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Obtaining a faithful probabilistic depiction of moist convection is challenging because of
intrinsic predictability limits of geophysical systems at small scales as well as errors present
within models and observations. Understanding each of these challenges is further complicated
by assumptions made in data assimilation (DA) techniques. In order to untangle sources of uncer-
tainty in convective weather regimes and ultimately improve state estimates for severe convective
storms, we evaluate novel data assimilation and observing strategies using a WRF modeling sys-
tem adapted and expanded from the National Severe Storm Laboratories Warn on Forecast Sys-
tem. As a core component of our vision for moist-convective state estimation, we evaluate particle
filtering (PF) methods as an alternative to DA methods based on linear estimation theory. From
a Bayesian perspective, PF’s represent prior and posterior error distributions non-parametrically
rather than assuming a Gaussian distribution and can accept any type of likelihood function. This

approach is known to reduce bias introduced by data assimilation methods that rely on only the



first two statistical moments to perform state estimation. The form of PF used in this research
implements a localization strategy that makes it affordable for large geophysical applications,
such as convection-allowing weather models. Beyond the methods used for DA, our work also
explores fundamental aspects of how mesoscale convective systems (MCS’s) are constrained by
observations in analyses and forecasts, with implications for the configuration of observing sys-
tems and choices made in parameterization schemes. The first part of this dissertation examines
posterior ensembles and their forecasts for selected severe weather events between 2019 — 2020,
comparing results from the PF with those from an Ensemble Kalman Filter (EnKF). We find that
PF-based DA with 64-member ensembles produces posterior quantities for microphysical vari-
ables that are more consistent with model climatology than comparable quantities from an EnKF,
which we attribute to a reduction in DA-induced bias. These differences are significant enough to
impact the dynamic evolution of convective systems via cold pool strength and propagation. The
second phase of this dissertation leverages the same mesoscale analysis and forecasting system to
examine observation collection strategies for the evolving Maryland Mesonet. This portion of re-
search introduces a framework for conducting observing system simulation experiments (OSSEs)
and establishes limitations on the marginal utility of surface observing system density for EnKF
assimilation in moist-convective contexts. The final portion of this dissertation expands upon
earlier findings with the PF by evaluating a set of techniques intended to improve state estima-
tion with the PF by addressing deficiencies caused by model error and pre-processing constraints
placed on observations, as well as relaxing assumptions of regime-invariance and Gaussianity
made for likelihood functions. We find that modifications to key parameters within the cloud
microphysics scheme adopted for this research benefit precipitation and hydrometeor estimates

produced by the PF—in a manner that is difficult to discern from similarly configured EnKF ex-



periments. Additional benefits are found in observing configurations for reflectivity that remove
the typical distinction between reflectivity returns above and below a cut-off threshold, which
we again hypothesize to be a design choice that has a great impact on PF-based DA. Lastly, we
find that the removal of Gaussian assumptions does not improve the resulting state estimates, but
note that potential improvements may be achieved with observation uncertainty quantification
strategies that better account for analysis error when forming non-parametric representations of

observation errors within the DA framework.
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Chapter 1: Motivation and background for experiments implementing novel

data assimilation and observing strategies

1.1 Introduction

Although geophysical data assimilation (DA) is commonly understood as the use of obser-
vational data to inform numerical models and their predictions, it is less commonly appreciated
as the combined action of two forms of model-one statistical, one physical-through which the
statistical model draws initial conditions by updating a probabilistic representation of quantities
from an underlying deterministic physical model. In this context, a perfect physical model would
exactly capture all processes acting upon an input system across all scales, whereas a perfect
statistical model would exactly capture all ways in which observations impact uncertainty in our
state estimates via Bayes’ Theorem. As with physical models, a perfect statistical model is not
achievable and their practical implementation requires various forms of approximation. These
approximations vary significantly between modeling systems and include the approximation of
dynamically evolving covariances with Gaussian ensemble statistics in the case of the ensemble
Kalman filter, as well as the compulsory use of inflation and localization to cope with model error
and sampling deficiency.

Approaches to DA relying on such approximations and assumptions have proven quite ver-



satile to an array of domain applications—from the medium-range prediction of global synoptic-
scale weather patterns to the short-range prediction of severe weather impacts. It is often the case
that settings for inflation, localization, and fixed observational error covariances are heavily tuned
for operational contexts, such that they reflect an optimized configuration that may outperform
systems featuring weaker assumptions. At the same time, evolving forecast requirements and
the desire for state estimates that more closely reflect solutions to Bayes’ theorem may require
the implementation of strategies that—among other things-—do not depend on Gaussian assump-
tions for prior errors. While Gaussian-assuming methods like the EnKF are inherently rooted
in Bayesian estimation theory, and produce solutions to Bayes theorem that minimize posterior
errors in a root-mean-squared sense regardless of the actual shape of prior distributions, they are
not capable of resolving higher order moments in posterior solutions found when the true prior
or likelihood function is non-Gaussian.

To expand upon this idea, we note that improving the expected level of forecast accuracy—
or physical consistency—from a given modeling system inherently changes the demands placed
on DA by tasking it with the production of state estimates that fall within a smaller, more accu-
rate subset of solutions than would previously have satisfied requirements. Achieving this level of
accuracy may not be feasible through simple tuning, but may instead require substantial modifi-
cations to more fundamental modeling system components, such as observing strategies, physical
parameterization schemes, or DA algorithms.

For the application of DA to moist-convective regimes, there are strong motivations in fa-
vor of revisiting common assumptions in the interest of enhancing predictive capabilities. The
short timescales and spatial gradients characteristic of severe convective events mean that there
is immense social value in even a marginal improvement to skillful lead times or to the spatial
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resolution at which potentially hazardous weather features are skillfully predicted. At the same
time, skillful forecast lead times for the prediction of organized convective systems do not ap-
pear to have reached the upper limits imposed on them by inherent predictability Ramanathan
et al. (2019); Ramanathan and Satyanarayana (2021), which implies that improvement is at the
very least theoretically—if not simply-—achievable. We may also add—more subjectively—that
there does not seem to be a unifying vision of what exactly future convection-allowing numer-
ical prediction systems should look like, in contrast to efforts towards global models that have
predominantly centered around coupled DA and observing strategies for satellite radiances.

In this dissertation, we propose an approach to DA that accounts for a broad assortment of
errors constraining the accuracy of state estimates and forecasts in convective regimes, includ-
ing those introduced by DA itself. The introduction of Bayesian strategies like particle filtering
that minimize assumptions for prior distributions may allow for the ultimate reduction of fore-
cast error by removing errors of approximation that conceal sources of model and observational
uncertainty. These error sources may in turn be addressed with targeted observing strategies and

model configurations.

1.2 Localized particle filtering for geophysical systems

Particle filter (PF) methods in DA refer to a class of sequential Monte Carlo methods that
approximate probability distributions using delta functions corresponding to ensemble or ‘par-
ticle’ states. Perhaps the simplest form of PF for state estimation is the sequential-importance-
resampling or ‘bootstrap’ PF. This form of particle filter applies Bayes Theorem by weighting

prior particles according to observation likelihoods before applying a resampling procedure that



removes particles unlikely to account for observations while duplicating those with high like-
lihood. Bootstrap PFs are very simple to implement and-—unlike the EnKF and other methods
based on linear estimation theory—do not assume a parametric form for prior distributions. They
may therefore produce posterior state estimates closer to the true Bayesian solution. Unfortu-
nately, bootstrap PFs are limited by the occurrence of weight collapse with observations that
produce large variance in likelihood across ensemble membersSnyder et al. (2008). To avoid
weight-collapse, bootstrap PFs require an ensemble size that increases exponentially with the
state dimension Bickel et al. (2008); Bengtsson et al. (2008)—making them unaffordable for
use with high-dimensional geophysical models. This phenomenon indicates that a ‘curse of di-
mensionality’ will likely always limit the effectiveness of PFs that do not incorporate additional
approximations.

Particle filtering may be made more practical by applying localization strategies that replace
the direct solution of Bayes’ theorem for high-dimensional systems with the solution of Bayes’
theorem for lower-dimensional, localized subsystems. The LPF considered in this dissertation
was first introduced in Poterjoy (2016). The filter operates by assimilating observations with
independent errors sequentially and combining sampled particles and prior particles for each
observation. The LPF satisfies the bootstrap PF solution (Gordon et al., 1993) for state variables
located in close geographical proximity to observations in the sequence but maintains the prior
particles for state variables located far from observations. A smooth correlation function that
tapers to zero at a finite user-specified distance controls the spatial influence observations have
on posterior estimates, which greatly reduces the number of particles needed for geophysical
DA. The specific version of LPF implemented for DA experiments incorporates improvements

introduced by Poterjoy (2022b) to further reduce sampling error for limited ensemble sizes. These
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include tempering, which uses a factorization of the likelihood to iteratively approach a posterior
solution. Tempering can be extended to include a “hybrid” methodology that combines the LPF

with parametric filters, such as ensemble Kalman filters (EnKFs).

1.3 Moist-convective dynamics and implications for observing strategies

The assimilation and observing strategies described in this dissertation address problems
that follow directly from the non-linearity of moist-convective dynamics, and are applied to real
cases featuring severe weather. Although a thorough description of moist convection is beyond
the scope of this dissertation, we briefly introduce key concepts that are further developed by
individual chapters and comment on factors influencing the observational constraint of important
structures.

Moist convection encompasses all types of convective instability resulting in the release
of latent heat via condensation. Depending on their particular form, moist-convective events
may be classified as organized or unorganized. For unorganized events, the factors governing
convective instability remain limited to the immediate environment of discrete convective cells.
Unorganized convection typically features relatively short-lived updrafts that are eventually off
from heat and moisture by evaporatively-cooled downdrafts. By contrast, organized convection
is distinguished by its self-reinforcing and re-distributing nature, which acts to extend the lifes-
pan of convection and expand the spatial extent of convective activity. A discrete formation of
organized, multi-cellular convective activity is known as a mesoscale convective system (MCS).
Whether a particular synoptic-scale environment supports organized or unorganized convection

depends heavily on prevailing conditions of wind shear and convective-available-potential-energy



(CAPE).

Individual MCS’s may be seen as complete physical systems associated with convective
activity on relatively large scales (meso-(3 or higher) while being internally driven by processes
and structures that can be significantly smaller. Key among these features are precipitation-
induced cold pools and associated outflow boundaries that act to initiate secondary convection
near the periphery of the MCS. The strength and spatial orientation of secondary convection are
in turn influenced by the interaction of horizontal vorticity from gust fronts with that arising from
prevailing environmental wind shear Rotunno et al. (1988). This can have special significance
for squall-line events-—also known as quasi-linear-convective-systems (QLCSs)-which may be
distinguished as an important subtype of MCS based on their unique dynamical evolution and
spatial profile. In these systems, the development of an upshear-sloping convective line leads to
the formation of a trailing-stratiform region from convective outflow. Stratiform precipitation, in
turn, contributes to the development of a rear-inflow jet that directs evaporatively-cooled outflow
towards the convective line, which can substantially prolong MCS life-cycle, and which may
itself be associated with dangerous straight-line wind conditions. A highly simplified schematic
of key features for a squall-line type MCS is shown below in Figure 1.1.

In contrast to micro-scale phenomena like turbulent eddies and entrainment processes,
meso-y scale MCS structures such as outflow boundaries and updrafts are resolvable at grid spac-
ings affordable to convection-allowing ensemble systems. The proliferation of double-moment
microphysical parameterization schemes—that diagnose number concentrations for hydrometeor
species in addition to mixing ratios—means that such systems may also reasonably describe hy-
drometeor populations within convective cloud structures and their subsequent impact on latent

heating. Uncertainty at meso- scales is therefore a prime target for constraint through DA. The
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Figure 1.1: Idealized vertical cross-section showing key features for a mature squall-line type
MCS. Shading indicates areas of elevated (dark grey) and moderate (light grey) radar reflectivity
returns. Dark shading in the trailing-stratiform region is associated with the radar "bright band’
caused by aggregation and melting of frozen hydrometeors. Vorticity for cold pool gust front and
environmental wind shear pertains to theory introduced by Rotunno et al. (1988).

extent to which this constraint is possible depends not only on how DA is performed algorithmi-
cally but also on the density and information content of observing systems. In this sense, sparse
observation types like radiosonde measurements are less informative for the constraint of dis-
crete MCS structures than denser, more frequently assimilated observation types such as those

provided by weather radar systems.

1.4  WoFS-derived modeling system used for DA experiments

Although state estimation and prediction for moist-convective regimes do not inherently ex-
clude global modeling systems of sufficient resolution, the DA and observing strategies presented
in this dissertation are specifically targeted toward regional systems specialized for convective-

scale prediction. To allow for simple interpretation of results in probabilistic terms, we focus on



sequential Bayesian filtering with convection-allowing ensembles while avoiding the extension
of variational approaches that seek modal solutions.

Within these bounds, we may consider the National Severe Storm Laboratory (NSSL)
Warn-on-Forecast System (WoFS) as an example of a state-of-the-art approach to analysis and
prediction for moist-convective events. The WoFS was implemented by NSSL as part of the
NOAA Warn-on-Forecast program to spur improvements in forecast lead time and accuracy for
severe threat events using convection-allowing ensembles and advanced DA techniques [(Sten-
srud et al., 2009; Stensrud and Coauthors, 2013)]. The WoFS reflects a number of design deci-
sions that build on the capabilities of its parent modeling system, the NOAA High-Resolution-
Rapid-Refresh Ensemble (HRRRE). These include the implementation of 15-minute intervals
between DA updates-—significantly more frequent than the hourly assimilation intervals used to
update the HRRRE. Frequent updates are intended to constrain the growth of background error
associated with rapidly evolving convective features. Both conventional and radar observations
are assimilated using an ensemble Kalman filter (EnKF). The direct assimilation of radar re-
flectivity differs from the use of latent-heat initialization techniques in the HRRRE and other
convection-allowing prediction systems Dowell et al. (2022), and allows observations and en-
semble covariances to inform microphysical quantities in state estimates without intermediate
steps.

Microphysical processes are represented in the WoFS using the NSSL 2-moment variable-
density (NVD) scheme. The NVD scheme is notable for its fully double-moment representa-
tion of all hydrometeor classes, and the inclusion of graupel density as a diagnosable parameter
(Mansell, 2010). In comparative studies against other double-moment microphysical schemes,
the NVD scheme has generally been shown to perform well in representing the distribution of
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hydrometeors in forecasts for convective storms (Gallo and coauthors, 2017; Choate et al., 2018),
although other studies have noted biases in reflectivity, precipitation, and cloud-extent (Johnson,
2019; Li et al., 2023).

Experiments presented in subsequent chapters are performed using an analysis and fore-
cast system substantially derived from the WoFS, but implemented with modifications suiting the
needs of each study. Accordingly, experiments are performed with the Advanced Research WRF
(V4.2) (Skamarock et al., 2019), and implement DA with the Data Assimilation Research Toolkit
(DART). Domain size is set at 900 x 900 km?, with 50 vertical levels and a 3 km horizontal
grid spacing, which is sufficient to explicitly permit convection in numerical experiments. This
domain configuration is kept constant for all experiments but moved to appropriate geographi-
cal locations as needed. Key configuration settings for individual dissertation chapters are noted
below in table 1.1, including specifications for physical parameterization schemes in the WRF
model. With certain exceptions noted in the following chapters, choices for physical parameter-
ization schemes were motivated by past experiments performed at NSSL for the WoFS (Jones
et al., 2018; Potvin et al., 2020). In addition to experiments with the LPF and its hybrid variant,
the work presented in this dissertation includes DA experiments performed with an Ensemble
Adjustment Kalman Filter (EAKF). The EAKF is a deterministic square root variant of the EnKF
(Anderson, 2001).

