults for assimilating the remote sensing profilers on forecasts

of nocturnal CI are found in section 4. To better understand

where the impacts of assimilating these data originate, we

conduct a preconvective analysis in section 5 and example

cases are presented in section 6. A final summary is found in

section 7.

2. Observation preprocessing and sensitivity experiments

a. Observation preprocessing

The PECAN instruments assimilated here include rawin-

sondes, AERIs, Doppler lidars, and RWPs collected from both

fixed and mobile sites known as PECAN integrated sounding

arrays (PISA; Table 1 and Fig. 1). Most AERI observations are

retrieved using AERIoe (Turner and Löhnert 2014; Turner

and Blumberg 2019), which provides estimates of observation

errors, with the exception of the AERI data collected from

fixed PISA 1 (FP1; the AERI data from this site is described

below). The Doppler lidar processing algorithm also provides

error profiles using the method described in Newsom et al.

(2017). For these datasets, we assimilate the observations using

inflated error profiles that are tuned to produce the best fore-

cast for the case study described in D19. Before being assimi-

lated, each dataset is also preprocessed using the methods

described at length in D19, including ‘‘superobbing’’ in height

(Berger 2004) and various gross error checks. The few dif-

ferences in observation preprocessing between this study and

D19 are detailed below.

First, as the goal of this project is to evaluate the impact of

assimilating a collocated network of profiling instruments, we

only assimilate data from sites that include a rawinsonde

and each of the remote sensing profilers. However, only

two PECAN sites feature each instrument (Table 1). To in-

crease the potential number of sites, we treat Doppler lidars
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and RWPs as a single dataset that is henceforth referred to

as ‘‘composite kinematic profilers.’’ The observations for sites

that feature both wind profilers are combined using three steps.

First, the high-frequency Doppler lidar profiles are temporally

averaged using the same averaging window as the collocated

RWP. Then, for any vertical levels where the two wind profiles

overlap, we interpolate the denser profile (usually the Doppler

lidar) onto the coarser observation and the two are averaged

together. The observation error variances are also averaged

throughout these layers to produce the error profiles for the

composite dataset. Last, observations from where the two

datasets do not overlap (above or below the averaging layer)

are added back into the composite kinematic profile. This

combination increases the number of available assimila-

tion sites to seven (five fixed and two mobile sites; Table 1

and Fig. 1).

Additionally, we now assimilate the AERI from the

Atmospheric Radiation Measurement (ARM) Southern

Great Plains (SGP; Sisterson et al. 2016) station located

near Lamont, Oklahoma (known as FP1 during PECAN). This

instrument operated continuously throughout PECAN and

provided data for nearly every case examined here. We note

that the AERI observations at FP1 are retrieved using the

AERIprof retrieval algorithm (Smith et al. 1999; also called

AERIplus in Feltz et al. 2003) instead of AERIoe. AERIprof

differs from AERIoe by using a first guess from Rapid

Refresh analyses (RAP; Benjamin et al. 2016) instead of a

sounding climatology, having worse performance under

low- or midlevel clouds, collecting less frequent observa-

tions (15-min as opposed to 5-min retrievals), and not pro-

ducing unique observation error profiles for each observing

time. To assign the observation errors for AERI profiles

collected from FP1, we instead use root-mean-square differ-

ences (RMSD) between the AERI and collocated soundings

(given by Fig. 5 in Feltz et al. 2003). These errors are further

inflated using the same method applied to the AERIoe re-

trievals (D19).

b. Case selection

Weckwerth et al. (2019) describe the variety of physical

processes associated with nocturnal CI events in the Great

Plains of the United States including frontal overrunning,

events forming near a parent MCS, bores or density currents,

or pristine CI events. An overview of each category is described

here, and example cases simulated here are shown in Fig. 2

for each category. Frontal overrunning events occur when

southerly flow advects warm, moist air above a frontal boundary,

typically resulting in large-scale CI north of the boundary

(Fig. 2a). Near MCS events form in proximity of an MCS but not

along a radar fine line and can include ‘‘bow and arrow’’ (Keene

and Schumacher 2013; example in Fig. 2b) and ‘‘T-initiation’’

(Coniglio et al. 2011) events. Bore or density current events are

also associated with a parent MCS but instead develop along a

radar fine line associated with an outflow boundary (Fig. 2c).

Finally, pristine CI events include convective episodes not

influenced by parent convective systems or obvious frontal

boundaries (Fig. 2d). Weckwerth et al. (2019) provides

further details and conceptual diagrams for each type of

nocturnal CI.

Given this large variety of processes responsible for noc-

turnal CI, the skill of a convection-allowing NWP system to

predict these events likely varies significantly by case. We thus

TABLE 1. List of PECAN observing sites and instruments that are assimilated for this study. We note that the FP1 site includes three

wind profilers spaced by an average of 17 km. See Fig. 1 for the location of each fixed observing site.

Site name Location Instruments Reference

FP1 Lamont, OK AERI (AERIprof) Gero et al. (2014)

Doppler lidar Newsom and Krishnamurthy (2014)

915-MHz wind profiler (3) Muradyan (2013)

Rawinsonde UCAR/NCAR (2015a)

FP3 Ellis, KS AERI (AERIoe) Turner (2016a)

Doppler lidar Hanesiak and Turner (2016a)

449-MHz wind profiler UCAR/NCAR (2017)

Rawinsonde Clark (2016)

FP4 Minden, NE AERI (AERIoe) Turner (2016b)

915-MHz wind profiler UCAR/NCAR (2015b)

Rawinsonde UCAR/NCAR (2016a)

FP5 Brewster, KS AERI (AERIoe) Turner (2016c)

915-MHz wind profiler UCAR/NCAR (2015c)

Rawinsonde UCAR/NCAR (2016b)

FP6 Hesston, KS AERI Turner (2016d)

Doppler lidar Hanesiak and Turner (2016b)

Rawinsonde Holdridge and Turner (2015)

MP1 ‘‘CLAMPS’’ Mobile AERI Turner (2018)

Doppler lidar Turner (2016e)

Rawinsonde Klein et al. (2016)

MP3 ‘‘SPARC’’ Mobile AERI (AERIoe) Wagner et al. (2016b)

Doppler lidar Wagner et al. (2016a)

Rawinsonde Wagner et al. (2016c)
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explore the impact of assimilating the thermodynamic and kine-

matic profilers through systematic experiments that include many

nocturnal CI events observed during PECAN. From the list of

nocturnal CI events observed during PECAN and compiled

by Weckwerth et al. (2019), we select a case for evaluation if

it features 1) at least two observing sites with a rawinsonde

launched between 2330 and 0030 UTC, and 2) at least one

observing site that is no more than 300 km away from the

center of the nocturnal CI event. These conditions ensure that

we can evaluate the impact of assimilating a collocated net-

work of remote sensing profilers alongside a representation

of the current operational rawinsonde network and that the

observations are close enough to impact the primary CI event.