To support a flexible ensemble size, we generate initial and lateral boundary conditions by
perturbing an analysis from the operational NOAA High Resolution Rapid Refresh (HRRR) fore-
cast with Gaussian noise for model horizontal wind, potential temperature, and moisture fields.
Hourly updates are applied to lateral boundary conditions for each member during DA cycling,

using information from the posterior ensemble and HRRR forecasts. Members are initially gen-
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Table 1.1: Physical parameterization settings used for sequential DA experiments in dissertation
chapters

‘ Chapter Two ‘ Chapter Three ‘ Chapter Four
Ensemble size 64 40 40
Assimilation Frq. 15/5 minutes 15 minutes 15 minutes
DA method EAKF/hybrid-LPF/LPF EAKF LPF
Microphysics NVD NVD/Thompson (Thompson et al., 2008) | NVD/modified-NVD
PlL. Boundary Layer YSU (Ghonima et al., 2017) YSU YSU
Land Surface Model RUC (Smirnova et al., 2016) RUC RUC
Radiation RRTM/Dudhia (Chen and Dudhia, 2001; Tacono et al., 2008) RRTM/Dudhia RRTM/Dudhia

erated from 1-h forecasts run from a perturbed HRRR analysis, which are used to initiate sets of
experiments that consist of 14-h of sequential DA. To cope with under-dispersion in the ensemble
that cannot be treated by RTPS alone, we also use additive inflation at 15-minute intervals near
areas of high observed reflectivity (Dowell and Wicker, 2009). We retain only the last 9 h of pos-
terior ensembles for further analysis in order to reduce the dependence of model solutions on the
initial HRRR analysis. We also initialize 90-minute ensemble forecasts every 30 min from these
solutions, giving a total of 19 ensemble forecasts per experiment. Our default cycling frequency
is set at 15 minutes, since this is characteristic of real-time prediction systems such as the WoFS,
although we also perform a limited set of experiments in chapter one using a 5-minute cycling
frequency. All experiments use WRF “restart” files to carry forward all prognostic variables and
tendencies. This choice further isolates the impact of DA on forecast evolution at short lead
times. A graphical overview of our modeling system configuration is shown in Fig. 1.2.

To improve the relevance of our results to operational conditions, we assimilate as many
observational types as feasible based on data availability and compatibility with forward opera-
tors in DART. From the Next Generation Radar (NEXRAD) network, we assimilate 3-km spaced
observations of radar reflectivity and radial velocity where reflectivity returns are at or above 25

dBZ. We additionally assimilate Multi-Radar Multi-Sensor (MRMS) clear-air estimates of reflec-

10



System Configuration

( spinup [ ' = = (R L ' N LK 2
& Initial — DA —> | DA |—> DA —— ‘ DA ‘—) DA —>
Cycling MlSme 15m 15m 15 m

/5m Ty /5m /5m T

* /5m
T 15 m 15 m —/( 15 m

30m 30m ‘ BC Update 30m
§] 30 m 8 & Perturb )

Perturbed @ 45 m @ 45 m \_______ el 45 m
Deterministic 3] (3] (3]

HRRR Output 5  60m £| 60m £ 60m

“1 75m “ 1 75m 1 75m

90 m 90 m 90 m

\_ J

Figure 1.2: Configuration diagram for experimental modeling system used for sequential DA
experiments.

tivity in areas not experiencing storm activity. Clear-air observations are useful in removing areas
of predicted reflectivity and associated convective activity in the prior that do not coincide with
otherwise observed storm features. Two levels of clear-air observations—at 1000 and 6000 m—are
created during observation processing in regions with observed composite reflectivity below 25
dBZ, and are gridded at a slightly sparser 6-km spacing. The NOAA Meteorological Assimila-
tion Data Ingest System (MADIS) provides surface observations of temperature and wind from
mesonet and METeorological Aerodrome Reports (METAR) data, as well as observations of tem-
perature and wind in the lower troposphere from the Aircraft Communications Addressing and
Reporting System (ACARS). Although temporally sparse, for experiments performed in chapters
three and five we also assimilate derived tropospheric winds from the Geostationary Operational

Environmental Satellite, made available through MADIS.

1.5 Metrics used for verification of model output

Skill associated with DA and forecast experiments is verified with a few primary met-

rics, the simplest of which are root-mean-square error (RMSE)—and closely related root-mean-

11



departure-from-observations (RMSD). The former is given when errors are known relative to the
truth, while the latter is given for errors taken as differences compared to observations. As an-
other primary form of verification, we frequently present values for Fractions skill score (FSS)
(Roberts and Lean, 2008), a spatial verification metric that may better represent the qualitative
performance of forecasts. FSS considers the ratio of modeled and observed occurrence of events
for defined "neighborhoods’ of grid points. In doing so, it does not overly penalize small displace-
ment errors in forecasts of discrete weather features, including convective cells and precipitation
maxima. Depending on the specific context, verifying events are chosen as the occurrence of
composite radar reflectivity or precipitation rate above a given threshold, usually 25 or 35 dBZ
in the case of radar reflectivity. Calculations for FSS consider only grid points within a neigh-
borhood window centered on a single grid point location. The size of this window is set by the
neighborhood radius, which we specify separately in each chapter. Spatially averaged values are
then found by centering a window at each grid point within a verifying region and normalizing
the resulting sum. Unless otherwise mentioned, we take this verification region as the entirety
of the domain excluding a boundary equal in width to the neighborhood radius. In addition to
RMSE and FSS, we make occasional use of three other event-based metrics, probability of de-
tection (POD), false alarm rate (FA), and critical success index (CSI), which are given by the

following relations:

FP
FA= 37w (b
TP
POD = ex+7p (2
TP
I = 1.
¢s FN+FP+TP (1.3)
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with TP and FP indicating the number of true and false positives within the verification re-
gion. FN and TN likewise indicate the number of false negatives and true positives. These metrics
provide qualitative information on forecast behavior beyond that available from our primary met-
rics. POD and FA focus, respectively, on the verification of event occurrence and non-occurrence,

while CSI may be seen as a more generalized indicator of skill.
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Chapter 2:  An evaluation of non-Gaussian data assimilation methods in moist

convective regimes

2.1 Introduction

The primary goal of work presented in this chapter is to gauge the ability of the LPF to meet
expectations afforded to PF methods in regard to minimizing DA-related bias for non-Gaussian
posteriors. Such bias can come about due to non-physical multivariate state updates that may
occur considering only the first two moments of errors during DA. Establishing a high level of
consistency between LPF posteriors and non-Gaussian error structures imposed by nonlinearities
in model physics would allow those investigating model bias to apply DA without introducing a
significantly confounding source of error.

Using the ensemble modeling system framework introduced in the first chapter, we perform
an investigation of systematic differences between posterior quantities generated by the LPF and
corresponding quantities from parametric DA methods that assume Gaussian error structures. As
a proof-of-concept, the present chapter discusses results from small (64-member) ensemble sizes
affordable for most research and operational weather prediction systems, focusing on microphys-
ical variables that relate non-linearly to observations of radar reflectivity. While certain aspects

of this work focus on forecast performance, the primary goal is not to assess the LPF’s utility for
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operational DA but rather to evaluate the potential for future work contingent on the quality of

posterior representations of moist convection.

2.2  Methodology

2.2.1 Note on experiment design

We perform sequential DA for a select number of severe weather outbreaks from the 2019
and 2020 warm seasons, using the LPF, a hybrid variant of the LPF (through mixed filter updates
during tempering), and an EnKF. All experiments are performed using the modeling system and
methodology established in the first chapter. Using prior and posterior member output from
sequential DA, we comparatively evaluate the properties of analyses produced using each con-
sidered filtering method. Further insight is gained from analysis of verification results from the
cycling period and from generated forecasts.

Subsequent experiments are performed to further isolate factors relevant to the performance
of filtering methods. The first is intended to isolate the influence of background error on filter
estimates by applying DA to an identical set of priors. The second investigated the role of pa-
rameterization error by replacing the NVD scheme used in our standardized modeling system
with the Thompson scheme. These experiments are less comprehensive than our primary set of

sequential DA experiments and considered only a single case event.

2.2.2 Case studies

In the interest of sampling a set of events sufficiently representative of deep moist convec-

tive regimes, we choose four test cases to cover several distinct dynamical setups (Fig. 2.1). The
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defining difference between these cases is in convective mode, ranging from single-cell convec-
tion to organized convection within a mesoscale convective system. Each case is covered by an
observational network of comparable density and observation-type composition.

Our first test case covers the period from 1200 UTC 28 May to 0300 UTC 29 May of 2019,
within a domain centered on Northern Missouri (Fig. 2.1a). A mesoscale convective system
initially associated with a shortwave trough propagates across the domain in a northeastward di-
rection. The complex synoptic-scale setup with weakening convective inhibition and marginal
directional shear made for difficult forecasting conditions at the time of the event (Leitman and
Thompson, 2019). The system was ultimately associated with a diverse array of convective modes
dominated by multi-cellular storms but including discrete super-cells and simple single-cell con-
vection.

The second test case covers the period from 1000 UTC 3 July to 0100 UTC 4 July, 2019
over the Ohio Valley region (Fig. 2.1b). Ordinary single-cell convection appears beginning after
1600 UTC under strong mean-layer CAPE and weak directional shear, becoming multi-cellular
with new cells evident at outflow boundaries, but without widespread organization into quasi-
linear structures. The transition from single to multi-cellular convection is quite rapid in this
case, presenting a notable challenge for DA.

The third case extends from 0700 UTC 17 July to 0100 UTC 18 July, 2019 over a domain
nearly collocated with that of the first test case (Fig. 2.1c). A quasi-linear convective system
with embedded bow-echo type segments propagates from the northwest to southeast of the do-
main, beginning to dissipate after nightfall. This case features highly organized multi-cellular
convection with discernible inflow and outflow structures.

The fourth and final case begins at 1000 UTC 12 August and ends at 0100 UTC 13 August,
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Figure 2.1: Observed 10 cm composite reflectivity plotted at representative hourly times for test
cases used in DA experiments. Sample reflectivity output shown for experiments starting (a)
1200 UTC 28 May 2019, (b) 1000 UTC 3 July 2019, (c) 0700 UTC 17 July 2019, and (d) 1000
UTC 12 August 2020.
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2020, in a domain centered on the Mid-Atlantic seaboard (Fig. 2.1d). It is a classic pulse-type
event that does not show any obvious signs of multi-cellular organization. Convection initiates

nearly uniformly at 1600 UTC, continuing under strong surface heating until nightfall.

2.3 Characterizing posterior ensemble members

2.3.1 Analysis of prior and posterior climatology

To investigate systematic differences in EnKF and LPF state estimates we approximated
climatological bi-variate marginal probability density functions (PDFs) of radar reflectivity and
hydrometeor mixing ratios for model prior and posterior states. This choice followed from the
substantial influence of radar reflectivity measurements on analyses and forecasts produced over
these events. The samples used to generate these PDFs came from WRF grid-point values at all
times within the duration of sequential cycling and across all four case study events. We present
PDFs generated in this manner for both 15-minute (Fig. 2.2) and 5-minute cycling frequencies
(Fig. 2.3). Grid-point sampling was confined to the 8th vertical WRF coordinate level of our
domain when examining rainwater mixing ratio (¢,) and the 16th level when considering graupel
mixing ratio (¢,) in order to ensure that the population from which grid cells were sampled
consisted of predominately unfrozen and frozen species respectively. The 8th and 16th vertical
levels roughly correspond to pressure levels of 850 mb and 550 mb respectively, and will be
referred to as such for the remainder of the text. Sampled grid-points from these levels were
additionally filtered to ensure that the relevant species was the only contributor to reflectivity.
Posterior output for radar reflectivity was re-calculated from updated mixing ratios using the

relations provided in the NVD scheme. The NVD microphysics scheme forms Z-q relationships
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for rainwater that are solely functions of mixing ratio and number concentration, with number
concentration in the expression denominator. Therefore in the case of rainwater, we may fully
characterize the relation between reflectivity updates and updates to ¢, by examining additional
PDFs for hydrometeor mass mixing ratio and number concentration n,.. Although the relation
between ¢, and reflectivity is additionally complicated by diagnosed ice density, we may also
gain insight by examining PDFs with graupel number concentration, n,. For these PDFs we
again show figures for 15-minute (Fig. 2.4) and 5-minute (Fig. 2.5) cycling, taken at the 850 mb
and 550 mb pressure levels for rain and graupel respectively.

The 15-minute EnKF posterior PDF for ¢, and radar reflectivity is notable since it indi-
cates a significant presence of high reflectivity grid points above 50 dBZ (Fig. 2.2a). Some
of these high reflectivity posterior points are co-located with elevated ¢, above 0.5 g/kg, falling
within regions of the state-space supported by the corresponding EnKF prior. However, signif-
icant probability density at high reflectivity values also occurs with ¢, between 0.05-0.5 g/kg,
indicating that the EnKF commonly produces state-space solutions not supported by the model.
Looking at the corresponding 15-minute PDF between ¢, and n, (Fig. 2.4a), the EnKF updates
show a shift of probability density towards lower number concentration from prior to posterior
at all mixing ratios above 0.05 g/kg, presumably the cause of elevated reflectivity at lower ¢,.. In
contrast, the LPF configurations at the same pressure level produce posterior densities for ¢, and
radar reflectivity that are more consistent with the support of their priors, with the pure LPF pro-
ducing the least disagreement (Fig. 2.2b,c). Posterior members generated by both LPF methods
feature few grid points with 50+ dBZ reflectivity at g, below 0.5 g/kg, and also indicate a reduced
occurrence of points with ¢, above 0.5 g/kg when compared to their respective priors. Again
looking at the 15-minute PDF for ¢, and n, (Fig. 2.5b,c), while the PF posteriors reduce areas
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Figure 2.2: Marginal bi-variate probability density function (PDF) plots for 15 minute cycling
frequency experiments. Prior (hatched) and posterior (shaded) probability density shown for 10
cm radar reflectivity and rainwater mixing ratio for sequential assimilation with (a) EnKF (b)
hybrid particle filter and (c) localized particle filter. PDFs shown for 10 cm radar reflectivity and
graupel mixing ratio for sequential assimilation with (d) EnKF (e) hybrid particle filter and (f)
localized particle filter. Axis scaling is maintained across panel rows.

20



20 a.) EnKF b.) Hybrid c.) | LPF

5 =11
%:2 =) . = 10 - 107 _
b= o __ o = e 5
=40 ,.%5// ) ;ﬁ?/
t), '; J Vﬂ/.m: o 7
S50 L N
DE:ZO {‘/ . 4}/.-1:; r — S
o101 7/ — 4

0 V 1111 i fy alll 7

0.01 0.05 0.50 2.50

ar (9/kg) _
0 d.) EnKF e) Hybrid f) LPF

gso
g o1 fbﬁ@ - V- N A
.4:40 =) A% = ..‘ / W . .....
g =48R = A7 =3
‘;ch ::/ o l/)//’y 3-\’2/ /l// xR an N u/
<20 2 =3 = 4
S1o / .

0.01  0.05 0.50 2.50 ' '

qg (9/kQg)

Figure 2.3: Same as Fig. 2.2, but for 5-minute cycling frequency.
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Figure 2.4: Marginal bi-variate probability density function (PDF) plots for 15 minute cycling
frequency experiments. Prior (hatched) and posterior (shaded) probability density shown for
rainwater mixing ratio and rainwater number concentration with (a) EnKF (b) hybrid particle
filter and (c) localized particle filter. PDFs shown for graupel mixing ratio and graupel number
concentration for sequential assimilation with (d) EnKF (e) hybrid particle filter and (f) localized
particle filter. Axis scaling is maintained across panel rows.
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Figure 2.5: Same as Fig. 2.4, but for 5-minute cycling frequency.
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of high probability density for elevated ¢,, the pure LPF does not substantially change the nature
of the relationship between ¢, and n, from that indicated by the prior PDF, and the hybrid does
so only to a degree intermediate between EnKF and LPF. The behavior here is consistent with a
persistent removal of large hydrometeors by the LPF methods in favor of lower reflectivity, lower
¢ model solutions during re-sampling, while preserving the physical relationships between g,
n,. and reflectivity output in model priors.

When comparing experiments with 15 and 5-minute cycling frequencies, notable differ-
ences are apparent in the span of prior support towards higher reflectivity and mixing ratios. 5
minute cycling reduces support in state space regions of reflectivity above 50 dBZ and largely
excludes g, above 2.5 g/kg. EnKF posteriors produced from 5-minute cycling priors still generate
points of high reflectivity outside the prior, but in this case they occur over a more limited region
of state space and compose a smaller portion of posterior probability density (Fig. 2.3a). As
before, these anomalous solutions are mediated by additional posterior density at low values of
n,. as shown in the 5-minute PDF for ¢, and n,. (Fig. 2.5a). The LPF configurations for 5-minute
cycling again produce posterior PDFs that more consistently remain within the support of priors
compared to the EnKF for both sets of marginals, but here the removal of probability density
at high mixing ratios between prior and posterior is virtually absent due to the already reduced
density of high mixing ratio solutions with 5 minute PF priors (Fig. 2.3b,c). Increased cycling
frequency allows the prior to remain more Gaussian by limiting the duration of the model advance
and associated non-linear error growth, and should therefore be more amenable to assimilation
with a Gaussian filter such as the EnKF. The apparent differences between 5- and 15-minute
EnKF posteriors indicate, at the least, a strong dependence for filter behavior on cycling fre-
quency. Changes to LPF posteriors are more muted, with both cycling frequencies producing
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posteriors similar to the 5-minute cycling frequency EnKF. This could suggest that the presence
of high reflectivity, high ¢, points in the 15-minute EnKF posterior is mediated by Gaussian as-
sumptions inherent to the EnKF. The decrease in probability density for state-space regions of
high reflectivity and high mixing ratio between 15- and 5-minute priors is equally notable and
may indicate a model bias towards strong convection or another source of high reflectivity that
is ameliorated by all three filters when subject to frequent DA. Indeed, several studies lend sup-
port to the idea that NVD microphysics over-predicts regions of high reflectivity (Johnson, 2019;
Potvin et al., 2020; Skinner et al., 2018).

The corresponding marginal PDFs taken at the 550 mb pressure level for g, and reflectivity
show similarly filter-specific behavior, but differ significantly in trends between 5- and 15-minute
cycling frequencies. The 15-minute EnKF posterior PDF indicates elevated probability densities
for reflectivity values above 40 dBZ at a broad range of mixing ratios, in contrast to the prior
PDF where such solutions are sparse and limited to mixing ratios above 0.5 g/kg (Fig. 2.2d).
As with the marginal for ¢, and reflectivity, this is again mediated by a density shift towards
smaller number concentrations (Fig. 2.4d). The PDF for the pure LPF, in contrast, features
little density for high reflectivity solutions of 40+ dBZ and is the most consistent with its prior,
with the PDF for the hybrid taking a middle ground between both methods (Fig. 2.2e,f). The
S-minute cycling frequency retains this trend, but reduces the magnitude of differences between
priors and posteriors for the EnKF and hybrid particle filter (Fig. 2.3e,f). Unlike the marginal
PDFs for prior ¢, and reflectivity, the prior PDFs for g, and reflectivity do not lose density in
high mixing ratio areas of state-space between 15- and 5-minute cycling (Fig. 2.5). The bi-
variate marginal PDFs for prior ¢, and n, also remain distinct between filtering methods at 15

minute cycling frequency, with the support of the LPF methods spanning slightly higher number
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concentrations than that of the EnKF (Fig. 2.4d,e,f). Interestingly, this distinction is maintained
from 15 to 5-minute cycling frequency, in contrast to the trend with rain water mixing ratios
and number concentrations where the univariate marginal distribution for number concentration
evens out between filtering methods. This behavior is driven by strong EnKF adjustments to the
marginal PDF that are maintained from the posterior into the prior with the effect of moving
density towards lower n, even at short cycling frequencies (Fig. 2.5d). LPF adjustments on the
other hand largely maintain the prior marginal distribution of n, and ¢, (Fig. 2.5¢,f). Although
adjustments to the n, marginal from prior to posterior are not necessarily nonphysical when
associated with changes to the dynamical evolution of storms, the fact that downward adjustments
to ny are seemingly independent of ¢, above 0.05 g/kg would suggest that it is instead an artifact
of Gaussian assumptions made by the EnKF.

Since the DART implementation of the EnKF updates observation-space priors during se-
quential assimilation according to Anderson and Collins (2007), posterior diagnosed reflectivity
may not reflect values consistent with hydrometeor quantities given a non-linear forward operator.
Though the pure LPF is not directly affected by non-linearity in measurement operators, simi-
lar discrepancies can be produced by the method’s kernel density distribution mapping (KDDM)
step. The DART output reflectivity is informative as the working variable “seen” by the filter
algorithm during assimilation and before re-calculation of diagnostic reflectivity during the WRF
advance step. With this in mind, we examined bi-variate PDFs of mixing ratio and DART out-
put reflectivity. We again produced PDFs for 15-minute and 5-minute cycling frequencies (Fig.
2.6;Fig. 2.7). The 15-minute EnKF posteriors for both species extend probability density at high
mixing ratios towards lower values of reflectivity than supported by the prior PDF, and extend

probability density at low mixing ratios towards higher values of reflectivity (Fig. 2.6a). The
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PDFs for 5-minute cycling show the same, albeit muted, extensions of probability density (Fig.
2.7a). As with re-calculated reflectivity, the posterior PDFs for the LPF methods are more consis-
tent with the support of their respective priors, especially in the case of the pure LPF (Fig. 2.6b,c;
Fig. 2.7b,c). These results together show that non-linear forward operators affect the EnKF algo-
rithm to a greater degree than either LPF method when adopting the parallel filter configuration
(Anderson and Collins, 2007). The low reflectivity states found in the posterior EnKF PDF and
absent in the prior further suggest that linear approximations for measurement operators induce
a bias that may account for the re-calculated reflectivity estimates being higher than in the LPF
methods.

As an addendum to the preceding analysis and to provide specific contexts for the afore-
mentioned marginal PDFs, we plotted prior and posterior ensemble member values for ¢, and
NVD estimated reflectivity, as well as for n, and reflectivity at two characteristic grid point loca-
tions. We generated posteriors here from a single filtering step applied to identical priors dated
1800 UTC 3 July from our sequential DA experiment with the LPF. In this way, we show the
distinct effects of each filtering method that lead to the aggregated behavior shown above for
longer cycling intervals. Grid points presented here were identified according to the ensemble
prior and posterior means for reflectivity, so that distinct behavior could be characterized accord-
ing to the direction of reflectivity adjustment, and feature minimal contributions to reflectivity
from graupel, hail or snow. We further required that sampled grid points be co-located with re-
flectivity observations. We show ensemble member states for a grid cell with a negative analysis
increment for reflectivity in Fig. 2.8 and those for a grid cell with a positive analysis increment in
Fig. 2.9. Results at this single grid cell location highlight the comparative advantages and disad-

vantages offered by LPF methods with relatively small ensemble sizes. Downward adjustments
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Figure 2.6: Marginal bi-variate probability density function (PDF) plots for 15 minute cycling fre-
quency experiments. Prior(hatched) and posterior (shaded) probability density shown for DART
posterior output 10 cm radar reflectivity and rainwater mixing ratio for sequential assimilation
with (a) EnKF (b) hybrid particle filter and (c) localized particle filter. PDFs shown for 10 cm
radar reflectivity and graupel mixing ratio for sequential assimilation with (d) EnKF (e) hybrid
particle filter and (f) localized particle filter. Axis scaling is maintained across panel rows.
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Figure 2.7: Same as Fig. 2.6, but for 5-minute cycling frequency.
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with the LPF and hybrid methods sample new ensemble members effectively from physical states
that conform to the Z-Q relations governing reflectivity generated by rainfall in the NVD micro-
physics scheme (Fig. 2.8b,c), whereas the EnKF samples members in such a way as to create
mixing ratios that wildly diverge from the reflectivity indicated by observations (Fig. 2.8a), ac-
companied by a proliferation of unexpectedly high number concentrations for low mixing ratio
solutions (Fig. 2.8d). Upward adjustments by the LPF are hindered by sampling issues related to
insufficient ensemble size; with only a single prior member featuring reflectivity close to that of
the nearby observation, the LPF posterior solutions cluster around prior members with moderate
reflectivity and fail to sample from regions of higher mixing ratio (Fig. 2.9¢). In contrast, the
EnKF and hybrid move their posterior ensemble members away from the prior towards appro-
priate regions of state space (Fig. 2.9a,b). In this case, the EnKF adjustment produces spurious
number concentrations in the posterior that are well below those suggested as plausible by prior
ensemble members, while number concentrations in the hybrid posterior remain close to those

for high mixing ratio solutions in the prior (Fig. 2.9d,e).

2.3.2 Cycling period verification using root mean departure from observations

Although the LPF methods appear to produce posterior members that more faithfully repre-
sent model solutions produced by the WRF model, this does not guarantee that they will produce
the most accurate forecasts. Model error can be especially challenging for particle filtering meth-
ods if prior model states do not overlap with the true prior (Poterjoy et al., 2017). To gauge
forecast accuracy from each method, we performed a simple verification over the period of se-

quential DA by calculating the root mean square departure from observations (RMSD). For this
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Figure 2.8: 10 cm radar reflectivity and rainwater mixing ratio for prior (orange) and posterior
(blue) ensemble members at sampled grid point location for a single adjustment by (a) the EnKF,
(b) hybrid LPF, and (c) LPF. 10 cm radar reflectivity and rainwater number concentration for prior
(orange) and posterior (blue) ensemble members at sampled grid point location for a single ad-
justment by (d) the EnKF, (e) hybrid LPF, and (f) LPF. Average reflectivity value for observations
within corresponding grid point location is indicated by horizontal line in blue.
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purpose, we verified ensemble mean quantities over observation locations with valid entries for
prior mean, and discounted observations rejected by all three filters. A squared error type met-
ric applied to ensemble mean fields provides confirmation of fit to observed quantities, albeit
without considering higher-order moments. RMSD for 15-minute cycling is presented for radar
reflectivity (Fig. 2.10) and radial velocity (Fig. 2.11) measurements for the duration of sequen-
tial cycling for each test event. Results for reflectivity and radial velocity verifications show a
clear advantage for the hybrid and EnKF over the pure LPF across events, with the EnKF slightly
outperforming the hybrid in terms of prior RMSDs. Note that RMSD scores show strong filter
independent variability between events that can be ascribed to event dynamics, such as relatively
high RMSD scores for radial velocity when considering the quasi-linear convective system of
17-18 July 2019 that featured strong directional winds (Fig. 2.11c¢). Strong results for the hybrid
correspond with findings from perfect model experiments with the Lorentz 96 model (Poterjoy,
2022b), which showed that the tempering iterations of the hybrid method allowed it to outperform
both a standalone LPF and an EnKF in terms of posterior RMSE in the presence of model error.
When taken along with the previous characterization of prior and posterior densities, the verifi-
cation results suggest compelling advantages to the hybrid LPF as a method that retains posterior
fidelity to model solutions while producing a better forecast fit to observations than the pure LPF.
For this reason, and to simplify the presentation of proceeding figures, we chose the hybrid as a
representative non-Gaussian method for further comparison against the EnKF. Although not pre-
sented, we note that the aforementioned differences in filter performance persisted with 5 minute

cycling.
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2.4 Qualitative comparison of storm evolution

2.4.1 Domain-averaged quantities during continuous cycling DA

Modeling systems that represent mesoscale processes face significant challenges from DA

bias mediated by Gaussian assumptions and associated with spurious corrections to small-scale
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Figure 2.11: Same as Fig. 2. B3, but for radar radial velocity.




features (Poterjoy, 2022a). We wish to connect the DA-induced biases for microphysical quan-
tities indicated in our posterior PDFs with concrete impacts on storm evolution and forecast
verification. To this end, we first examined a proxy for cold pool strength during the course
of sequential DA with a 15-minute cycling frequency for all four of our test case events. Cold
pool intensity mediates dynamical processes responsible for convective organization and can be
indicative of how DA is handling convective initiation or modifying the strength of pre-existing
moist convection.

To gauge cold-pool activity we plotted the difference between EnKF and hybrid surface
virtual potential temperatures (6,), averaged over prior ensemble member grid cells featuring a
composite reflectivity above 25 dBZ (Fig. 2.12). The reflectivity threshold serves as a generalized
indicator of convective activity where cold pools are likely to form. For all four events, sequential
DA with the EnKF quickly results in lower 6, than assimilation with the hybrid near areas of
convection. This trend continues to strengthen over the course of sequential assimilation. Lower
6, produced during EnKF cycling is indicative of stronger or more widespread convection that
produces more intense cold-pool development and confirms that the two assimilation methods

are producing measurably different outcomes for system evolution.

2.4.2 Forecast evolution From identical priors

To more closely examine how differences in posterior quantities from a filtering methodol-
ogy impact storm evolution, we generated two sets of forecast initial conditions from an identical
prior ensemble by applying a single filtering step with a 15-minute assimilation window for the

EnKF and hybrid methods. We chose the initialization time as 1930 UTC 3 July for the case
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Figure 2.12: Ensemble-averaged surface virtual potential temperature difference between EnKF
and hybrid priors over the duration of sequential cycling for each test case event. Calculated
for grid cells featuring composite reflectivity above 25 dBZ. X axis denotes hours since start of
sequential assimilation. Star (*) in legend indicates experiment using Thompson microphysics.

study covering this date due to it’s temporal placement after the start of convective initiation, but
before peak development of the MCS. We took prior members from the corresponding timestamp
during sequential DA with the pure LPF, then used posterior members to initialize 45-minute en-
semble forecasts output at one-minute intervals. This approach produced posterior fields and
forecast output that differed only in the filtering method used for analyses and evolution from the
resulting initial conditions. We supplemented our tests using an additional set of experiments that
omitted hydrometeor updates during DA, with the goal of isolating impacts attributable to micro-
physical variables. We also present results from forecasts initialized without DA for reference.
We again examined cold pool activity as a proxy for the presence and strength of convec-
tion. Because we considered only a short forecast period with minimal input from the diurnal
cycle and synoptic-scale forcing we could conveniently define cold pool extent using a fixed
threshold of surface-level virtual potential temperature (Fig. 2.13a). We set this threshold at
306.5 K to achieve the closest fit to manually identified cold pool structures while avoiding con-
tamination from other features such as bodies of water. We additionally plotted domain-averaged

accumulated grid cell precipitation for the same filter configurations (Fig. 2.13b). Forecasts ini-

37



tialized from EnKEF initial conditions quickly produce greater cold pool extent than any other
filter configuration, including no assimilation. Notably, the increased cold pool extent is not
created directly in the posterior ensemble, but appears rapidly over the first 15 minutes of the
forecast period, suggesting that EnKF adjustments create conditions for enhanced convective de-
velopment. Results for accumulated precipitation show similarly filter-specific behavior, with the
hybrid forecasts producing significantly less precipitation over the forecast period than either the
EnKF or no assimilation cases.

Forecasts initialized from filter updates that do not consider hydrometeor quantities show
quite similar progressions of cold pool extent, with both filters producing slightly more prolific
cold pools than forecasts initialized from the prior ensemble. The same EnKF and hybrid config-
urations also result in closely matched reductions to accumulated precipitation over the forecast
period when compared to forecasts from the prior ensemble. Together, these results suggest that
filter-specific behavior between the EnKF and hybrid methods is strongly mediated by updates to
microphysical quantities during DA that temporarily enhance (weaken) convective activity.

To establish bulk trends in the direction of filter updates to hydrometeors, we plotted the
evolution of rainwater column mass averaged across the domain (Fig. 2.13c). Filter adjustments
produced by the EnKF and hybrid act in opposite directions, with the EnKF increasing column
mass and the hybrid decreasing mass from the prior to initial conditions. There is relatively
little adjustment to column mass for configurations that do not update hydrometeors. Although
column mass returns to similar values for both filter configurations by the end of the 45-minute
forecast period, it is notable that significant differences in column mass remain by 15 minutes post
initialization, which implies that the effects of filter adjustment to bulk microphysical quantities

could compound during sequential cycling. The persistence of transient adjustments from DA is
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Figure 2.13: Cold pool extent (a), accumulated rainfall (b) and column rainwater mass (c) for
prior, initial conditions, and subsequent forecast times for identical prior experiments initial-
ized at 1730 UTC 3 July, averaged over forecast members. Values are shown for (black) no
assimilation, (red) assimilation with EnKF and (blue) hybrid configurations, and (dashed lines)
assimilation with EnKF and hybrid configurations that do not update microphysical variables.

the likely cause for differing trends in cold pool intensity between EnKF and hybrid during our
sequential runs.

We supplement the preceding time series of spatial average quantities with snapshots of
cross sections covering a 300 x 300 km region of concentrated storm development near the
center of the domain. The horizontal cross sections in Fig. 2.14 indicate areas of ensemble-
averaged surface 6, below 306.5 K at initialization (Fig. 2.14a) and 15 minutes after assimilation
with either the EnKF (Fig. 2.14b) or hybrid (Fig. 2.14c) method. For the latter two cases,
we also show shaded areas of ensemble probability for exceeding 2 mm accumulated surface
precipitation. Areas of surface 6, below 306.5 K roughly correspond to cold pool extent for the
domain of interest. The EnKF ensemble produces large regions with accumulated precipitation
15 minutes post initialization, while the hybrid ensemble shows such accumulation only for more
limited regions and for a smaller subset of ensemble members. Regions of high probability of
accumulation in the EnKF largely correspond to areas where the cold pool is present in the EnKF

ensemble average, but not in the hybrid. This result provides further evidence that the domain-
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averaged tendency of the hybrid method towards higher surface 6, during sequential cycling is
most likely the result of the accumulated effects of filter updates which restrict the areal extent of

moderate to heavy precipitation in comparison to assimilation with an EnKF.

Coldpool Extent and Accumulated Precipitation
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Figure 2.14: Cold pool extent (hatched area) at initialization (a). Cold pool extent and ensem-
ble probabilities of exceeding 2mm accumulated surface precipitation 15 minutes after single
assimilation cycle with EnKF (b) and hybrid (c).