We note that while the cases are selected based on the presence

of this primary CI event, we verify all observed CI events that

occur within the forecast domain. After applying these condi-

tions, we select 13 nocturnal CI cases for evaluation (Table 2).

On average, the geographic center of the observing sites is

located 221 km (s 5 124.1 km) away from primary nocturnal

CI event. While this distance is larger than other studies that

assimilate field campaign data (e.g., Chipilski et al. 2020), the

cycled data assimilation allows for observation impacts to

propagate far from the observing site, thus justifying the veri-

fication of all CI events within the forecast domain.

c. Experimental design

To determine the systematic impact of assimilating this

collocated network of thermodynamic and kinematic profilers,

we carefully design a set of data addition experiments (Table 3)

based around a baseline experiment, SONDE that only features

the assimilation of conventional observations and PECAN ra-

winsondes. We then separately assimilate collocated AERIs

and composite kinematic profilers in the SONDE_TQPROF

and SONDE_UVPROF experiments, respectively, by also as-

similating the remote sensing data in addition to the baseline

observations. To ensure that these data addition experiments

demonstrate the impact of assimilating the remote sensing

instruments alongside a representation of the conventional

rawinsonde network, we only assimilate PECAN rawin-

sondes closest to 0000 UTC in all experiments. If no ra-

winsondes are launched from a site between 2330 and

0030 UTC, then all data from that site are excluded for that

case. Finally, we assimilate all sets of collocated observations

together in SONDE_ALLPROF.

3. System configuration and verification techniques

a. Model and DA system configuration

To simulate the 13 nocturnal CI events, we apply a multiscale

model and DA system adapted from Degelia et al. (2018, 2019).

We first generate initial and lateral boundary conditions for 40

ensemble members by downscaling forecasts from the first 20

members of both the GEFS (Wei et al. 2008) and Short-Range

Ensemble Forecast (SREF; Du et al. 2014). Version 3.7.1 of

WRF-ARW (Skamarock et al. 2008; parameterization schemes

shown in Table 4) then integrates this information forward

for use in cycled DA. The cycled DA is performed using

a GSI-based ensemble Kalman filter (EnKF; Wang et al.

2013; Johnson et al. 2015; Wang and Wang 2017). Because

the EnKF samples cross-variable error covariances from the

background ensemble, it allows for thermodynamic observa-

tions to update the kinematic state and vice versa. Covariance

localization and background error inflation methods are also

utilized within the GSI-based EnKF system and are detailed in

Table 4.

Although data gaps prevent the same quantity of data from

being assimilated for each nocturnal CI case, we ensure that

each site is at least assimilated for the same duration by always

beginning DA 16.5 h prior to the primary, observed CI event

(Fig. 1b; 13.5 h of DA and 3 h of forecast spinup). Four as-

similation cycles are first performed every 3 h on an outer,

CONUS domain (Dx5 12 km; d01 in Fig. 1) using conventional

data, PECAN rawinsondes, and the PECAN remote sensing

profilers to improve the analysis of synoptic and mesoscale

features. The conventional data consist of operational surface,

rawinsondes, aircraft, ship, and buoy observations obtained

from the North American Mesoscale Data Assimilation System

FIG. 1. Overview of experimental design including (a) domain

configuration for the outer (d01, 12-km resolution) and inter-

mediate (d02, 4-km) assimilation domains, as well as an exam-

ple forecast domain (d03, 1-km) used for the 30 Jun nocturnal

CI case. The forecast domain is the same size for other cases,

though its exact location within d02 shifts depending on the

location of the primary CI event. The location of each fixed

PECAN observing site assimilated here is also overlaid. We

note that two additional mobile PECAN sites are also assimi-

lated for some cases, though their location varied by event.

(b) Flowchart for the cycled assimilation, including the four

3-h assimilation cycles on d01, the six 15-min assimilation cycles

on d02, and the 7-h forecast period. The primary CI event

for each case (Table 2) occurs 3 h after the forecast initialization

period.
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(NDAS; Rogers et al. 2009). Afterward, we downscale the outer

domain to an intermediate, convection-allowing grid where radar

observations are also assimilated for six, 15-min cycles to improve

analyses of storm-scale features (Dx 5 4km; d02 in Fig. 1).

The radar observations include reflectivity and radial velocity data

that have been preprocessed using WDSS-II (Lakshmanan et al.

2007). Previous studies (e.g., Johnson and Wang 2019) indicate

that at least 1-km grid spacing is necessary to capture small-scale

convective events such as those initiating along an undular bore.

Thus, after DA is complete, we initialize 7-h forecasts from the

final EnKF analysis on a 1-km forecast domain (d03 in Fig. 1).

Following Johnson et al. (2020), we only use the first 10 ensemble

members for the forecast period to represent current convection-

allowing ensemble systems.

b. Object-based identification of CI

Given that CI is a locally rare and rapidly occurring process

(Burlingame et al. 2017), applying traditional verification

methods can be difficult (e.g., Kain et al. 2013). Recently,

Burghardt et al. (2014) developed an object-based technique

TABLE 2. List of simulated nocturnal CI events and their most likely ascent mechanisms fromWeckwerth et al. (2019). The strength of

the large-scale ascent for each case is also denoted. CI events that develop near a 500- or 700-hPa upstream trough are classified as strongly

forced, while other events are classified as weakly forced. The PECAN observing sites assimilated and their average geographic distance

from the nocturnal CI event (km) are also listed for each case. Note that while these mechanisms correspond to the primary CI event used

to select the cases, all CI objects occurring within the forecast period and domain are verified.