2.4.3  Spatial verification of forecasts

We verified the performance of forecasts initialized from our sequential DA experiments
using the fractions skill score (FSS) technique given in Roberts and Lean (2008) and introduced
in chapter one of this dissertation. For our verifying event, we chose the occurrence of composite
radar reflectivity over 25 dBZ to correspond with areas of active storm activity. FSS statistics
for 5- and 15-minute cycling shown in Fig. 2.15 took as a sample all 20 forecast ensemble
members for every forecast initialization time within the scope of our four events, for a total of
1520 scored forecasts. Results for median, 25th and 75th percentile scores therefore represent
a generalized assessment of forecast performance under variable constraints approximating real-
time forecasting conditions. We chose a neighborhood length scale of 30 km for FSS calculations,
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which provided a balanced metric informed by both the resolution of discrete storm structures
as well as more general performance characteristics such as precipitation bias. In addition to
fractions skill score we also show related categorical scores using false alarm rate (FAR) and

probability of detection (POD).
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Figure 2.15: Fractions skill score for (a) 15-minute and (d) 5-minute cycling. False alarm rate
for (b) 15-minute and (e) 5S-minute cycling. Probability of detection for (c) 15-minute and (f) 5-
minute cycling. Metrics are aggregated across all events based on time after initialization. Solid
lines indicate median values, dashed lines indicate 25th and 75th percentile values.

For 15-minute cycling, the EnKF shows a slight advantage in terms of FSS for the first 30
minutes post initialization, with both filters achieving nearly identical scores for timestamps from
30 to 90 minutes post initialization. Looking at scores for POD and FAR, the EnKF maintains an
advantage for POD from initialization to 30 minutes, from which point the hybrid achieves higher
scores. Hybrid forecasts produce a slightly lower FAR than EnKF forecasts from initialization
to 30-minute timestamps, with longer forecasts showing a higher FAR for the hybrid. As FSS
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reflects an award for predicted events as well as a penalization for false alarms, it is apparent
that the slight false alarm advantage of the hybrid during early forecast timestamps is canceled
out by the enhanced detection of the EnKF. Later timestamps reflect a balance between a higher
false alarm rate in hybrid initialized forecasts and a lower probability of detection in forecasts

initialized with the EnKF.

2.4.4 Sequential DA cycling with the Thompson microphysical scheme

Having established the relevance of microphysical quantities for filter-specific behavior
indicated by forecast evolutions, we expanded our analysis by performing an additional sequential
DA experiment using the Thompson microphysical scheme in place of the NVD microphysics
scheme used in our other case studies. For this experiment, we performed sequential assimilation
with a 15 minute frequency for the 3 July 2019 test case event featuring mixed-mode convection
and introduce no changes in experiment parameters other than a different microphysical scheme.
From our set of forecasts, we again present verification metrics in the form of FSS, POD, and
FAR. We present these along with corresponding metrics for the same test case event using NVD
microphysics in Fig. 2.16. In contrast to results presented in the preceding subsection, forecast
verification with Thompson microphysics shows an unambiguous advantage for cycling with
hybrid assimilation, which is associated with relatively high false alarm rates for the EnKF at
early forecast timestamps and a strong advantage in POD for the hybrid at later timestamps. As
for our experiments with NVD microphysics, we also produced estimates for cold pool strength
over the course of sequential cycling. These results are shown as the black line in Fig. 2.12.

For the 3 July 2019 case study, sequential assimilation with Thompson microphysics shows a
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Figure 2.16: Fractions skill score for forecasts from sequential DA with (a) NVD and (d) Thomp-
son microphysics. False alarm rate with (b) NVD and (e) Thompson microphysics. Probability
of detection with (c) NVD and (f) Thompson microphysics. Metrics are aggregated for the 3 July
2019 test event based on time after initialization. Solid lines indicate median values, dashed lines
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highly similar filter specific difference in cold pool intensity compared to the same experiment

performed with NVD microphysics.

2.5

2.5.1

from underlying non-Gaussian distributions, which comes at the expense of increased sampling

error compared to parametric methods. This trade-off motivates the use of a hybrid method that

Discussion
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Posterior characteristics of the hybrid particle filter

The benefits of particle filtering for state estimation lie in the ability to correctly sample
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applies EnKF assimilation after tempering iterations with a localized particle filter have trans-
formed the prior sampling distribution into Gaussian form, which can occur for Gaussian like-
lihoods (Poterjoy, 2022b). Our sequential DA experiments show that the hybrid method is able
to maintain desirable posterior characteristics when sampling from non-Gaussian marginals for
microphysical variables while outperforming the pure LPF in terms of RMSD for reflectivity and
radial velocity observations. Crucially, our results demonstrate that 15-minute frequency cycling
with the hybrid method produces posterior PDFs for microphysical variables that largely remain
within the region of state space support indicated by the prior ensemble. This contrasts with
EnKF assimilation which produces posterior ensemble members containing state-space solutions
outside of the model attractor basin. Since solutions outside of climatological model priors can
only be produced by DA, we know that the hybrid is at the very least producing posterior mem-
bers that more accurately depict physical relationships represented by the WRF model.

One of the key advantages in reducing bias induced by DA is the reduction of confounding
factors for identifying residual uncertainty. In the context of our sequential DA experiments, we
see a tendency for 5-minute cycling to maintain lower mixing ratios and reflectivity in prior mem-
bers than for 15-minute cycling, regardless of the assimilation method. 5-minute prior solutions
reflect model states with less time to deviate from observational constraint and are potentially
closer to the true” system state barring consideration of observational uncertainty which is rela-
tively low for our dense network of reflectivity observations. The discrepancy may be the result of
model bias towards high reflectivity introduced into prior ensemble members with longer model
runs between assimilation steps. It is especially notable that the posterior PDF generated by the
hybrid at a 15-minute cycling frequency reduces probability density among high reflectivity, high
mixing ratio solutions in a way that closely resembles the prior PDFs for 5-minute cycling. The
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fact that these solutions maintain high posterior probability densities during 15-minute cycling
with the EnKF suggests that DA bias is strong enough to cover up signatures from model bias

under conditions of significantly non-Gaussian prior probability.

2.5.2 Impact of DA bias on forecast evolution

Although the presence of DA bias has been acknowledged and studied in more theoretical
contexts (e.g., Posselt, 2016), our modeling framework, along with the hybrid LPF as a reference
method, allows for more direct insight into how these biases impact forecast evolution and prior
model states during sequential assimilation with Gaussian filters. With regards to the EnKF, DA
bias consistently drives the development of heavier surface precipitation and cold pools that are
more intense and widespread than those of the hybrid. We note that the filter specific trend in cold
pool intensity is present for sequential assimilation with both NVD and Thompson microphysics.

We speculate that for experiments with NVD microphysics, the comparable performance of
the hybrid LPF and EnKF methods in terms of root mean square error during sequential DA and
fractions skill score for forecasts could be the result of a compensatory effect from strong cold
pools towards making up for sluggish convective initiation by the model. Such an effect would
explain the relatively high POD present in EnKF forecasts up to the end of the 90 minute forecast
period. As previously noted, experiments with Thompson microphysics show a clear verification
advantage for the hybrid filter and low POD for EnKF forecasts past 30 minutes, which suggests
that compensatory advantages from DA bias are not a factor in such cases. This may indicate that
the structure of DA bias alleviated by the hybrid filter varies significantly between schemes, or

that these schemes produce differential storm evolutions from similarly structured bias.
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Interestingly, results obtained from DA experiments using identical priors suggest that fil-
ter updates to wind, temperature, and moisture are mediated almost entirely by updates to micro-
physical quantities for time scales of about an hour. This finding is consistent with the cumulative
effects of hydrometeor updates on cold pool strength that occurs during cycling DA, and is not un-
precedented given the non-linear relationships between microphysical variables and consequent
non-Gaussianity of their marginal prior PDFs. Updates to microphysical variables may therefore
produce more significant DA bias than other state variables. Bias introduced to microphysical
variables may also be more impactful for convective organization than bias in other variables.
Further investigation in this respect is warranted due to the limited nature of our experiments that

considered only a single initialization time within a single event.

2.6 Conclusion

2.6.1 Summary of results

The current chapter presents results obtained from a set of comparative real DA exper-
iments using the localized particle filter (LPF), a hybrid LPF, and an ensemble Kalman filter
(EnKF). For each filter, we examined posterior characteristics from sequential assimilation by
constructing prior and posterior marginal PDFs for microphysical variables with defined non-
linear physical relationships. Posterior EnKF ensemble members show a significant departure
from the support of climatological PDFs indicated by prior ensemble members in accordance to
model physics over the duration of our test events, providing evidence for strong DA bias in up-
dates to microphysical quantities. In contrast, both hybrid and LPF assimilation produce posterior

PDFs that more closely match climatological prior PDFs. We calculated verification statistics to
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quantify prior mean errors during sequential DA, showing that the hybrid method is able to out-
perform the pure LPF and achieve similar verification scores to assimilation with an EnKF. We
then compared the impact of hybrid and EnKF assimilation on forecast evolution by calculating a
proxy for cold pool strength over the course of sequential assimilation, demonstrating that cycling
with the EnKF produces significantly stronger cold pools than cycling with a hybrid particle filter.
To understand these findings, we compared DA experiments performed using identical priors for
the pair of DA schemes. Our results suggest that even a single filter update produces initial condi-
tions that are distinct enough to cause major differences in cold pool propagation. Crucially, these
experiments also show that updating only non-microphysical variables is insignificant for repro-
ducing filter-specific differences, which we attribute to strong non-Gaussianity for microphysical
quantities. Having established contrasting behavior in forecast evolution with EnKF and hybrid
assimilation, we used neighborhood verification metrics to examine the performance of ensem-
ble forecasts initialized during sequential DA experiments. Fractions skill scores calculated for
simulated reflectivity are comparable between filters, and are mediated by distinct behavior in
probability of detection and false alarm rate. Nevertheless, repeating experiments using Thomp-
son microphysics yielded significant changes in relative forecast skill, with the hybrid showing
advantages over the EnKF. This finding underscores the importance of uncovering bias induced
by DA assumptions to validate choices for subgrid-scale parameterization schemes. As a whole,
our results suggest that the hybrid particle filter introduces less DA bias during updates to micro-
physical and other quantities than Gaussian-assuming methods, which translates to quantifiable

differences in forecast verification and in the dynamic evolution of modeled convective storms.
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2.6.2 The hybrid particle filter as an emerging tool for scheme selection and
parameter estimation

The unique properties offered by the hybrid particle filter make it well suited for parame-
terization scheme selection and parameter estimation within the context of a given scheme. The
latter could be done through a joint state and parameter space estimation using an augmented
state vector approach. Joint state-parameter estimation has been performed with EnKFs, but can
suffer degraded performance from bias induced by Gaussian assumptions. This bias arises from
non-Gaussianity in the state and is further aggravated by the non-linear coupling of parameters
to model responses (Ruckstuhl and Janjic, 2018). As demonstrated by our current findings, the
hybrid particle filter is able to significantly reduce bias introduced when sampling non-Gaussian
PDFs, and therefore may be more amenable to such an approach. The high-dimensional, non-
linear optimization problems posed in scheme selection and parameter estimation may also be
conveniently approached using genetic algorithm-type optimization methods that avoid expen-
sive and often intractable efforts at quantifying bias across the parameter space (Wang, 1997).
In the geosciences, these methods have been applied to parameter optimization for run-off and
mineral deposit models (Siriwardene and Perera, 2006; M. et al., 2019). Applying this method
for atmospheric models would involve the optimization of schemes and parameters by a natural
selection type process that uses verification statistics to modify, add, or remove discrete ensem-
bles with varying parameter space configurations over the course of sequential DA for a variety
of non-idealized case events. Although this approach is technically feasible using any ensemble
filtering method, our results have shown that DA bias introduced through Gaussian assumptions

can quickly translate to large impacts on forecast evolution and verification statistics that vary
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between parameterization schemes, and which could overwhelm selection pressures imposed by
model behavior on its own. Using the hybrid LPF as our filtering method opens the door to a
genetic algorithm approach that selects parameter configurations based on the performance of
model configurations informed by observations in a manner consistent with their own attractor
basin. This approach, therefore, allows for optimization in non-idealized contexts without signif-

icant hindrance by initial condition uncertainty.
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Chapter 3: Optimizing numerical weather prediction utility of the Maryland

Mesonet with observing system simulation experiments

3.1 Introduction

3.1.1 Maryland Mesonet Project

Carefully structured observing system simulation experiments (OSSEs) may be used to
evaluate—and potentially optimize—the NWP utility that can be expected from an observing sys-
tem given existing NWP systems, while providing insight on how afforded utility may evolve
under future NWP systems that feature improvements such as more accurate model parameteri-
zation schemes, better constrained initial and boundary conditions, and alternative DA strategies.
The current chapter explores an application of such an approach for a new mesonet network to be
established in the State of Maryland. The new network aims to improve analyses and numerical
predictions for high-impact weather events, with a specific emphasis on hazards associated with
severe convective storms.

The Maryland Mesonet (MM) Project will oversee the placement of 75 state-of-the-art,
in-situ surface observing stations, with the goal of improving climate records, producing more
accurate regional analyses and forecasts, and mitigating the impact of severe weather events

across the state. It will join other similarly motivated mesonet systems that exist across the
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country, such as the pioneering Oklahoma mesonet established in 1994. As the definition of a
mesonet has historically been contingent on local requirements (Fiebrich et al., 2020), for our
study we define a mesonet as a network of observing stations that collects surface wind velocity,
temperature, humidity, etc. with a spatial and temporal frequency sufficient to capture mesoscale
processes and the development of severe convective storms. Such observing systems typically
provide information at a granularity beyond the resolution available from pre-existing surface
observing stations. The MM will be constructed in two phases. The first 28 stations will be
distributed on a roughly county-by-county basis with specific locations contingent on the input
of local officials and emergency managers. The second phase of the network design will place
the remaining 47 stations based on an optimization strategy that maximizes network utility. The
current paper outlines the optimization strategy for the second phase of this project and discusses

findings from numerical experiments that were performed for this purpose.

3.1.2 Challenges and limitations of assimilating surface observations for NWP

The effective use of in-situ surface data from mesonets in atmospheric modeling systems
is a nuanced problem that requires consideration of error sources in convective scale NWP sys-
tems. Subgrid-scale physical parameterization schemes, for components such as land surface,
cloud microphysics, and planetary boundary layer in numerical models may not accurately re-
flect physical processes involved in moist convection. Model process error can often be highly
correlated, difficult to estimate, and treated heuristically by inflating background error covariance
during DA. As such, model error can produce large biases in estimates of model states and the re-

spective uncertainty in the state estimate. Furthermore, true error correlation length scales across
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point locations for state variables are non-stationary. They may, for instance, decrease as large-
scale synoptic flow gives way to convective regimes and vice versa. Multiple factors, including
the grid spacing of the modeling system, ensemble size, model error, and choices of heuristic
DA parameters, such as localization and inflation can determine the accuracy with which cross-
covariances are dynamically estimated using ensembles (Pannekoucke et al., 2008; Hodyss and
Morzfeld, 2023). The meso-y and micro-scale correlation structures that characterize organized
moist convection could require finer grid spacing and larger ensemble sizes than presently avail-
able in operational contexts (Necker et al., 2019). Importantly, sampling error associated with
unresolved variability can translate to biased analysis increments (Hodyss and Morzfeld, 2023)
that degrade or fail to improve state estimates and resulting forecasts. Even where uncertainty is
accurately estimated with ensembles, Gaussian assumptions made by current DA methods such
as Ensemble Kalman Filters (EnKFs) and variational methods may introduce errors in state es-
timates due to the nonlinearity of moist convective dynamics and resulting non-Gaussianity of
prior probability distributions (McCurry et al., 2023).

The assimilation of mesonet observations has been the subject of multiple observing sys-
tem sensitivity studies, although the diversity of observing system configurations, modeling sys-
tem parameters, case studies, and broader experiment methodology within this body of research
makes it difficult to draw firm conclusions on their practical utility for improving analyses and
forecasts for severe events in the context of operational, limited-area NWP systems. Results from
Strensud et al. (2009) demonstrate the utility of mesonet observations in terms of improving the
depiction of cold pools and storm wind structures in state estimates. Ha and Snyder (2014) like-
wise showed reduced low-level moisture and temperature biases and improved estimates for the

location and structure of frontal boundaries. For the latter study, error reductions for wind and
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temperature were seen to extend vertically into the mid-troposphere, and forecasts initialized with
mesonet data outperformed verification scores from a control run on several metrics—including
accumulated precipitation—even 6 hours post initialization. We note that both of the preceding
studies used coarse ( > 10 km) grid-spacing and infrequent assimilation intervals ( > 1 h), with
no assimilation of Doppler wind observations in areas of storm activity. Studies using higher
resolution modeling systems that are perhaps more relevant for convective-scale DA have shown
mixed results for utility gained from assimilating mesonet observations. When performing hourly
DA for a convective-allowing modeling system using conventional surface and airborne obser-
vations from NOAA Global Systems Division Meteorological Analysis and Data Ingest System
(MADIS; Miller et al. 2005), Knopfmeier and Stensrud (2013) found no significant difference
between verification scores of state estimates produced using all possible mesonet observations
and those from data denial experiments that assimilated only 25% of available mesonet observa-
tions. Sobash and Stensrud (2015) assimilated MADIS mesonet observations along with other
real surface observation types in a modeling system with 3-km grid spacing and found that the
addition of mesonet observations improved model timing of convective initiation by reducing
surface biases for temperature and dew point, but only when observations were assimilated at
a 5-min frequency. Sobash and Stensrud (2015) also noted limitations in the ability of surface
observations to improve state estimates of quantities above the boundary layer, which contributed
to limited mesonet utility for an event featuring a strong capping inversion. This issue also ap-
pears in Marquis et al. (2014), which evaluated a mobile mesonet system for real cases using
a modeling system with 500-m grid spacing that also assimilated Doppler radar observations.
The authors noted that surface observations provided by the mobile mesonet did not produce

significant change to state estimates above a near-surface cold pool layer 2-3 km in depth. Al-
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though both Knopfmeier and Stensrud (2013) and Sobash and Stensrud (2015) examined the
impact of mesonet observations separately from METAR and other conventional surface obser-
vations, no study so far has comparatively evaluated the impact associated with distinct spatial
configurations of mesonet systems. Due to a relative lack of comprehensive OSSE experiments
involving modeling system uncertainty, it is also not well understood how factors like model pro-
cess error and boundary condition error mediate information available to modeling systems from
surface observing networks. It is conceivable, for instance, that reductions in uncertainty from
improved model physics parameterizations and boundary conditions that remove synoptic-scale
errors may isolate error sources associated with mesoscale dynamics to the point where surface
observing systems can help inform state estimates for the free atmosphere in the vicinity of se-
vere storms. Alternatively, improved error covariance estimates for surface-based mesoscale fea-
tures like cold-pools and horizontal convergence zones may allow surface observations to inform
model representations of such phenomena at finer scales and therefore produce more accurate

forecasts even without reducing analysis error above the near-surface environment.

3.1.3 Observing system simulation experiments

OSSEs are a commonly used method for numerically estimating the impact that may be ex-
pected from changes applied to any component of an NWP system, including changes to the type
and density of observations ingested during the DA process. All OSSEs involve the creation of a
nature run—a single model integration defined as the benchmark ’truth’ from which errors may
be unambiguously defined. *Synthetic’ observations are then generated from the nature run, and

assimilated by a modeling system that produces initial conditions and forecasts. OSSEs provide
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a natural framework for investigating the impact of non-existent observing systems such as the
Maryland Mesonet and also offer flexibility in tuning modeling system error structures against
a reference state. Our study makes use of the latter property of OSSEs to comparatively evalu-
ate the utility of four candidate networks for a ’standard-uncertainty’ modeling system configu-
ration representative of contemporary limited-area, convective-permitting NWP systems, and a
’constrained-uncertainty’ modeling system configuration imitating future NWP systems with im-
proved model physics and well-constrained boundary conditions. Although alternative methods
exist for optimizing observing networks, such as the adaptive observation framework mentioned
in Khare and Anderson (2006), our choice of a simple comparative evaluation of pre-generated
mesonet configurations avoided assumptions for sampling and model error that may complicate

such approaches.

3.2 Methodology

3.2.1 Case event selection

Our experiments simulated seven 18-h real-event cases featuring warm-season moist con-
vection within the state of Maryland. Cases were chosen from within the archival range for fore-
cast data from the High Resolution Rapid Refresh (HRRR) model (James et al., 2022), spanning
2018-2022 at the time of our experiments. Our selection process emphasized events featuring
multiple SPC storm reports within state boundaries, with further filtering based on storm severity
within the densely populated Baltimore-Washington metropolitan area. Severity in this context
was judged by available observations of composite reflectivity and accumulated event precipita-

tion. Limiting events to those that impacted densely populated areas allows human impact factors
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to play an implicit role in the evaluation of mesonet configurations without dividing our verifica-
tion region into smaller sub-domains that may suffer from issues of sampling error related to the
spatial distribution of impact from a limited number of test cases. We chose initial conditions for
our test case events so that the peak of convective activity occurs after the beginning of forecast

initiation following a five-hour spin-up period of sequential DA.
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Figure 3.1: Mid-Atlantic domain used for OSSE experiments. Colored shading shows the nature-
run composite reflectivity from 5 — 80 dBZ at 1800 UTC for one of the selected events on July
16th 2022.

3.2.2 Modeling system and DA

For the analysis and forecasting component of our OSSE framework—from which initial
conditions and forecasts are produced for later comparative evaluation against a nature run—we
implemented the WoFS-based system introduced in chapter one. Our domain of interest was
centered on Winchester Regional Airport (KOKV) for all experiments, providing full coverage of
the state of Maryland and extending several hundred kilometers into surrounding states located to

the North, South, and West (Fig. 3.1). In Table 3.1 we specify model physical parameterization
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options used in OSSE experiments. With the exception of ensemble size—which we set at 40
members to accommodate a high number of experiments—and the microphysical scheme—which
was experimentally varied—selected options remain unchanged from the previous sections of this
dissertation. Likewise, individual experiments were performed with a 14-h period of sequential

DA, sufficient to generate 19 separate 3-h forecasts at 30-minute intervals.

Table 3.1: Selected WRF namelist options used for nature run, standard-uncertainty modeling
system, and constrained-uncertainty modeling system (top) Selected DART namelist options used
for all OSSE experiments (bottom)

WRF namelist option ‘ Nature ‘ Standard-uncertainty ‘ Constrained-uncertainty
Grid spacing 1 km 3 km 3 km
Microphysics NVD (Mansell, 2010) | Thompson (Thompson et al., 2008) NVD

Cumulus _
Longwave radiative transfer RRTM (Iacono et al., 2008)
Shortwave radiative transfer Dudhia (Chen and Dudhia, 2001)
Land surface RUC (Smirnova et al., 2016)
Surface layer physics Monin-Obukhov (Jimenez et al., 2012)
Planetary boundary layer YSU (Ghonima et al., 2017)
DART namelist option Standard-uncertainty Constrained-uncertainty
Localization Radius (surface obs) 30 km
Localization Function Gaspari-Cohn (Gaspari and Cohn, 1999)

3.2.3 Nature runs and generation of synthetic observations

Nature runs were produced for each event by performing single 18-h WRF integrations
from corresponding initial conditions. This integration length was sufficient to encompass the
period of sequential DA and resulting forecasts produced by our modeling system. As with
initial ensemble members, nature run initial and lateral boundary conditions were interpolated
from HRRR analysis output, but were not perturbed with spatially-correlated Gaussian noise.

Given the 3-km grid spacing specified for our modeling system, we chose a finer nature run grid
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spacing of 1 km to induce a source of representativeness error in synthetic observations. Physi-
cal parameterization schemes in nature runs were maintained from those used by our modeling
system configurations ( Table 3.1 ), with the exception of microphysics for which we specified
the NSSL 2-moment variable-density scheme (NVD). The NVD scheme is notable for its fully
double-moment representation of all hydrometeor classes, and the inclusion of graupel density as
a diagnosable parameter (Mansell, 2010), which offers a comparatively high degree of complex-
ity that may be useful for OSSE experiments simulating the effect of missing physical processes.

From nature run output, we generated synthetic observations corresponding to several ob-
servation types typically assimilated by operational NWP systems. Radar observations were cre-
ated for Next Generation Radar (NEXRAD) radar reflectivity and radial velocity, as well as for
Multi-Radar Multi-Sensor (MRMS) zero-reflectivity observations in areas not experiencing storm
activity. Surface observations were created corresponding to wind and temperature observations
available from MADIS. We also produced synthetic observations of temperature and wind in the
lower troposphere corresponding to observations from the Aircraft Communications Address-
ing and Reporting System (ACARS). Synthetic conventional observations were generated from
nature runs at locations corresponding to real observations available during the severe weather
event of 12 to 13 August 2020 with the timestamps of these observations modified to match those
from the corresponding case event. Observations generated in this manner correspond to those
that would be expected from the pre-existing observing network. To facilitate experiments with
new mesonet configurations, we also generated synthetic observations of 2-meter temperature
and 10-meter wind at candidate network locations.

Since NWP systems typically do not assimilate radar observations below a threshold value,

we used a modified process to create synthetic radar observations only at locations correspond-
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ing to reflectivity at or above a value of 25 dBZ in the nature run. We first created dummy radar
volumes for each radar station with sweep elevation angles typical of those from real NEXRAD
observations used in part 3. We generated these volumes at time intervals that were likewise rep-
resentative. These dummy volumes contained non-empty values at every possible location within
the volume, subject to the same re-gridding procedure applied to real observations for our work in
part 3. After interpolating truth values from the nature run, we then removed observations within
these volumes that were below the 25 dBZ minimum reflectivity threshold. Both steps made use
of software tools provided by the Observation Processing and Wind Synthesis (OPAWS) program
(Wicker, nd; Majcen et al., 2008)

In the context of NWP, observation error can be thought of as the sum of a measurement
error term and a representation term consisting of contributions from (a) unresolved scales, (b)
forward operator error, and (c) pre-processing error (Janji¢ et al., 2018a). Although some degree
of error from unresolved scales was implicitly included from the interpolation of synthetic ob-
servations between the 1 km nature run grid and the 3 km modeling system grid, we accounted
for measurement error and the remainder of the representation error term by adding Gaussian
noise to the values of synthetic observations in a manner similar to Errico et al. (2013) but using

posterior root mean departure from observations as the tuning parameter.

3.2.4 MM Configurations

Our OSSE framework considered four candidate configurations of 75 mesonet stations to
be constructed as part of the MM project. These configurations differ in aspects including geo-

graphic uniformity of station density, locus of maximum density for non-uniform configurations,
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as well as consideration of surface observations provided by the pre-existing observation network.
We note that 28 of these stations have fixed locations as part of the first phase of construction,
leaving 47 stations with spatial locations that may vary between configurations. Candidate net-
works were generated using a method based on simulated annealing (Bertsimas and Tsitsiklis,
1993) that maximizes equidistance between stations subject to constraints and forcing terms that
impact the final distribution of station placement. A summary of station configurations and the
specific constraints used by the simulated annealing method is provided in Table 3.2. All net-
works were required to place stations within the state of Maryland and on land surfaces only.
The west-centered (WEST) and population-centered (POP) MM configurations included forcing
terms that increased station density in favored areas: near western boundaries—coastal or state
administrative—upstream of climatological storm propagation for the former case, and in densely
populated regions of the Washington and Baltimore metropolitan areas for the latter. Forcing
terms are not provided for the EQD or EQD+ configurations, and these configurations there-
fore produce a more uniform spatial density of candidate stations within state boundaries. Only
MM stations were considered by the simulated annealing method, with the sole exception of the
modified-equidistant (EQD+) configuration which also considered pre-existing (non-MM) sur-

face observing stations when maximizing equidistance.

Table 3.2: Configurations evaluated by OSSE experiments and parameters used in their genera-
tion by a synthetic annealing algorithm

Configuration Parameters ‘ Equidistant (EQD) ‘ Modified-equidistant (EQD+) ‘ West-centered (WEST) ‘ Population-centered (POP)

Geographic constraints Within the state of Maryland
Surface constraints Land surface only
Geographic forcing - - Western boundaries BWI metro area
Equidistance maximized for MM MM & non-MM surface MM MM

Specific geographic locations of individual surface observing stations within each network
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are shown in Fig. 3.2. For the EQD+ configuration, pre-existing stations were taken as observing
locations that report surface level measurements of temperature, wind, and humidity to NOAA’s
Meteorological Assimilation Data Ingest System at a frequency of at least one measurement every
30 minutes. In addition to the four candidate networks, our experiments also consider a default
or 'no-build’ observation network without new mesonet stations. The no-build configuration

provides the baseline from which all MM configurations will be compared.

Mesonet - Suggested Configuration Locations
e Mesonet - Prior Recommended Locations
e Existing Surface Stations

Mesonet - Suggested Configuration Locations
e Mesonet - Prior Recommended Locations
e Existing Surface Stations

e Mesonet - Suggested Configuration Locations
e Mesonet - Prior Recommended Locations
e Existing Surface Stations

e Mesonet - Suggested Configuration Locations
e Mesonet - Prior Recommended Locations
e Existing Surface Stations

Figure 3.2: OSSE candidate MM configurations: (a) network placed to preserve equidistance
between MM stations, (b) network placed to preserve equidistance between MM and pre-existing
(non-MM) stations, (c) network with greater density in the Appalachian plateau region of western
Maryland, (d) network with greater density in heavily populated areas of the Washington, DC
and Baltimore metropolitan areas. Configuration-specific candidate locations indicated by red
marks. pre-determined locations for new MM stations indicated by blue marks. Non-MM surface
stations with frequent reporting intervals indicated by purple marks.
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3.2.5 Simulations of mesonet impact with approximations for current and fu-
ture modeling system uncertainty

To accurately represent the impact of assimilating MM observations in both contemporary
and future NWP systems, we performed two separate sets of OSSE experiments using configu-
rations that appropriately simulated modeling system uncertainty. For standard-uncertainty ex-
periments simulating the capabilities of contemporary NWP systems, we ran our forecast model
using the double-moment Thompson microphysics scheme (Thompson et al., 2008). This choice
induces a model process error in the sense that our parameterization for clouds differs from the
NVD scheme used by the nature run, acting in addition to model error induced by scale dis-
crepancy between our 3-km modeling system and 1-km nature run. In an effort to realistically
approximate the uncertainty that is introduced to limited-area modeling systems by parent global
models via initial and boundary condition error, we added an additional error source in the form
of low wave-number Gaussian noise applied to initial and lateral boundary conditions used by
our modeling system. This additive noise has a wavelength roughly double that of our domain
size and simulates the impact that may be expected from synoptic scale error structures found in
global model output. Using forecast output for a case occurring on April 13, 2020, we tuned the
amount of added noise in an iterative process and chose the amplitude that produced a 90-min
fractions skill score closest to that produced by our modeling system configuration for the same
case event when assimilating real observations. For tuning process results see Fig. A.1.

For ‘constrained-uncertainty’ experiments simulating the potential capabilities of future
NWP systems, we used a modeling system configuration with the same NVD microphysical

scheme as in our nature runs, removing the approximated source of physical parameterization
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error. To simulate improved constraints on the synoptic scale environment associated with future
global NWP systems, we did not add low wave-number Gaussian noise to model initial and
boundary conditions. Given the short wavelengths of Gaussian noise added to maintain ensemble
spread, boundary conditions used for constrained-uncertainty experiments may be thought of as
perfect on the synoptic scale. The relatively high fidelity of initial conditions produced under
these conditions further allowed us to halve the amplitude of additive noise used to maintain
spread during sequential DA without significantly degrading model spread during convective
initiation. Because additive inflation methods can themselves act as sources of sampling error
that induce bias in state estimates (Sobash and Wicker, 2015), this modification further imitated

hypothetical improvements in sampling characteristics of future NWP systems.

3.2.6 Verification of MM configuration experiments

We evaluated the performance of candidate MM configurations by generating verification
scores for forecasts and analyses that may be compared against those expected from the pre-
existing observing system. We first considered RMSE for ensemble-mean wind and potential
temperature fields at various levels of interest. RMSE was evaluated using grid point locations
within a verification region corresponding to the state of Maryland, which were re-gridded to
6-km resolution and then compared to similarly re-gridded nature-run values at corresponding
locations. For our second metric, we used FSS produced for two verifying events: the occurrence
of composite radar reflectivity over 25 dBZ, to correspond with areas of convection and severe
storm activity, as well as the occurrence of precipitation rates more than 0.625 mm/hr. We chose

a neighborhood length scale of 15 km, which provides a balanced metric informed by both the
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resolution of discrete storm structures as well as more general performance characteristics such as
precipitation bias. Spatially-averaging for both RMSE and FSS considered a verification region

consisting of areas within the state of Maryland.