Time and date of CI Primary CI mechanism Strength of large-scale ascent Sites assimilated d (km)

0700 UTC 3 Jun Bore or density current Weak 5 (FP1, FP3, FP4, MP1, MP3) 389

0430 UTC 6 Jun Near MCS Weak 3 (FP1, FP3, FP4) 201

0600 UTC 24 Jun Frontal overrunning Strong 5 (FP1, FP3, FP4, FP5, MP3) 513

0300 UTC 26 Jun Frontal overrunning Strong 3 (FP1, FP3, FP5) 229

0900 UTC 30 Jun Pristine Weak 2 (FP1, FP3) 155

0430 UTC 5 Jul Pristine Weak 4 (FP1, FP3, FP4, MP1) 143

0630 UTC 6 Jul Bore or density current Strong 3 (FP1, FP4, MP1) 47

0700 UTC 9 Jul Near MCS Strong 2 (FP4, FP5) 358

0400 UTC 10 Jul Near MCS Weak 4 (FP1, FP3, FP5, MP1) 124

0530 UTC 11 Jul Near MCS Strong 5 (FP1, FP3, FP4, FP5, FP6) 225

0600 UTC 14 Jul Bore or density current Weak 5 (FP1, FP3, FP4, FP5, FP6) 223

0830 UTC 15 Jul Near MCS Weak 6 (FP1, FP3, FP4, FP5, FP6, MP3) 157

0430 UTC 16 Jul Bore or density current Strong 5 (FP1, FP3, FP4, FP5, FP6) 106

FIG. 2. Composite reflectivity (dBZ) for example nocturnal CI events from each category including

(a) frontal overrunning, (b) near MCS (bow and arrow event shown), (c) bore or density current, and

(d) pristine. The dashed white oval regions indicate the primary nocturnal CI events that are likely initiated by

the indicated ascent mechanisms. These images are courtesy of the image archive (available online at https://

www2.mmm.ucar.edu/imagearchive/) maintained by the Mesoscale and Microscale Meteorology Division

(MMM) of NCAR.
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that allows for detecting and matching between specific ob-

served and forecast CI objects. We apply this method, also

utilized by Burlingame et al. (2017) and Keclik et al. (2017),

to identify each CI event occurring during the 7-h forecast

period (example shown in Fig. 3). The same technique is si-

multaneously applied to both the forecasts and MRMS radar

observations (Smith et al. 2016) using the following steps.

First, we apply bilinear interpolation to regrid the observed

MRMS reflectivity data onto the model grid for each case.

We then identify convectively active regions in the forecast

and observations by selecting areas of reflectivity greater

than 35 dbZ at the 2108C level. Searching at the 2108C
isotherm avoids potential brightbanding effects that could

cause spurious CI events to be detected in stratiform pre-

cipitation regions (Gremillion and Orville 1999). For the

forecast data, we calculate reflectivity at2108C by searching

downward from the model top to find the first model level

where the ambient temperature is greater than 2108C. The
forecast reflectivity data are then interpolated onto that

height. The MRMS reflectivity at 2108C is calculated using

the same method, except that RAP analyses are used for

determining the height of the 2108C isotherm (NOAA

2015). We note that the height fields derived from the forecast

data and RAP analyses are generally within 100m of each

other and have little impact on the derived reflectivity product.

Once convectively active regions have been identified,

we detect individual convective objects by segregating the

reflectivity data with a watershed transform algorithm that

requires at least four contiguous grid points of reflectivity .
35 dbZ (Lakshmanan et al. 2009). These convectively active

objects are then tracked backward in time so that their starting

time and location (CI) can be determined. The object tracking

works by searching a 15-km search radius, which we subjec-

tively find to work well for the cases simulated here, around

each object at the previous output time (15min). This step

effectively tracks objects across time by merging any pairs

with a translation speed less than 60 kmh21. We note that only

;2% of objects move faster than this speed, indicating that

the threshold likely has little impact on the results presented

herein. After tracking, we remove any objects that are not

maintained for a minimum of 1 h, such that we only account

for mature, deep convection (Burlingame et al. 2017). We then

define theCI objects by the starting time and centroid location of

these convectively active objects (red and yellow dots in Fig. 3).

c. Object-based verification of CI

To quantify the capability of each forecast experiment to

predict CI, we apply both probabilistic and deterministic

verification methods based on the CI objects detected using

the previous method. The forecast probabilities are cre-

ated using individual binary masks for each ensemble mem-

ber. Given that CI often occurs at only a few grid points, we

determine ensemble probabilities using unsmoothed neigh-

borhood maximum ensemble probabilities (NMEP) that

Schwartz and Sobash (2017) recommend for locally rare

events such as updraft helicity tracks. NMEP measures the

percentage of ensemble members that produce CI within a

selected neighborhood. Once NMEP has been calculated for

each case, we then verify the probabilistic forecast fields using

fractions skill score (FSS; Roberts and Lean 2008), which

measures how well each experiment predicts general regions

of nocturnal CI.

TABLE 4. List of WRF-ARW and EnKF settings used for all simulations. We note that a different microphysical parameterization

scheme is used for the DA and forecast periods and that no cumulus parameterization is utilized on the 4-km assimilation domain (d02 in

Fig. 1). The two values shown for the localization radii represent the parameters used for the outer (12-km, d01) and intermediate (4-km,

d02) assimilation domains, respectively.

Parameterization or DA setting Scheme name or value

Microphysical parameterization (DA) WSM6 (Hong and Lim 2006)

Microphysical parameterization (forecast) Lin et al. (1983)

PBL parameterization MYNN (Nakanishi and Niino 2006)

Longwave radiation parameterization RRTMG (Iacono et al. 2008)

Shortwave radiation parameterization Goddard (Tao et al. 2003)

LSM Noah (Ek et al. 2003)

Cumulus parameterization Grell and Freitas (2013)

Localization radii (conventional observations, PECAN rawinsondes, AERIs) Horizontal (km): 700, 200

Vertical [ln(P/Pref)]: 1.1, 0.55

Localization radii (Doppler lidars, radar wind profilers) Horizontal (km): 700, 200

Vertical [ln(P/Pref)]: 0.20, 0.20

Localization radii (radar observations) Horizontal (km): N/A, 20

Vertical [ln(P/Pref)]: N/A, 0.55

Inflation factor (prior) 1.15, decreasing to 1.03 at model top

Inflation factor (posterior) 0.95 of prior spread

TABLE 3. List of experiments.

Experiment Datasets assimilated

SONDE PECAN rawinsondes launched between

2330 and 0030 UTC

SONDE_TQPROF All observations from SONDE plus

collocated thermodynamic profilers

SONDE_UVPROF All observations from SONDE plus

collocated kinematic profilers

SONDE_ALLPROF All observations from SONDE_TQPROF

and SONDE_UVPROF
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The deterministic verification technique (Fig. 3) matches

between forecast and observed objects based on subjectively

chosen spatiotemporal thresholds (Burghardt et al. 2014).

We match between forecast and observed objects if 1) the

centroid distance between the pair is less than 150 km, and 2) if

the absolute difference in their initiation times is less than 2 h.