3.3 Impact of MM observations on the fidelity of analysis fields and derived

quantities

3.3.1 Results for standard-uncertainty and constrained-uncertainty OSSE con-
figurations

Accurate model analyses and derived, diagnostic quantities are crucial for forecaster decision-
making alongside numerical forecast output. To gauge the utility of assimilating MM observa-
tions on the accuracy of state estimates, we examined prior and posterior quantities over the du-
ration of sequential DA. In Fig. 3.3 we present several related plots that characterize the spatial
distribution of mesonet impact for potential temperature during experiments with our standard-
uncertainty modeling system. Corresponding plots for zonal-wind speed are shown in Fig. 3.4.
All plots presented consider averages for all forecast initialization times across cases and are
stratified column-wise by applied MM configuration. The grey lines in Fig. 3.3d and Fig. 3.4d
depict the vertical structure of MM impact on initial condition error, using the first 20 members of
the analysis ensemble. The impact is calculated as a percentage improvement in ensemble-mean
RMSE over the no-build case and averaged longitudinally and meridionally within the boundaries
of the state of Maryland. Results across MM configurations indicate maximal improvements of

6-7% for potential temperature and 3-4% for zonal-wind speed that decline with elevation. Im-
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provement is mostly constrained to a vertical range extending from the surface to roughly the
height of the planetary boundary layer, with impact becoming negligible above roughly 1000 m.
Besides a slight advantage for near-surface zonal-wind speed shown for the modified equidistant
MM configuration, there is little difference in impacts produced by candidate networks.

We extend this vertical stratification by examining the geographic distribution of MM con-
figuration impact on analysis-mean quantities, considering only a layer roughly below 330 m-
corresponding to the five lowest eta levels in our WRF configuration-that appears most strongly
affected by mesonet observations (Figs. 3.3c,3.4c). We subsequently refer to impacts averaged
over this layer as ‘near-surface-averaged’. Resulting fields show geographically heterogeneous
impact distributions for both temperature and zonal wind, with all MM configurations produc-
ing benefits that are roughly concentrated within the state boundaries of Maryland and yielding
roughly equivalent areas of improvement and degradation in neighboring states. With few excep-
tions, zones of contiguous improvement are located near MM observation sites, well within the
30 km localization radius of MM observations. The location of maximum near-surface-averaged
improvement to analysis-means over the default observation network varies with MM configura-
tion, occurring in southern Maryland and the north-western portion of the Delmarva peninsula for
the two equidistant type configurations. For the western and population-centered networks, these
maxima occur in southern Maryland and in the north-central portion of the state. Near-surface-
averaged improvements near these maxima are on the order of 15-20% of the posterior RMSE
values associated with the default observation network for potential temperature and 10-15% for
zonal wind, with potential temperature showing more consistent and geographically contiguous
improvements throughout the state.

Plots of MM configuration-mediated changes to analysis-increment magnitude (A Inc)
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(Figs. 3.3a,3.4a) reveal a notable correlation with local site density for most regions outside
of central Maryland, with higher configuration site densities producing locally enhanced A Inc.
Since site density also tends to correlate positively with analysis impact in these regions, this sug-
gests that Kalman gains for near-surface variables are reasonably unbiased in such areas leading
to positive marginal utility of additional observations. A strong example of this effect can be seen
in the northwestern Delmarva peninsula, where the west and population-centered MM configu-
rations place comparatively few stations compared to the equidistant MM configurations, and are
in turn associated with significantly smaller changes to analysis increments and positive analysis
error impact for both potential temperature and zonal-wind speed. Conversely, regions of central
Maryland between the Washington, DC and Baltimore MD metropolitan areas, and portions of
northeastern Maryland show no distinguishable correlations between site density and A Inc, and
the correlation between site density and positive analysis error impact is greatly muted. We note
that these regions correspond rather well with areas where high average densities (25+ observa-
tions/100 km) of pre-existing, non-MM surface observations are assimilated in our experiments
(Fig. A4).

We repeat the preceding analysis for our constrained-uncertainty modeling system config-
uration and present corresponding figures for potential temperature (Fig. 3.5) and zonal-wind
speed (Fig. 3.6). Although the vertical distribution of impact on initial-condition error appears
quite similar to results for the standard-uncertainty OSSE when considering potential temperature
(Fig. 3.5d), the same results for zonal-wind speed show stark differences below 1000 m, with
maximal improvements over the no-build configuration reaching only 2-3% (Fig. 3.6d) near the
surface. While the geographical distribution of impact retains improvement maxima in regions
of southern Maryland and the Eastern shore indicated for the standard-uncertainty OSSE, there
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Figure 3.3: (a) Near-surface-averaged MM configuration change in analysis-increment magni-
tude for potential temperature, (b) near-surface-averaged MM configuration impact on prior-
mean RMSE difference for potential temperature, (c) near-surface-averaged MM configuration
impact on analysis-mean RMSE difference for potential temperature, and (d) Vertical profile of
MM configuration impact on initial condition and forecast-mean RMSE for potential tempera-
ture. Results for standard-uncertainty OSSE

are distinct reductions in analysis-mean improvement for both variables in the central Maryland
region, and for potential temperature in the southern Chesapeake Bay. For zonal-wind speed,
there is a large increase in the extent of regions suffering analysis-mean degradation compared
to the standard-uncertainty experiments (Figs. 3.5c,3.6c). Interestingly—despite shifts in the ge-
ographical distribution of analysis-mean impact—the corresponding distribution of MM mediated
A Inc appears quite close to that from the standard-uncertainty OSSE (Figs. 3.5a,3.6a), which
suggests that subdued analysis-mean improvement in the constrained-uncertainty experiments is
mediated by other factors.

To investigate temporal and case-specific factors affecting near-surface-averaged MM im-
pact on analysis error, we examined smaller sets of analysis means aggregated in 2-h intervals,

commencing 3 h after ensemble initialization and for potential temperature only (Fig. A.2). We
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indicate the presence of composite reflectivity above 25 dBZ within these temporal intervals
with cross-hatching. Results strongly suggest that the impact of MM observations achieves the
greatest amplitude, positive or negative, only after a given local region has been impacted by
moist convection, regardless of event set-up. It also appears that the majority of statewide re-
duction to analysis-mean RMSE can be attributed to particular cases and even intervals within
specific events. Events centered on 12 August 2020 and 16 July 2022 benefit the most from
MM assimilation, with the latter showing an especially positive impact after the passage of a
quasi-linear-convective system (QLCS) across the Chesapeake Bay as shown in panels D,E, and
F. Conversely, cases centered on 13 April 2020 and 3 September 2020 produce the least benefit
from MM assimilation, even after convection has spread throughout the state. Both of these cases
feature strong synoptic-scale convective forcing driven by frontal passages, in contrast to other
cases where convection is either air-mass driven or else forced as part of a mesoscale convective

system (MCS). For experiments using a constrained-uncertainty modeling system configuration
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Figure 3.5: (a) Near-surface-averaged MM configuration change in analysis-increment magni-
tude for potential temperature, (b) near-surface-averaged MM configuration impact on prior-
mean RMSE difference for potential temperature, (c) near-surface-averaged MM configuration
impact on analysis-mean RMSE difference for potential temperature, and (d) Vertical profile of
MM configuration impact on initial condition and forecast-mean RMSE for potential tempera-
ture. Results for constrained-uncertainty OSSE.

(Fig. A.3), the aforementioned synoptically-driven cases show even less improvement relative to
other events. Although the air-mass-driven event centered on 12 August 2020 retains the large
improvements demonstrated in standard-uncertainty experiments, analyses for the 16 July 2022
case no longer show especially large improvements associated with the QLCS passage occurring
towards the end of this case.

Although ensemble-mean RMSE is a powerful metric for quantifying the accuracy of a
given field, differences in RMSE between sets of initial conditions contain contributions from er-
rors that are more or less important for forecast evolutions, which may be concentrated in regions
containing information directly relevant to the development of localized convective storms. To di-
rectly evaluate the representation of dynamically relevant structures within our OSSE framework

we calculated CSI scores—averaged across initial members of all collected forecast ensembles—
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Figure 3.6: Same as Fig. 3.5 but for zonal-wind speed.

for the detection of reduced virtual potential temperature (#,,) indicative of developing cold pools
or sea breezes, and also for the detection of elevated horizontal convergence at the lowest model
level indicative of colliding cold pool gust fronts and other mass boundaries that favor forced
convection. The 6, threshold for cold pool detection was dynamically set based on environ-
mental means following Torri et al. (2015), while for horizontal convergence we chose to use
the 90th percentile of convergence present in the nature run at the corresponding time stamp.
We calculated these average scores across all cases and for both the standard-uncertainty and
constrained-uncertainty modeling system configurations, with results presented in terms of the
case-averaged difference between each candidate MM configuration and the no-build configu-
ration (Fig. 3.7). Contrast is evident between scores for cold pool identification and the iden-
tification of elevated horizontal convergence, with the former showing robust benefit from MM
assimilation for all MM configurations and the latter showing only modest median improvement

with values for lower quartiles showing degraded member representation of convergence zones.
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Results therefore suggest that the assimilation of MM observations provides utility in improving
the resolution of near-surface thermodynamic features but is much less helpful in refining model
depiction of mesoscale frontal boundaries. We note that with the possible exception of cold pool
scores for equidistant configurations, there is remarkably little difference in CSI scores associated
with individual MM configurations.

As a specific example that highlights how changes to small-scale structures may occur in
analyses from the assimilation of MM observations, we examined density-current structures—
inclusive of both convectively-generated cold pools and sea breezes but referred to here as *cold
pools’ for simplicity—identifiable at a single timestamp during the 12 August 2020 case event. We
again used a threshold 6, to identify the presence of these features in the nature run, before apply-
ing the same thresholding technique to the analysis means produced by our standard-uncertainty
OSSE ensemble both with the default observation network and when assimilating the equidis-
tant MM configuration. Focusing on a region-of-interest centered on the Baltimore-Washington
metropolitan area, we plot the outlines of cold pools identifiable in the nature run along with those
identifiable from both observation network configurations, as well as prevailing 10-m winds from
all three sources (Fig. 3.8). Assimilating MM observations produces cold pool boundaries that
are a closer match to the nature run across central and northeastern Maryland when compared to
boundaries placed with the default observation network. This improvement stems primarily from
an increase in analysis mean 6, at the edge of cold pool regions with the effect of reducing their
overall extent. While slight improvements to 10-m wind vectors are noted from assimilating MM

observations, these occur haphazardly and do appear concentrated near outflow boundaries.
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Figure 3.7: Case-averaged CSI score differences between each candidate MM configuration
and the default observation network for the identification of near-surface horizontal conver-
gence above nature run 90th percentile values for (a) standard-uncertainty modeling system (b)
constrained-uncertainty modeling system. CSI score differences for the identification of 6, below
a threshold indicative of cold pool development for (c) standard-uncertainty modeling system (d)
constrained-uncertainty modeling system. Error bars indicate quartile ranges among considered
cases.

Figure 3.8: Cold pool boundaries and 10-meter wind vectors valid 2200 UTC 12 August 2020 as
depicted by nature run (black), standard-uncertainty OSSE assimilating the default observation
network (blue) and standard-uncertainty OSSE assimilating the EQD MM configuration (green).
Shading shows base level 8, for nature run. Dotted black lines indicate state and coastal bound-

aries.
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3.4 Impact of MM observations on forecast verifications

3.4.1 Results for standard-uncertainty OSSE configuration

Using our standard-uncertainty modeling system configuration, we generated sets of initial
conditions and 3-hr forecasts corresponding to sequential assimilation of observations from each
of our four candidate MM configurations, as well as a set corresponding to assimilation with
only the default 'no build’ observation network. We chose to limit verification for resulting
forecasts to the earlier defined Maryland verification region given the steep spatial gradient in
near-surface-averaged mesonet impact to analysis fields of wind and temperature seen in Figs.
3.3-3.6. In Fig. 3.9a we present score impacts—defined as the percentage-wise difference between
forecast FSS of candidate configurations and that of the no-build configuration—for the occurrence
of elevated radar reflectivity and precipitation indicative of severe storm activity. Median and
quartile score impacts were produced according to lead time and consider all forecasts produced
across case events. This provides, for every MM configuration, a sample size of 133 discrete
forecast verifications at 15-minute increments of lead time starting from initialization. Median
score impacts in this context may be thought of as the effect on verification scores at a given lead
time that may be expected from the assimilation of a particular MM configuration, with quartiles
acting as an indicator for the variability in improvement (or degradation) at that lead time across
sampled forecasts. For the prediction of elevated composite reflectivity (25+ dBZ), results are
inconclusive and show a highly variable range of configuration impacts. Although the median
differences between FSS using the no-build configuration and that produced using the candidate

MM configurations is small, the 25th and 75th percentile score impacts from initialization to 45
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minutes of lead-time indicate that a subset of forecasts experience larger benefits of up to 2% from
the assimilation of MM observations, with comparatively fewer forecasts showing degradation
of similar magnitude. Median results for POD and FAR (Fig. 3.9b,c) show no change in the
detectability of events, but do indicate a 1-2.5% reduction in false alarm rate at short lead times
roughly corresponding to the first 1.5 h after forecast initialization. For the prediction of 15-
minute accumulated precipitation rates corresponding to moderate rainfall (0.625+ mm/h), we see
no significant impact from the assimilation of MM observations for any of the aforementioned
measures (data not shown). None of the aforementioned metrics showed differences between

MM configurations that were large compared to the interquartile range.
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Figure 3.9: Network median and quartile percentage score difference from default observation

network for (a) forecast fractions skill score, (b) forecast false alarm rate, (c) forecast proba-

bility of detection, valid for standard-uncertainty OSSE. Same for (d), (e), and (f) but valid for

constrained-uncertainty OSSE

To augment event-based metrics, we examined the percentage-wise RMSE difference (RMSE
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impact) between no-build and candidate configurations for forecast temperature and zonal wind
fields, again averaging these scores within the Maryland verification region and across all avail-
able forecasts. We present color-coded vertical profiles of mean RMSE impacts for wind and
temperature fields at lead times from 30 to 180 minutes (Figs. 3.3d,3.4d), overlaying correspond-
ing impact profiles for forecast initial conditions introduced in the previous section. This figure
depicts how forecast error relates to improvements afforded to analysis fields, both above and
below the planetary boundary layer. Results for potential temperature show that—with the excep-
tion of the west-centered network—analysis improvements below 1000 m persist throughout the
180-minute forecast period, at which point they have decayed to roughly 0.5 — 1.5% from 5 —
7% present in initial conditions. For zonal-wind speed, improvements decay to near zero within
the same layer by 60 — 90 minutes. Neither variable shows robust forecast improvements above
1000 m at any lead time, indicating that improvements to analysis fields at lower elevations do
not translate to the free atmosphere during forecasts.

Although we do not break down the geographical distribution of forecast improvements
by lead-time, in figures 3.3b and 3.4b we present plots of near-surface-averaged MM configu-
ration impact on prior-mean error for potential temperature and zonal-wind speed. These were
produced in the same way as corresponding plots for analysis means (Figs. 3.3c,3.4c), and may
be seen as a proxy for short-term, 15-minute forecasts produced by our modeling system over
the course of sequential DA. Comparisons with analysis-mean impacts show that for potential
temperature, improvements are preferentially degraded in western and central Maryland, with
stronger persistence for southeastern regions of the state surrounding the Chesapeake Bay. For
zonal wind, regions of positive analysis impact are degraded somewhat more evenly, though the
quickest decay still occurs for western Maryland.
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3.4.2 Results for constrained-uncertainty modeling system featuring perfect
physics

To examine how the utility of candidate mesonet configurations would change given ad-
vances in physical parameterization schemes and limited initial-condition uncertainty for large-
scale flow—as depicted by reduced boundary condition uncertainty—we generated further sets of
initial conditions and forecasts using our constrained-uncertainty modeling system configuration.
As before, we examine fractions skill score curves for radar reflectivity (Fig. 3.9d) and precipi-
tation (not shown) corresponding to aggregated forecast performance across events stratified by
lead time. For verification of composite reflectivity above 25 dBZ, we find that the range of
impact from assimilation of MM observations is smaller than that for the standard-uncertainty
set of experiments, both in the median and for the interquartile spread of score impact. This is
in part due to an overall increase in FSS at analysis times associated with reduced model error
and improved boundary conditions. Unlike the standard-uncertainty case, any benefit from as-
similation of MM observations is limited to the analysis time where it is again present only in a
subset of forecasts contributing to 25th and 75th percentile score impacts. As before, verification
of precipitation rates above 0.625 mm/hr shows no detectable benefit from MM observations, al-
though the variance of skill-score impact is also reduced in a manner similar to that for composite
reflectivity.

Vertical profiles of forecast-mean impacts for potential temperature (Fig. 3.5d) show sim-
ilar lead-time progressions to that for the standard-uncertainty experiments, maintaining small
improvements below 1000 m for the duration of forecasts. However, equivalent profiles for zonal-

mean wind (Fig. 3.6d) show a much sharper lead-time cutoff in terms of useful impact near the
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surface. For most MM configurations, there is no discernible trend in forecast mean-impact past
30 minutes. As before, no forecast improvement is seen above 1000 m for either potential tem-
perature or zonal wind. Likewise, the geographical distribution of prior-mean impacts presented
in figures 3.3b and 3.4b indicates that improvements to analysis accuracy associated with MM

observations are preferentially retained in southeastern Maryland for both variables.