We also perform various sensitivity tests that change these

spatiotemporal thresholds and find little to no impact on the

FIG. 3. Example of the object-based CI detection algorithm applied throughout this study for forecast member

1 of SONDE_ALLPROF on 3 Jun. The background shading represents the (a),(c),(e),(g) observed and

(b),(d),(f),(h) forecast reflectivity at 2108C (dBZ). The unmatched CI objects, indicated at the time and centroid

location of CI, are represented by red dots. If a CI object is matched between the forecast and observed objects, it is

instead represented by a yellow dot and the pair ID is annotated above the object.
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relative performance between the assimilation experiments.

If we find multiple potential matches between object pairs,

then we match the pair with the lowest composite error

(E; Burghardt et al. 2014), defined as

E5 [E2
d 1 (V

c
E

t
)2]

1/2
, (1)

whereEd is the centroid distance error, Et is the absolute timing

error, and Vc is a representative storm motion calculated by

averaging the simulated wind speed between 450 and 850 hPa at

the location of the observed CI object (Burlingame et al. 2017).

After matching between the forecast and observed ob-

jects (yellow dots in Fig. 3), we organize results into a 2 3 2

contingency table and calculate the standard verification

metrics (Wilks 2011) of probability of detection (POD), false

alarm ratio (FAR), bias, and critical success index (CSI).

Recent studies (e.g., Skinner et al. 2016; Schwartz et al. 2017)

explore various ways to compute similar object-based verifi-

cation metrics across an ensemble. Here, we compute these

contingencymetrics by combining hits, misses, and false alarms

from each forecast member into a single contingency table

such that one value of each metric is computed for the ensemble

per case. Consequently, the limited number of cases (n 5 13)

prevents the estimation of statistical significance. In addition

to the contingency metrics, we also calculate timing, distance,

speed, direction, aspect ratio, and axis angle errors of the

matched object pairs following the definitions in Davis et al.

(2006). We calculate the latter four attributes 1 h after CI

such that the convection has had some time to evolve from

its original cellular shape.

4. Systematic impact of assimilating remote sensing
profiles for forecasts of nocturnal CI

We first assess the general impacts of assimilating the

PECAN profilers by verifying NMEP forecasts of both hourly

precipitation exceeding 6.35mm (0.25 in.) and CI (Figs. 4, 5).

In general, each experiment performs similarly for precipita-

tion with only slight changes to the FSS when assimilating re-

mote sensing data. Compared to SONDE, assimilating the

thermodynamic profilers in SONDE_TQPROF slightly im-

proves the mean precipitation skill at most forecast hours and

for both neighborhood sizes (Figs. 4a,b). Most of the impact to

the mean FSS skill in SONDE_TQPROF is a result of three

cases (i.e., outliers in Figs. 5a,b). Conversely, assimilating the

kinematic profilers leads to a consistent negative impact for

FIG. 4. Time series of fractions skill score (FSS) for varying neighborhoods. The time series is created by aver-

aging the time series of FSS for the 13 individual CI cases. The statistics are calculated for (a),(b) hourly precip-

itation exceeding 6.35mm (0.25 in.) and (c),(d) CI objects detected over the previous hour. Also shown are (a),(b)

the average number of grid points where observed hourly precipitation exceeds 6.35mm, and (c),(d) the average

number of observed CI objects. While each CI event during the 7-h forecast is verified here, the timing of the

primary CI event used to select the 13 cases is indicated by the gray shading.
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FIG. 5. Box-and-whisker plots for FSS differences between the indicated experiment and

SONDE (FSSEXPERIMENT 2 FSSSONDE) using varying neighborhoods. The statistics are cal-

culated for (a),(b) hourly precipitation exceeding 6.35mm (0.25 in.) and (c),(d) CI objects

detected over the previous hour. The line through the middle of the box represents the median

of the data. The bottom of the box represents the lower quartile and the top of the box rep-

resents the upper quartile. The whiskers extend to the 1.5 times the interquartile range (IQR).

Any outliers above or below 1.5 3 IQR are plotted as circles.
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precipitation. SONDE_UVPROF produces lower skill com-

pared to SONDE, especially during the early and later forecast

hours (Figs. 4a,b), leading to median FSS impacts of

20.02 to 20.01 depending on the exact neighborhood size

(Figs. 5a,b). When assimilating both sets of profilers together in

SONDE_ALLPROF, we find little impact to the FSS such that

the negative impacts of assimilating the composite kinematic

profilers likely counteract the positive impacts of assimilating

the thermodynamic profilers. Additionally, though the fore-

casts are more skillful when verifying over a larger neigh-

borhood, the impacts remain generally the same magnitude

at both r 5 50 and 150 km.

Similar to results found by Keclik et al. (2017), all experi-

ments produce much lower skill for CI forecasts compared to

precipitation (Figs. 4, 5). Though not necessarily surprising,

this suggests that convection-allowing NWP systems can

predict general regions where precipitation is likely to occur,

but struggle to predict the precise timing and location of ini-

tiation within those regions. We also find that assimilating the

PECAN profilers has a larger overall impact for CI compared

to precipitation (Figs. 4c,d, 5c,d). Using a 50-km verification

neighborhood, we find that SONDE_TQPROF produces in-

creased skill compared to SONDE at ;4.5 h (Fig. 4c), and

between 3.5 and 6.5 h when using a 150-km neighborhood

(Fig. 4d). Conversely, SONDE_UVPROF often produces

similar or lower skill compared to SONDE, most notably at

;3 h using a 50-km neighborhood (Fig. 4c) and at ;5 h when

using a 150-km neighborhood (Fig. 4d). Again, these impacts

likely cancel each other out when both datasets are assimilated,

such that SONDE_ALLPROF produces similar skill to SONDE

FIG. 6. Performance diagrams for each nocturnal CI case. The x axis is the success ratio (12
false alarm ratio) and the y axis is the probability of detection. The critical success index is

represented by the curved black lines and the bias is represented by the straight blue lines. The

different marker styles indicate a different nocturnal CI event, while the marker size indicates

the number of sites assimilated and the transparency of the maker indicates the average dis-

tance between the geographic center of the observing sites and the primary CI event of interest

(Table 2). Additionally, the hatched, circular markers near the center of the plot represent the

mean across all 13 nocturnal CI cases.

TABLE 5. Mean contingency statistics for each experiment including the number of observed and forecast CI objects per case,

probability of detection (POD), false alarm ratio (FAR), bias, and critical success index (CSI). The number of forecast objects

is also averaged across the 10 ensemble members. POD, FAR, bias, and CSI are calculated over every nocturnal CI event within

the forecast domain, while POD-primary is calculated over only the nocturnal CI events corresponding to the primary ascent

mechanisms listed in Table 2.