3.5 Discussion

3.5.1 Findings on the utility of a Maryland mesonet

Notwithstanding the comparative performance of candidate MM configurations, we find
that the assimilation of MM observations as a whole leads to clear but localized improvements
in analysis and forecast accuracy. Results show a distinct reduction in RMSE for near-surface,
analysis-mean fields that persists within corresponding forecast fields for up to 3-h in the case of
temperature and for 30-90 minutes in the case of zonal-wind speed. The vertical extent of bene-
fit is restricted to a surface-based layer below 1000 m, roughly corresponding to the convective
boundary layer, with little or no impact seen above. We note that this is consistent with previ-
ous findings in Sobash and Stensrud (2015) and Marquis et al. (2014) that showed limitations
in the ability of surface observations to influence analyses in the free atmosphere. Geographi-
cally, improvement is confined to regions that are directly adjacent to MM site locations, well
within the 30-km localization length scale for surface observations. This is especially appar-
ent in analyses produced with the constrained-uncertainty configuration of our modeling system,
where analysis benefits retreat from remote portions of the southern Chesapeake Bay. Tempo-

rally, within the sequential cycling period, reduced RMSE for analysis-mean fields occurs pre-
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dominately after convective activity has passed through a given region, and is more distinct for
MCS cases than for cases driven by synoptic-scale frontal passages. Of our considered analysis
variables, potential temperature appears to benefit to a slightly greater degree than wind speed
for our standard-uncertainty experiments, and this difference increases significantly for simula-
tions with constrained uncertainty. Together, these effects suggest that the primary effect of MM
observations is to improve model representation of near-surface outflow structures produced by
convective storms, with limitations imposed by the ability of mesonet observations to inform spa-
tially distant variables via cross-covariances. When and where benefit to analysis-mean RMSE
is present, improvements extend to the identification of mesoscale surface-based structures such
as cold pools and gust fronts in individual posterior members.

Despite the aforementioned benefits, the results of our OSSE experiments are inconclusive
in demonstrating that the assimilation of additional surface observations is itself beneficial to
regional forecast skill for moist convective events. We find only limited forecast improvement
associated with MM observations for simulations with realistic error structures, as well as for
simulations featuring reduced model error and constrained lateral boundary conditions. When
considering fractions skill scores for the occurrence of elevated composite reflectivity as well as
those for the exceedance of threshold accumulated precipitation values, median paired skill-score
differences between the default observation network and evaluated mesonet configurations are
consistently negligible across OSSE experiments. Although score impacts for false-alarm rate—
especially at their 25th percentile—indicate that at least a subset of forecasts benefit from reduced
over-prediction of convection, we note that such outliers may be impacted by our choice of case
events and that—on average—the location, timing, and strength of forecast convective events is not

improved by assimilating additional mesonet data.
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We offer two possible explanations for why improvements to near-surface analysis fields
and outflow features do not translate into significantly increased NWP forecast skill for simulated
moist convective events. The first is an inherent limitation of geographically constrained networks
like the MM, caused by the rapid turnover of information exported from the domain covered by
MM observations and replaced by information from outside the local vicinity. Indeed, we see
evidence of this in the relative absence of near-surface-averaged improvement to prior-mean fields
for wind and potential temperature in western Maryland, where all candidate MM configurations
are necessarily thin in the meridional direction, suggesting that improvements to these fields in
posterior members are washed out of the region completely during the 15-minute model advance.
Secondly, we find it highly likely that predictability aspects of moist convection act to constrain
the ability of surface observations to correct the dynamic evolution of convective storms even

when they result in more accurate model depictions of the near-surface environment.

3.5.2 Findings on the importance of station placement within MM networks

Given inconclusive results for the impact of MM observations on NWP forecast skill, our
evaluation of candidate MM configurations and the site placement of individual stations focuses
on the effect that these may be expected to have in improving analysis accuracy. Results for
the geographic distribution of analysis-impact indicate that there is a generally positive relation-
ship between the local density of stations placed by MM configurations and the magnitude of
nearby analysis-mean improvement, although this relationship does not hold in areas of north-
ern and eastern Maryland that coincide with high concentrations of non-MM surface observa-

tions. In line with the above discussion on limitations for MM observations, we contend that the
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marginal utility of additional site density is positive in so much as uncertainty for nearby vari-
ables is both present and well-sampled in the prior ensemble. The fulfillment of these conditions
depends greatly on the scale of resolved uncertainty structures, which in turn may depend on
modeling system configurations, dynamic conditions, and the particular variables involved. The
behavior described here would explain reductions in positive analysis impact between standard-
uncertainty and constrained-uncertainty experiments since the former contains large-scale uncer-
tainty features that are resolvable with our 40-member ensemble, whereas uncertainty structures
in the latter experiments are dominated by meso-vy scale storm structures that may be incor-
rectly sampled during DA. Similarly, we may explain the lack of positive analysis impact in
well-observed regions of central and northeastern Maryland by recognizing that a sufficient den-
sity of observations from pre-existing surface stations would significantly constrain large-scale
uncertainty structures in prior ensembles and therefore cause innovations in these regions to be
drawn from smaller, less resolvable scales. These considerations should favor a network con-
figuration that maximizes useful information by maintaining rough equidistance while avoiding
areas where pre-existing observations are capable of restraining the growth of error structures
at scales amenable to operational DA systems. Of the MM configurations evaluated in this pa-
per, the modified equidistant configuration best fulfills these requirements. However, this is not
confirmed by results for analysis impact—which do not show a clear winner. This is most likely
because we required that pre-existing surface stations report data at intervals of less than or equal
to 30 minutes in order to influence site placement in our simulated-annealing algorithm, which
did not account for large numbers of surface stations reporting data at less frequent—often hourly—
intervals. A network of this type, generated in a manner that accounts for all pre-existing stations,

may show an improved impact on analysis accuracy beyond that demonstrated for evaluated MM
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configurations.

3.5.3 Implications for convective-scale DA and future observing systems

We may extrapolate the results of our OSSE experiments to provide more generalized in-
sight into factors that drive forecast errors in moist convective regimes and how they may limit the
current and potential utility of assimilating denser networks of surface observations in limited-
area, convective-allowing NWP systems. From a simplified perspective governed by Bayesian
inference, forecast error arises from a combination of initial condition and model errors (Privé
and Errico, 2013), with the interaction of the two depending on the particular nature of the dy-
namical system, its discretization, and consequent structure of both true and modeled phase space
trajectories (Shaw, 1981). Although not quite as rigorous as formal sensitivity analysis (Torn and
Hakim, 2008), our standard-uncertainty and constrained-uncertainty OSSE configurations sam-
pled two possible permutations of these errors from which to conclude: the former featuring
elevated model error from choice of microphysics scheme and initial conditions degraded by
synoptic-scale perturbations to boundary conditions, and the latter featuring no such synoptic
scale forcing and only a small discretization component of model error. While both cases show
reductions in near-surface initial condition errors attributable to assimilating MM observations,
this improvement does not scale monotonically with station density in the sense of reductions to
squared errors and is insufficient to improve forecast skill for the prediction of moist convective
events even when forecasts are integrated with near perfect boundary conditions and physics.
Furthermore, residual improvements to near-surface forecast fields of wind and temperature that

exist for lead times below one hour for our standard-uncertainty experiments are notably reduced
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in our latter experiments where error is predominantly generated in regions of convective activ-
ity. While the lack of improvement to forecast verifications at extended lead times is undoubtedly
consistent with the restricted spatial extent of the Maryland mesonet and consequent advection
of information out of the verification domain, that such improvements are minimal even at short
lead times suggests that the ability of surface observations to improve model representations of
moist convection may be limited by aspects of intrinsic predictability.

Some studies that have taken an analytical approach to quantifying intrinsic predictability
limits of moist convection (Ramanathan et al., 2019; Ramanathan and Satyanarayana, 2021) sug-
gest that storm features near the upper end of the meso- scale may retain a degree of predictabil-
ity for up to 6 hrs, with further extended predictability possible for highly organized systems.
Though this would appear to leave room for improvement on practical predictability time scales
achievable by NWP systems, the damped-driven dynamics of moist convective systems may re-
sult in a high rate of ‘information turnover’ compared to synoptic scale processes. As an example
motivated by Fig. 3.7, in situations where convection is heavily favored at particular locations it
may be unnecessary to refine the model depiction of outflow boundaries beyond a certain level
of accuracy to obtain a reasonable forecast of convective activity. Conversely, in weakly sheared,
conditionally unstable environments where convection is disorganized and heavily dependent on
outflow forcing, noticeably improving forecast accuracy may require an unachievable amount
of constraint on outflow boundaries. Alternatively, improvements to near-surface analysis fields
and even to resolved cold-pool structures may be diluted by poorly-resolved processes occur-
ring above 1000 m—including entrainment, detrainment and downdraft formation—where surface
observations have little impact. We note that deep moist convective events occur in a high di-

mensional phase space involving thermodynamic, momentum, and moisture fields over the full
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height of the troposphere (Rotunno et al., 1988). In the context of our experiments, limitations
specific to moist convection would be most evident in the constrained-uncertainty experiment
where ‘low-hanging fruit’ in the form of large-scale initial condition error leading to downscale
error propagation has been addressed, and where indeed we see the least evidence of persistent
RMSE benefit to forecast fields. While the role of model error in this scenario is less clear, our
results suggest that even drastic improvements to physical parameterizations are insufficient to
significantly increase the utility of surface observations. This could be the case if dynamical at-
tractors relevant to moist convection are already reasonably well defined by an imperfect model,
making model error less important than sampling deficiency and other factors such as improper
assumptions made by DA algorithms. If predictability aspects of moist convective systems do in
fact reduce the amenability of such regimes to surface DA, then we would expect the marginal
utility of additional surface observations to decrease and reach saturation at lower density as

improvements to global models increasingly reduce the amplitude of error at synoptic-scales.

3.5.4 Experiment limitations

Errico and Privé (2018) notes that regional OSSEs of the type presented in this chapter may
present issues in terms of accurate representation of boundary conditions, and further warns that
ill-posed OSSE frameworks may spuriously indicate utility for candidate observing systems. We
note that although we do not use a global ensemble for initial and boundary condition generation,
this would not be a factor in our constrained-uncertainty OSSE configuration that removes LBC
perturbations larger than the meso-vy spatial scale. Another potential limitation in our experi-

mental framework is the non-consideration of observation error correlations that are sometimes
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parameterized in highly tuned OSSEs for operational NWP systems. We suspect that given our
assimilated observation types, the primary effect of considering these correlations would be a
slightly reduced impact from radar observations in areas of moist convection. Although this could
feasibly lead to greater benefit from assimilating MM observations in our standard-uncertainty
OSSE, parameterized correlations would likely not hold for future changes to radar networks, or
improved statistical techniques to reduce existing error correlations. Furthermore, we note that
although humidity observations are often ingested by NWP systems, we chose to assimilate only
temperature and wind measurements provided by mesonet stations due to difficulties in properly
representing the assimilation of bounded quantities in an OSSE framework. Given the impor-
tance of lower-level moisture in properly simulating conditional instability, it is conceivable that
these observations may mediate yet-undetected NWP benefits from additional surface observing
stations. Finally, we acknowledge that our sample of warm-season moist convective case events
necessarily excluded other common causes of severe weather. Further study may be warranted
for examining the impact of mesonet observations for the prediction of winter-weather events,
particularly those with convective elements or shear gradients in surface precipitation type that

may be amenable to the high resolution possible with mesonets.

3.6 Summary and conclusions

This chapter presents results from a set of observing system simulation experiments that
evaluated the impact of a new Maryland mesonet on analyses and forecasts produced using a
convective-allowing model framework. Although the Maryland mesonet has wide-ranging aims,

this study was focused on implications for the predictability of severe convective storms due to
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their prevalence and impact on the local region. Accordingly the adopted OSSE framework sim-
ulated mesonet impact for seven moist convective case-events, with final selection influenced by
event severity in densely populated areas of the state. We hypothesized that additional surface
observations may reduce analysis error for quantities relevant to the development and propa-
gation of convective storms—especially near-surface wind and temperature anomalies associated
with cold pools—and result in lengthier periods of predictability for moist-convective events than
if these observations were not assimilated. We further proposed that such benefits may be me-
diated by the spatial configuration of mesonet site locations, making it desirable to study and
optimize impacts associated with specific configurations. Initial conditions and forecasts were
produced using several candidate spatial configurations for mesonet site location and then verified
against a ’truth-state’ defined by our nature run using both continuous and categorical statistics.
Simulations also considered the role of common modeling system errors, and how anticipated
improvements to boundary condition constraint and model process error may affect the utility
of mesonet observations in future modeling systems. To answer these questions in an OSSE
framework, we performed two sets of experiments for every set of configurations: one using a
’standard-uncertainty’ configuration with the simulated model process and boundary condition
error with synoptic-scale structure, and a ’constrained-uncertainty’ configuration with perfect
physics and low-amplitude, high-frequency boundary condition errors. For analysis uncertainty,
we found that assimilation of any of our mesonet configurations is associated with modest re-
ductions in analysis error for near-surface temperature and zonal wind fields that is restricted to
a layer below 1000 m, consistent with previous studies that assimilated similar observing sys-
tems. Analysis error reduction is slightly more enhanced and extensive for experiments with

our standard-uncertainty modeling system compared to those performed with the constrained-
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uncertainty configuration, especially for near-surface zonal wind which we attribute to the rela-
tive ease of sampling error structures induced by large-scale boundary perturbations compared to
errors propagating upscale in moist-convective regimes. While increased accuracy for thermo-
dynamic and wind fields is maintained in short-term forecasts—most visibly with our standard-
uncertainty modeling system configuration—it does not translate to detectable improvement in
forecast skill for the occurrence of discrete convective events. This may suggest limitations in
the ability of dense surface observing networks to extend the practical predictability of moist
convective regimes due to scale-dependent aspects of involved dynamical systems and the nature
of their coupling to surface processes. Although our results do not show drastic differences in
analysis or forecast improvement between candidate mesonet configurations, we conclude that
optimal improvements to analysis accuracy may be achieved by roughly equidistant placement
that avoids areas where pre-existing surface data heavily constrains error structures resolvable by
operational DA systems and where remaining uncertainty pertaining to near-surface variables is

mediated by meso-~y-scale structures.
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Chapter 4: Exploring choices of model physics and observation pre-processing

for convective-scale data assimilation

4.1 Introduction

4.1.1 Potential and remaining challenges for state estimation using a localized
particle filter

The past 10 years have seen rapid improvements to regional prediction systems explicitly
tuned for forecasting the near-term evolution of MCS’s and other weather hazards governed by
mesoscale dynamics. State-of-the-art prediction systems such as the NSSL Warn-on-Forecast-
System feature self-cycled, convective-allowing ensembles, comprehensive multi-moment mi-
crophysics parameterizations, sub-hourly assimilation intervals, and direct assimilation of radar
reflectivity rather than latent-heat nudging or other indirect assimilation methods. These methods
allow for powerful, real-time state estimates for variables that characterize the internal compo-
nents of MCS structure within advanced weather models. The accuracy of such systems ex-
ceeds that of earlier-generation regional prediction systems by estimating not only the local mass
and thermodynamic fields, but also the distribution of hydrometeor species, mixing ratios, and
number concentrations within discrete convective cells or groups of convective cells. However,

state estimates produced by operational prediction systems still remain tied to approximations
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in contemporary DA methods and to ad-hoc observing strategies primarily motivated by im-
pacts to forecast skill. Further improving DA accuracy for applications of moist convection may
require alternative state-estimation and observing strategies that systematically remove assump-
tions present in existing systems.

Particle filtering (PF) methods are a Bayesian approach to state estimation that avoid para-
metric assumptions for prior and posterior distributions. PF’s have long been noted for their
potential to improve state estimates for systems featuring highly non-linear dynamics and non-
Gaussian distributed quantities of the kind found in moist-convective systems, but suffer from
scalability issues for high dimensional applications. The recent advent of computationally afford-
able, localized particle filtering methods such as the iterative local particle filter (LPF)(Poterjoy,
2016; Poterjoy et al., 2019; Poterjoy, 2022b) addresses scalability problems and allows for the
application of Bayesian DA with models that exhibit clear error independence across subsets of
state variables on short time scales. As demonstrated in McCurry et al. (2023) and Chapter 2 of
this thesis, the LPF offers advantages over Kalman filter-based methods in constraining micro-
physical variables associated with moist convection. In particular, LPF state estimates are closer
to climatological attractors produced by model physics, while producing forecast skill that is be-
coming increasingly more competitive with EnKF-initialized predictions. We hypothesize that
further improvement in state estimation with the LPF can be obtained by taking advantage of the
algorithm’s flexibility in accommodating arbitrary forms of likelihood functions, which has been
an unexplored area of research thus far.