Statistic SONDE SONDE_TQPROF SONDE_UVPROF SONDE_ALLPROF

No. of observed CI objects 15.5 15.5 15.5 15.5

No. of forecast CI objects 15.4 15.3 14.2 15.3

POD 0.53 0.54 0.50 0.52

FAR 0.48 0.48 0.47 0.50

Bias 1.13 1.09 1.04 1.14

CSI 0.34 0.35 0.33 0.33

POD-primary 0.66 0.70 0.64 0.68
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(Figs. 4c,d, 5c,d). We discuss hypotheses for why assimilating

kinematic data sometimes degrades the nocturnal convective

forecasts in later sections. Additionally, the FSS for CI shows

stronger case-to-case variability (as indicated by the taller

boxes in Figs. 5c,d) and more hourly variability than the FSS

for precipitation (Figs. 4c,d). The latter result is likely related

to the large variability in the number of observed CI objects,

as Figs. 4c and 4d shows local minimums in skill when the

observed object counts decrease at forecast hour 6. These in-

creased impacts for CI compared to precipitation suggests that

nocturnal CI forecasts are more sensitive to the boundary layer

modifications generated by assimilating the remote sensing

data. While small changes to the low-level preconvective

environment might slightly shift the location or magnitude

of large-scale precipitation regions, similar changes can also

cause CI forecasts to entirely fail or new CI events to occur

(e.g., Martin and Xue 2006).

While the FSS metric quantifies how well each experiment

predicts general regions of CI, we also perform a deterministic

verification technique that matches between specific observed

and forecast CI events (Table 5). This method allows us to not

only compute the percentage of CI events that are successfully

predicted, but also measure the number of false alarms and

estimate various errors of the successful matches. We note

that the ‘‘POD-primary’’ in Table 5 evaluates only over objects

associated with the primary CI events used to select the 13 CI

cases (Table 2), while the other detection statistics verify over

every CI object within the model domain.

Similar to the probabilistic verification results, we find that

each experiment produces similar contingency metrics with

mean PODs and FARs of;0.50, biases of;1.10,1 and CSIs of

;0.33 (Table 5). While the assimilation impacts to these con-

tingency metrics are small, we find measurable impacts that

agree with the findings presented for the probabilistic verifica-

tionmethods. First, assimilating the thermodynamic retrievals in

SONDE_TQPROF produces the best results for many contin-

gencymetrics. Compared to SONDE, SONDE_TQPROF leads

to small increases in POD (10.01), POD-primary (10.04),

and CSI (10.01), and a small decrease in the bias (20.04).

Conversely, assimilating the kinematic profilers produces the

worst overall metrics for POD, CSI, and POD-primary.

SONDE_ALLPROF performs similarly to SONDE, indicat-

ing that positive and negative impacts of assimilating the two

datasets again counteract each other. We note the average

POD is slightly higher when verifying over objects associated

with the primary CI events targeted by the data assimilation

(;0.64). In addition to being located closer to the mobile ob-

servations, these events are often the largest within the domain

and are likely easier to capture. However, the impact on the rest

FIG. 7. As in Fig. 5, but for CSI differences between the indicated experiment and SONDE

(CSIEXPERIMENT 2 CSISONDE) for (a) weakly forced and (b) strongly forced cases.

1 The mean bias for each experiment is greater than 1.0 despite a

lower average number of forecast objects compared to observed

objects. This is due to most cases featuring a bias less than 1.0, but

three cases producing many forecast objects where the individual

bias for that case is greater than 1.6.
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of contingency statistics generally do not change when limited

to the primary CI events (not shown).

We also present performance diagrams (Roebber 2009) for

each individual CI case in Fig. 6. In general, we find strong case-

to-case variability in both the baseline performance and for

the impact of assimilating the remote sensing profilers. For

example, SONDE_ALLPROF shows a large increase in CSI

compared to SONDE for the 24 June frontal overrunning

case (pentagons in Fig. 6). However, assimilating both datasets

together has the opposite impact for the 26 June frontal

overrunning case (stars in Fig. 6). Likewise, we also find a few

cases where assimilating the thermodynamic data degrades the

forecast skill (e.g., 16 July given by triangles in Fig. 6) despite

the mean contingency impacts being positive. Romine et al.

(2016) find similar results when assimilating dropsonde data,

noting that the cases with the most positive impacts feature

FIG. 8. Composite, or mean, time–height cross sections for differences in divergence

(1025 s21; shading) and DzLFC (m; contours) between SONDE and other experiments. The

cross sections are averaged over a 75-km radius around the observed CI event. The cross

sections are also plotted relative to the observed timing of CI such that the final point on the

x axis indicates CI.

TABLE 6. Mean attribute errors for the successful matches (hits) of each nocturnal CI event. All errors are calculated as (forecast

attribute 2 observed attribute) and all errors except for distance can be either positive or negative. The timing and distance errors are

calculated at the valid time for CI, while the speed, direction, aspect ratio, and axis angle errors are calculated 1 h after CI such that the

convection has had some time to develop from its original cellular shape.

Mean error SONDE SONDE_TQPROF SONDE_UVPROF SONDE_ALLPROF

Timing (min) 2.5 3.5 21.1 0.2

Distance (km) 70.4 68.9 69.2 65.5

Speed (m s21) 20.2 20.2 20.4 20.1

Direction (8) 13.4 12.4 14.3 12.4

Aspect ratio 0.04 0.04 0.02 0.07

Axis angle (8) 29.6 29.0 28.3 22.6
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observations that sample broad regions around the event of

interest. Thus, the case-to-case variability shown here is likely

sensitive to both the number of observing sites assimilated

and their location relative to the CI event (see marker size

and transparency in Fig. 6). We also compare the impact

of assimilating the remote sensing data to the strength of

synoptic-scale ascent (Fig. 7). Cases that feature an upstream

trough at either 500 or 700 hPa are classified as strongly forced

(6 out of 13 cases), while other events are classified as weakly

forced (7 out of 13 cases). This subjective analysis reveals that

most of the impact to the mean CSI in SONDE_TQPROF

results from assimilating the AERI data for strongly forced

cases (Fig. 7b). Instead, assimilating the AERI observations

for weakly forced cases produces little-to-no impact, sug-

gesting that much of the case-to-case variability could also

be related to the synoptic regime that the nocturnal CI

events develop within.

Finally, we also calculate mean attribute errors for the suc-

cessful matched pairs (Table 6). We note that the timing and

distance errors shown are likely biased, as an event would only

be included in this calculation if it passed certain thresholds of

these errors to be considered a match. Overall, each experi-

ment produces near zero mean timing errors. Although this

result agrees with previous evaluations of CI forecasts (Johnson

et al. 2017; Kain et al. 2013), we note that the mean absolute

timing error for each experiment is ;45min (not shown),

indicating that NWP forecasts still struggle to predict the

precise timing of CI. Each experiment also produces a dis-

tance error of ;70 km, which is slightly larger than previous

studies (e.g., ;50 km in Keclik et al. 2017), though these exact

values are likely sensitive to the specific ascent mechanism for

each CI event. When assimilating the thermodynamic profilers,

the experiments show small improvements to the distance, di-

rection, and axis angle errors. Assimilating the composite ki-

nematic profilers also slightly improves the timing, distance,

aspect ratio, and axis angle errors. When both datasets are as-

similated in SONDE_ALLPROF, the forecasts produce the

lowest errors in timing, distance, direction, and axis angle.

Thus, while we find that the impacts of assimilating the two

profiler networks counteract each other for detection of CI, we

instead find improvements to the attributes of the CI event

when assimilating both thermodynamic and kinematic data

together.

5. Preconvective analysis of observation impacts

To better understand why assimilating the thermody-

namic profilers results in better forecasts of nocturnal CI

FIG. 9. As in Fig. 8, but for differences in water vapor mixing ratio (g kg21; shading) and

temperature (8C; contours).
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and precipitation, and why assimilating the kinematic datasets

often degrades these forecasts, we create composite time–

height cross sections leading up to the CI event. The cross

sections are formed by averaging each case and ensemble

member over a 75-km radius centered on the primary observed

CI event to capture the average distance error between fore-

cast and observed objects (Table 5). We then plot differences

in the convective ingredients (Johns and Doswell 1992) be-

tween SONDE and other experiments in Figs. 8–10.

In general, separately assimilating the collocated profilers

has similar impacts on the midlevel divergence (Figs. 8a,b).

Both the thermodynamic and kinematic profilers enhance the

midlevel ascent during the 2 h period prior to CI (i.e., reduced

divergence in Figs. 8a,b), though SONDE_TQPROF enhances

the ascent in a slightly higher layer (1.5–3 km AGL) compared

SONDE_UVPROF (1–2km AGL). We note that the increased

low-level divergence in all figures ;1 h prior to CI is likely a

result of stronger cold pools and their associated downdrafts

compared to SONDE. As Wilson and Roberts (2006) show

that most nocturnal convective events develop in environ-

ments featuring midlevel convergence, the impacts shown here

indicate that assimilating both sets of profilers generally

yields a preconvective environment that is more supportive of

nocturnal CI. When both sets of profilers are assimilated to-

gether, SONDE_ALLPROF (Fig. 8c) shows an elevated di-

vergence field similar to the individual experiments. Therefore,

both datasets likely improve similar deficiencies in the ascent

forecast by SONDE such that there is no significant change

when assimilating the profilers together.

While the remote sensing profilers make similar modifica-

tions to the ascent prior to CI, we instead find large differences

in their impact on the preconvective thermodynamic fields

(Fig. 9). For example, assimilating the AERIs results in a

moister cross section above 500m AGL (10.3 g kg21; Fig. 9a).

Assimilating the composite kinematic profilers instead pro-

duces drying throughout the same layers (20.3 g kg21; Fig. 9b).

We also find that assimilating the AERIs results in weak

low-level warming and midlevel cooling (Fig. 9a), whereas

assimilating the composite kinematic profilers leads to slight

midlevel warming throughout most of the cross section (Fig. 9b).

The connection between the thermodynamic modifications

and the detection of nocturnal CI is clear when comparing

the assimilation impacts for convective indices (Fig. 10). The

cooling and moistening in SONDE_TQPROF corresponds to

increased CAPE (Fig. 10a) by ;100 J kg21 for elevated par-

cels originating between 500 and 1000m AGL, and slightly

FIG. 10. As in Fig. 8, but for differences in CAPE (J kg21; shading) and CIN (J kg21;

contours). Negative values of CIN represent a decrease in inhibition for that experiment

compared to SONDE.
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reduced inhibition (Fig. 10a) by ;5 J kg21 throughout the

same layer. These modifications also correspond to;150m of

less lifting required for parcels initiating between the surface

and 1 km AGL to reach their level of free convection (DzLFC;
Fig. 8a), though DzLFC is most strongly modified 1–3 h prior to

the observed CI time. As such, the modifications made in

SONDE_TQPROF result in more buoyant parcels that require

less lifting to reach their LFCand are thusmore likely to produce

CI compared to the baseline SONDE experiment. Conversely,

SONDE_UVPROF results in modifications that are largely

neutral including only a small increase in CAPE (Fig. 10b), al-

most no decrease in CIN (Fig. 10b), and no reduction in DzLFC
(Fig. 8b). These findings likely explain why assimilating the

thermodynamic data results in more members being matched to

the observed CI objects and overall better performance metrics,

while assimilating the kinematic data likely degrades the noc-

turnal convective forecasts through updates to the preconvective

thermodynamic state that may hinder CI.

We perform various analyses to determine why assimilating

the composite kinematic profilers often results in drying and

warming prior to CI, while the AERIs, which directly measure

these thermodynamic variables, produce opposite effects. In

Fig. 11, we compare the assigned observation error standard

deviations for the kinematic profilers at FP3 and FP6 to the

RMSD between the profilers and collocated rawinsondes.

Because the RSMD provides a measure of the instrument er-

ror, it should always be less than the assigned error (sc) that

includes representation factors (Janjić et al. 2018). Although

three of the six kinematic profiling sites feature reasonable

observation errors (FP6 shown in Fig. 11a), three other sites

show an RMSD that is often greater than the assigned obser-

vation errors (FP3 shown in Fig. 11b). The underestimated

observation errors at FP3 become increasingly problematic

above 1.5 km AGL and could lead to erroneous observations

near the top of the wind profile being weighted more heavily

than they should in the DA update. As such, it is possible that

these underestimated kinematic errors at some sites could

contribute to updates to the thermodynamic state that oppose

the collocated AERIs. However, given that the representation

component of observation errors is case- and site-dependent,

simply increasing the errors by a constant amount might not im-

prove forecast results for all cases. Advanced methods are there-

fore needed that can diagnose flow-dependent observation errors

for kinematic profilers and remote sensing instruments in general.

6. Example cases

While assimilating kinematic profilers sometimes degrades

the CI forecasts, three cases also show complementary results

when assimilating both the kinematic and thermodynamic

FIG. 11. Root-mean-square differences (red and green; m s21) between the composite ki-

nematic profilers and collocated soundings launched at (a) FP6 (n5 10) and (b) FP3 (n5 21).

The location for each of these sites is shown in Fig. 1a. Also overlaid is the mean, inflated

observation error standard deviation (black; m s21) for the same composite kinematic

observations.
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data together (Fig. 6). This final section explores two example

cases in further detail, one that featured both datasets

complementing each other such that SONDE_ALLPROF pro-

duces the best forecast of the nocturnal CI event, and one inwhich

assimilating the composite kinematic data degrades the forecast.

a. 24 June frontal overrunning event

The 24 June event featured a large-scale CI episode that

developed in central Iowa (dashed black oval in Fig. 12) near a

region of isentropic ascent of the LLJ above a stationary sur-

face boundary (Trier et al. 2020). The simulated CI was also

partially generated by additional convergence both along the

northern terminus of the LLJ, and along an outflow boundary

generated by earlier convection in central Nebraska. Without

any remote sensing data assimilated, SONDE predicts this

event with low neighborhood ensemble probabilities (NEP;

Schwartz and Sobash 2017) that are displaced too far south

compared to the observed event at 0700 UTC (Fig. 12b).

Assimilating the thermodynamic profilers increases the timing

error for the initial CI event (Figs. 12a,d), but also correctly

enhances the NEP values by ;20% after the simulated CI

occurs (Figs. 12c,f). We note that SONDE_TQPROF also

enhances the NEP values of the spurious convection in

northeastern Nebraska at 0930 UTC (dashed red oval in

Figs. 12c,f). Assimilating the kinematic profiles reduces

the overall extent of the predicted event and suppresses

much of the spurious convection produced by SONDE and

SONDE_TQPROF (Fig. 12i). When both remote sensing

datasets are assimilated together, SONDE_ALLPROF predicts

a convective system with large NEP values (.75%) that better

FIG. 12. Neighborhood ensemble probability of composite reflectivity exceeding 30 dbZ for the 24 Jun frontal overrunning case valid

at (a),(d),(g),(j) 0500, (b),(e),(h),(k) 0700, and (c),(f),(i),(l) 0930 UTC. Each plot is computed using an 8-km neighborhood. Also

overlaid are the 30-dbZ contours of observed composite reflectivity. See text for a description of the dashed ovals.
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FIG. 13. Differences in 700 hPa analyzed ensemble-mean water vapor mixing ratio (g kg21) for (a),(c),(e)

SONDE_TQPROF and SONDE; and (b),(d),(f) SONDE_UVPROF and SONDE. The plots are valid at (a),(b)

1930 UTC 23 Jun; (c),(d) 0130 UTC 24 Jun; and (e),(f) 0300 UTC 24 Jun. Also contoured is the ensemble-mean

water vapor mixing ratio (every 2 g kg21) for SONDE. The shaded dots in (a),(c), and (e) represent innovation

values (observationminus background; same color and scale as fill) for theAERI observation closest to 700 hPa and

assimilated in SONDE_TQPROF. The cyan triangles in (b),(d), and (f) represent the location of composite ki-

nematic profilers assimilated in SONDE_UVPROF. The dashed red ovals correspond to the primary location of

the frontal overrunning CI event for 24 Jun.
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FIG. 14. As in Fig. 13, but for differences in 800-hPa analyzed wind speed (m s21). Also contoured is the

ensemble-mean wind speed (every 2m s21) for SONDE. The green dots in (a), (c), and (e) represent the location of

AERI observations assimilated in SONDE_TQPROF. The shaded dots in (b), (d), and (f) represent the innovation

values (observation minus background; same color and scale as fill) for the composite kinematic profiler obser-

vations closest to 800 hPa and assimilated in SONDE_UVPROF. The dashed pink ovals correspond to the primary

location of the frontal overrunning CI event for 24 Jun.
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match the observed event compared to other experiments

(Figs. 12c,f,i,l). We note that the 24 June case features the

largest positive impact from assimilating the remote sensing

data despite the observing sites being over 500 km from the CI

event on average (Table 2).

We find that assimilating the thermodynamic profilers

primarily enhances the convective probabilities through

increased midlevel moisture near the region of CI (Fig. 13).

This moisture originates from AERI observations collected

between 700 and 750 hPa at FP3 and FP5. These observations

show large, positive innovations and lead to differences of

;11–2 g kg21 in SONDE_TQPROF during the early assimi-

lation cycles (Fig. 13a). The southwesterly background flow

then advects this additional moisture into eastern Nebraska

(Figs. 13c,e) and later into the region of CI. As a result, ele-

vated parcels in SONDE_TQPROF feature increased CAPE

and reduced CIN compared to SONDE (not shown). It is also

likely that this additional moisture supports the enhanced

probabilities for convection in central Nebraska (dashed blue

ovals in Figs. 12e,k) that later generates the strong outflow

boundary responsible for spurious CI events in northeastern

Nebraska (dashed oval region in Fig. 15b).

Although assimilating the kinematic profilers results in

slight drying near the region of CI (Fig. 13), we instead find that

these data improve the CI forecast through an enhancement

of the ambient wind speed in northeastern Nebraska (Figs. 14,

15). During early DA cycles, the FP3 and MP3 wind profilers

observe faster wind speeds than the ensemble backgrounds at

800 hPa (shaded dots in Figs. 14b,d). Assimilating these

data causes a large increase in the wind speeds around the

Kansas and Nebraska border that is then spread throughout

the region of CI (Figs. 14d,f). As such, SONDE_UVPROF

and SONDE_ALLPROF produce stronger wind speeds in

northeastern Nebraska by ;2.5m s21 during the forecast pe-

riod (Figs. 15c,d). When an outflow boundary produced by

earlier convection in central Nebraska passes through this

region at later forecast times, the enhanced background flow

weakens the speed convergence (dashed oval region in Fig. 15)

and thus the extent of the spurious convection (Figs. 12c,i,l).

When both remote sensing datasets are assimilated together, their

impacts complement each other such that SONDE_ALLPROF

features the benefits of both the enhanced moisture from as-

similating the thermodynamic data and the weakened conver-

gence that reduces the spurious convection when assimilating

kinematic data (Fig. 15d). These combined effects likely ex-

plain why SONDE_ALLPROF produces the most accurate

convective forecast overall (Fig. 12l).

b. 26 June frontal overrunning event

The nocturnal CI event on 26 June (detailed in section 2 of

D19) featured similar ascent mechanisms to the 24 June event,

including frontal overrunning by the LLJ over a stationary

boundary and enhanced convergence at the terminus of the

LLJ.When assimilating the thermodynamic data, we find general

improvements to the CI forecast compared to SONDE, such

that higher NEPs are predicted along the central portion of the

FIG. 15. Ensemble-mean forecasts of 800-hPa winds (m s21; shading and barbs) and horizontal convergence

(contoured in black every 15 3 1026 s21) valid at 0700 UTC 24 Jun. The half barbs represent wind speeds

of 2.5m s21 and the full barbs represent wind speeds of 5m s21. See text for a description of the dashed red ovals.
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linear CI event and spurious convection to the southwest is

suppressed (dashed black ovals in Figs. 16a,c). Conversely,

SONDE_UVPROF predicts lower NEP values along most of

the event (Fig. 16e). Additionally, at later forecast times when

additional convection develops northwest of the main linear

band, SONDE_UVPROF generates fewer convective cells and

with lower probabilities compared to SONDE(dashed pink ovals

in Figs. 16b,f). SONDE_ALLPROF also shows similar problems

compared to SONDE_UVPROF such that the linear nocturnal

CI event is predicted with a southeastern bias (Fig. 16g), and the

second CI event is almost entirely missed (Fig. 16h).

As was discussed in the previous section, assimilating ther-

modynamic or kinematic data often has opposite effects on the

preconvective moisture environment. Figure 17 demonstrates

FIG. 16. As in Fig. 12, but for the 26 Jun frontal overrunning case valid at (a),(c),(e),(g) 0300 and (b),(d),(f),(h)

0500 UTC.
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an example of this for the 26 June CI event. Assimilating the

thermodynamic data introduces additional midlevel moisture

(Fig. 17a), primarily originating from FP3, that is later advected

into the region of CI and enhances the environment for new con-

vective events (red dashed oval region in Figs. 17c,e). Conversely,

assimilating the wind profiler data from the same site intro-

duces drying that suppresses new development (Figs. 17b,d,f).

We hypothesize that this drying in SONDE_UVPROF results

from assimilating wind data near the top of the composite kine-

matic profile at FP3 (Fig. 18b). Thewind observation at 1930UTC

FIG. 17. As in Fig. 13 but for 750-hPa water vapor mixing ratio (g kg21) and valid at (a),(b) 1930 UTC 25 Jun; (c),(d)

2230 UTC 25 Jun; and (e),(f) 0000 UTC 26 Jun. The dashed red ovals correspond to the primary location of the frontal

overrunning CI event for 26 Jun. The blue circle in (b) indicates the location of the FP3 profile shown in Fig. 18.
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is much slower than the background wind between 700 and

800 hPa and causes a large reduction in the analyzed y wind

when assimilated (Fig. 18b). Given the negative north–south

moisture gradient near FP3 (Fig. 17b), assimilating this slower

y wind also weakens the northward moisture advection into

central Kansas. Though we have no independent observations to

verify the weakened moisture advection, the convective forecast

serves as an indirect verification tool. Thus, compared to the

moistening and improved CI forecast that results from assimilat-

ing the thermodynamic data, we assume that the data near the top

of thewind profile at FP3 are likely incorrect.Without an accurate

representation of their observation errors (Fig. 11b), such data are

thus likely responsible for the degraded forecast quality.

7. Summary

This study evaluates the systematic impact of assimilating a

network of ground-based remote sensing instruments alongside

collocated rawinsondes for 13 nocturnal CI events. The PECAN

project provides a valuable dataset for determining these im-

pacts given the diverse forcing mechanisms and environments

for each case. Additionally, as most nocturnal convection is

forced by mechanisms above the surface, such events serve as

useful examples to understand the benefit of profiling instru-

ments specifically. Although the limited number of nocturnal

CI events sampled during PECAN prevents the estimation of

statistical significance of the observation impacts, the results

shown here offer valuable information compared to previous

case studies that only assimilate data for one case or from a

single observing site.

We find small but consistent improvements across nearly all

verificationmetrics when assimilating thermodynamic profilers

alongside collocated rawinsondes. These improvements in-

clude an increase in mean FSS in addition to improvements to

standard contingency metrics such as POD, CSI, and bias. We

find that assimilating the thermodynamic profiling data primarily

results in midlevel cooling and moistening prior to CI, thus en-

hancing the likelihood of convective development and improving

the detection of observed events. These results provide

further evidence that a network of thermodynamic remote

sensing profilers can have positive impacts on convective-

scale forecasts.

Conversely, assimilating the collocated kinematic profilers

often degrades the forecast performance for the detection of

nocturnal CI, likely due to opposite impacts to the preconvective

thermodynamic fields compared to the direct observations from

the AERIs. When both datasets are assimilated together, these

detriments often counteract the benefits of assimilating the

thermodynamic data. However, while assimilating the kine-

matic data often degrades the detection of nocturnal CI, we

find some forecast improvements when assimilating both

datasets together. For example, the CI events that are successfully

detected in SONDE_ALLPROF show lower timing, location, and

orientation errors. To further improve the precise timing and lo-

cation of CI, denser observing networks would likely need to be

assimilated compared to the two to six sites assimilated here.

Assimilating such a wider network of profilers would likely better

constrain the location of convergence boundaries forwhichwe saw

little impact in this study. Finally, we also find strong variability in

the impact of assimilating these datasets for different cases, likely

due to the diverse mechanisms responsible for each nocturnal CI

event and the number and relative location of each observing site.

We hypothesize that the forecast degradations from assim-

ilating kinematic data are related in part to underestimated

observation errors at some sites. These findings, along with the

relationship between error inflation and forecast skill discussed

in D19, suggest a large sensitivity between observation impacts

and their assigned observation errors when assimilating high-

frequency, remote sensing data. This sensitivity is likely further

compounded by the large number of profilers that are assimi-

lated at one time in this study (as many as 12 profiles from the

same site during one DA cycle). As representation errors vary

by environment, empirical error inflation methods such as the

one applied here are likely not valid for a large set of cases.

Thus, future work will examine flow-dependent methods to di-

agnose observation error variances for high-frequency profilers,

including sampling representation errors from the background

ensemble (e.g., Satterfield andHodyss 2017), or using background

and analysis-error statistics to derive optimal observation errors

(e.g., Desroziers et al. 2005).

FIG. 18. Ensemble-mean background (green) and analysis (red) wind profiles for the 1930 UTC composite

kinematic observation assimilated from FP3 (black; location circled in blue in Fig. 17b).
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