At the same time, the use of a delta function-estimated prior density in the LPF poses
a separate set of challenges that continue to hinder state estimation for convective storms. In

contrast to linear estimation methods that apply covariance-based regression, the LPF and other
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PF methods cannot easily form posterior samples that fall outside the span of a prior ensemble.
This becomes especially problematic where prior estimates are affected by significant model er-
ror and therefore repeatedly driven far from the truth. The primary expression of this deficiency
for the Warn-on-Forecast system appears to be an underestimation of surface precipitation rate
and cold-pool strength, mediated by persistently negative DA updates to hydrometeor mixing ra-
tios. Although model error leading to spurious hydrometeor updates may originate from multiple
sources, microphysical parameterization schemes offer the most direct explanation. To this point,
McCurry et al. (2023) found that comparative forecast skill between initial conditions from the
LPF and EnKF was strongly impacted by the choice of microphysics scheme; the LPF generally
verified worse than the EnKF using the NVD scheme but yielded more accurate forecasts for a
test case implementing Thompson microphysics.

To overcome challenges related to model error and exploit unique capabilities offered by
the LPF, the current study proposes a synergistic set of assimilation and observing strategies.
We begin by modifying the microphysical scheme used for sequential DA to prevent systemic
underestimation of hydrometeor mixing ratios. We then increase the constraint on filter posteriors
by implementing a novel observing strategy for radar reflectivity that eschews the separation
of radar observations into separate types based on the strength of returns. Having minimized
analysis error using the previous two approaches, we use analysis residuals to derive an empirical,
state-dependent likelihood function for radar reflectivity, which we then apply for DA with the
LPF.

While changes to microphysics and reflectivity observing strategies could be implemented
with any type of DA algorithm, we emphasize that the modifications in this experiment are specif-
ically intended to correct deficiencies noted in the LPF. To this point, preliminary experiments
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performed with an EnKF have shown significantly less sensitivity to changes in microphysics.

For these reasons, we restrict discussion in this chapter to experiments with an LPF.

4.2 Background

4.2.1 Current DA strategies for radar reflectivity

Although we do not go into great detail on assimilation strategies for radar observations, we
note that the direct assimilation of reflectivity values below roughly 25 dBZ poses more of a chal-
lenge than the assimilation of higher values. Moderate returns between roughly 10-25 dBZ may
be found in both precipitating and non-precipitating regions of storm activityStarzec et al. (2017),
and may experience greater biases than higher returns from ground clutter signals that occasion-
ally contaminate radar data Dixon et al. (2007). This presents the risk that analysis increments
influenced by misspecified likelihoods or poor estimates of prior covariances could introduce
spurious convection in forecasts when assimilating returns inside this range. ‘Clear-air’ returns
featuring near-zero or negative values present a separate challenge since they often produce large
innovations when assimilated near regions of modeled convection Gastaldo et al. (2018). These
large innovations can cause observations to be discarded by the DA system or introduce spurious
increments when using a typical Gaussian likelihood function. The aforementioned challenges
represent trade-offs that must be compared against the potential benefits of assimilating clear-air
and moderate returns, which include removing modeled convection not supported by observa-
tions, and reducing analysis error in regions dominated by ice and snow hydrometeors — which
produce low reflectivity even at high mixing ratios due to the dielectric properties of ice Smith

(1984).
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A common compromise is to separate radar reflectivity into two separate observation types
with major differences in pre-processing, as with the operational WoFS. Gridded reflectivity re-
turns above a cut-off threshold are assimilated without further modification, while returns lower
than the cut-off value are rejected and used only as an indicator of radar coverage. A ‘“clear-
air reflectivity” observation type set to zero dBZ is then created at discrete vertical levels where
coverage exists and no returns within an adjacent vertical layer exceed the cut-off value. This
vertical layer may be quite large, to the point of encompassing the entire atmospheric column for
pre-processing configurations that apply the cut-off threshold to composite reflectivity.

The assimilation of radar reflectivity is also impacted by the specification of the likeli-
hood function. When applying Bayes’ rule a likelihood function determines how states that exist
within the prior domain are re-weighted to reflect observed quantities. These likelihood functions
depend primarily on the distribution used to characterize observation errors and are typically a
function of “prior innovations” or observation departures from prior model states. An observa-
tion error in this case represents a sum of contributions from — usually well-known — instrument-
based measurement error, measurement operator error, a ‘representativeness error’” component
that depends on internal aspects of the modeling system, as well as other sources of error such as
observation pre-processing failures Janji¢ et al. (2018b). We reproduce from (Janji¢ et al., 2018b)

a summary of relations contributing to observation error:

e =e"+e +e +e 4.1

e = h(w) — h(w") 4.2)
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e = h°(w") — h(w") 4.3)

™ and € respectively signify total observation error and contributions from

Here, €°, e
measurement and pre-processing error. € signifies the contribution to observation error from un-
resolved scales and processes, referred to henceforth as representation error. As shown in Eqn.
4.2, representation error can be described as the difference between the fully correct observation
operator applied to discretized model fields—A°(w)-and the same operator applied to hypotheti-
cal continuous fields that fully describe the underlying physical state—h°(w"). Likewise, we may
quantify error induced by the measurement operator as the difference in output between a hypo-
thetical perfect measurement operator and the actual, implemented measurement operator when
applied to the same fully represented physical state (Eqn. 4.3).

Although not inherent to linear estimation, it is common practice for DA implementations
to assume the same observational error variance for all observations of a given type. This may be
suboptimal when the true observational error variance is state-dependent. Likewise, commonly
used Gaussian likelihood functions may not be appropriate for observations with non-Gaussian
errors. Studies performed with the Kilometer-scale Ensemble DA (KENDA) modeling system,
a mesoscale weather prediction similar to the NSSL WoFs, have shown that the representational
component of observation errors for radar reflectivity are significantly state-dependent Zeng.

et al. (2021). Likewise, large deviations from Gaussianity are noted with background innova-

tion statistics collected using a WRF-based modeling system in Gao et al. (2024).
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4.3 Methodology

4.3.1 Modifications to the NVD microphysics scheme

From results presented in McCurry et al. (2023), we surmised that excessively negative
adjustments to hydrometeor mixing ratios may best be explained by bias in parameterizations —
such as hydrometeor size distribution shape parameter — that influence the relationship between
mixing ratios and diagnosed radar reflectivity. We specifically considered two possible regions
within convective systems that may disproportionately contribute to the interaction of this bias
with reflectivity increments: areas of moderate to heavy rainfall within convective cores, and the
bright-band region associated with trailing stratiform regions in squall-line producing systems.

To address noted deficiencies, we made changes to five parameters in the scheme’s internal
namelist (Table 4.1). The shape parameter for rain was changed from the default value of O to 1,
which consequently decreased model-diagnosed reflectivity for fixed mixing ratios. Lower values
of reflectivity should lead to more positive innovations in regions of heavy liquid precipitation,
and thereby smaller reductions in hydrometeor mixing ratios. We made further changes to the
snow aggregation efficiency factor, which we reduced from 1 to 0.5, and to the range of tem-
peratures between which aggregation efficiency increases linearly. These two changes together
decreased the intensity and vertical extent of the bright-band region primarily associated with
trailing stratiform regions within QCLS-type events. As before, these changes are intended to in-
crease precipitation efficiency by modifying expected innovation values for reflectivity. Finally,
we increased the snow fall-speed factor from 1 to 1.25 to avoid excessive hydrometeor loading at

upper levels arising from the aforementioned changes to aggregation that produce smaller, slower
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falling hydrometeors. (Ted Mansell, personal communication).

Table 4.1: Parameters varied for modifications of NVD microphysics scheme, description of
parameter function, and values for default and modified settings.

Varied Parameter name ‘ Description of parameter ‘ Value for default NVD scheme | Value for modified NVD scheme
alphar rain droplet size distribution shape parameter 0.0 1.0
ess0 snow aggregation efficiency factor 1.0 0.5
essteml snow aggregation temperature minimum for aggregation 25K -15K
esstem?2 snow aggregation temperature of maximum aggregation efficiency 20K -10K
snowfallfac snow fall speed factor 1.0 1.25

4.3.2 Description of alternative observing strategy for radar reflectivity

In addition to microphysics changes, our study evaluates two strategies for generating radar
reflectivity observations. We refer to the first as the “standard observing” configuration. This
configuration separately assimilates two types of radar reflectivity observations using distinct
pre-processing methods. Reflectivity returns above a cut-off threshold of 25 dBZ are assimi-
lated as typical radar reflectivity observations with 3-km grid spacing, while a distinct “’clear-air”
observation type is created in regions without nearby returns exceeding the cut-off threshold.
This method is reminiscent of the observing strategy currently employed for the WoFS and is
the default observing configuration for experiments described in Chapters 2 and 3. For our ex-
periments, the cut-off threshold was implemented for total composite reflectivity, which means
that clear-air observations are only placed where no return within a column exceeds the cut-off.
Clear-air observations are placed at two vertical levels at 1000 m and 6000 m, and gridded at
6-km grid spacing, compared to 3-km grid-spacing for other reflectivity observations. We note
that current practice for the WoFS has removed the use of composite reflectivity in favor of an
approach based on vertical intervals, and uses a lower, 15 dBZ threshold (Derek Stratman, per-

sonal communication). Our experiments therefore reflect a slightly out-of-date configuration for
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observation processing.

A second, “alternative observing” configuration creates reflectivity observations in a homo-
geneous manner by processing all returns into a single reflectivity observation type and removing
special treatment for clear-air observations. The only distinction made between return values dur-
ing pre-processing is in setting gridded reflectivities that are negative to 0 dBZ, which is retained
from the standard observing configuration. The resulting observations differ greatly from the first
strategy in containing reflectivity values between 0 and 25 dBZ as opposed to solely zeros. The
combined density of observations below 25 dBZ is also significantly higher than that of 0 dBZ
observations produced by the first strategy. In Figure 4.1, we provide a simple graphical overview
of the differences between standard and alternative observing configurations.

Changes introduced with the alternative observing configuration are intended to reduce
analysis errors in impacted regions by a combination of increased observing density relative to
that provided by clear-air observations, as well as reductions in observation error introduced
by assumptions during pre-processing. The latter may be especially important for portions of
convective systems featuring composite radar reflectivity slightly below the 25 dBZ cut-off for

the standard observing configuration.

4.3.3 A non-parametric specification of likelihood functions

As an addendum to microphysics and observing system modifications, we take advantage
of the flexibility offered by the LPF algorithm by implementing empirical likelihood functions
that may better represent observation errors than current approaches, which ignore state depen-

dence and non-Gaussian distributions. Modifying the LPF to work with empirical likelihood
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functions is relatively straightforward, and accomplished by assigning state and observation-
space weights with a look-up table rather than the default Gaussian function.

Creating state-dependent empirical likelihood functions requires estimating full observa-
tional error distributions that are uniquely defined for each hypothesized true state. Although
several methods exist for estimating observational error variances using innovation statistics com-
bined with linear estimation theory (Desroziers et al., 2005; Karspeck, 2016)], these methods only
consider the second moment of the observation error distribution. Alternatively, it is possible to
deconvolve observational and background error distributions of arbitrary form from innovation
statistics by constructing a sufficient model of background error in observation space (Hu et al.,
2024). Although this is a promising approach, constructing a full-fledged model for background
error can be quite difficult and the deconvolution process relies on the assumption of uncorrelated
background and observation errors that may not hold given sufficiently complex background-
error models for observation types like radar reflectivity. Lastly, the resulting deconvolution is
not guaranteed to be unique.

As an initial attempt at reducing form assumptions for likelihood, we apply a simpler
method for forming empirical likelihoods which assumes that observation error is given solely by
the observation departure from analyses. We implement this strategy by collecting and binning
analysis residuals from sets of real sequential DA experiments performed with the LPF using a
standard Gaussian likelihood function. This method does not involve deconvolution, but instead
becomes equivalent to the deconvolution method of Hu et al. (2024) as analysis errors approach
zero. In this case, background error is implicitly defined as the difference between background
innovations and analysis residuals, and is completely removed during DA. Given the rapid DA
updates and dense observing network featured in our case events, we may reasonably expect
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analysis errors to be small compared to observation error variance. This approximation may be
especially valid for cases where the effect of DA updates is primarily to correct persistent sim-
ulation errors. Binned analysis residuals represent an approximation of the observational error
PDF contingent on the model and observing system configuration and were collected separately
based on experiment configuration. For experiments considering the default configuration, like-
lihoods were formed using data from archived experiments without changes to microphysics or
observing strategy, but using a 5 rather than 15 minute cycling frequency. To introduce a form of
state dependence we sorted residuals based on their corresponding posterior-mean value before
separately binning the residuals within each band. Although the method described above is ap-
plicable to any given observation type, only radar reflectivity was considered for the purposes of
our experiments.

Our current approach with analysis residuals is a relatively inexpensive method that pro-
vides rough estimates for observational error distributions of any form, with the caveat that sam-
pled PDF’s will represent contributions from both observation and analysis error. Residuals
collected from sequential DA experiments featuring minimal analysis error will reflect a purer
estimate of the observational error distribution than residuals collected from experiments with
lesser constraint. In this way, our experiments using empirical likelihood specification serve a
two-fold purpose: firstly as a preliminary investigation of challenges and impacts that come with
removing Gaussian assumptions for likelihood, and secondly by acting as a barometer for the

accuracy of posterior estimates yielded by the two preceding modifications.
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4.3.4 Experiment Configurations

Using the standard LPF, we performed a set of 10 total sequential DA experiments to eval-
uate the effect of modifications to microphysics settings, observing strategy for radar reflectivity,
and likelihood function formulation. These experiments are performed in five pairs using dis-
tinct combinations of base modeling system configuration and independently varied settings, as
expanded upon below in Table 4.2. With the exception of modifications introduced above, most
aspects of methodology relevant to these experiments are unchanged from those described in the
first chapter of this dissertation.

Three variables — reflectivity, radial velocity, and 2-m temperature — were chosen for root-
mean-square-departure (RMSD) verification of observation-space output produced by sequential
DA and forecasts. These variables tie directly to the model representation of convective processes
via hydrometeor distributions and subsequent impacts on latent heating and cold-pool propaga-
tion. Because experiments using the alternative observing configuration assimilate a substantially
different set of observations below the cut-off threshold for the standard configuration, we verify
all experiments using observations above 25 dBZ unless otherwise stated.

All experiments described in this chapter were performed for a single event featuring a
squall-line type MCS with multiple bowing segments that impacted portions of the midwestern
United States from July 17th to 18th 2019. This case, in particular, was chosen because the
quasi-linear mode of convective organization allows for a greatly simplified comparison of state
estimates and forecasts between considered approaches, and because of its previous inclusion in
the set of cases considered in McCurry et al. (2023). Snapshots of composite reflectivity showing

MCS propagation across the model domain are shown in Figure 4.2.
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Table 4.2: Name of broad experiment type based on the independently varied setting, the base
modeling system configuration used for paired experiments and relevant settings used for indi-
vidual sequential DA experiments

Experiment type (varied strategy) ‘ Base configuration for paired experiments ‘ Settings considered for sequential DA

. . Default NVD scheme
Microphysics Default Modified NVD scheme
Observing Modified microphysics Standar.d observ1r}g conﬁguratl(?n
Alternative observing configuration
S Gaussian likelihood functi on
Likelihood Default Empirical likelihood function
_— . . . Gaussian likelihood function
Likelihood Modified microphysics Empirical likelihood function
S . . . . Gaussian likelihood function
Likelihood Modified microphysics & observing Empirical likelihood function

4.4 Experiment Results

4.4.1 Implementation of a modified NVD microphysical scheme

To demonstrate the overall impact of parameter modifications on microphysical state esti-
mates, we show domain-averaged, column-integrated hydrometeor masses in Figure 4.3. Results
for the default scheme are indicated in blue, with the modified NVD scheme indicated in red.
For clarity, we plot only prior values for column mass but note that posterior values follow very
similar trends. We can see a clear increase produced for both rain and snow column masses,
beginning from the onset of organized convective activity at 1000 UTC and persisting over the
entirety of the event. Conversely, there is little to no change to column-integrated graupel mass.
Although not shown, we note that increased hydrometeor column masses with the modified NVD
scheme translate to subsequent increases in surface precipitation rate throughout the duration of
the squall-line event. Domain-averaged differences past 1300 UTC remain stable at roughly 0.08

mm/hr, representing a 50% increase over the standard NVD scheme.
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In Figure 4.4, we present prior-mean RMSD results for experiments that compare exper-
iments using modified microphysical parameters. Notably, the revised microphysics scheme
yields a reduction in short-term forecast error for all variables considered in the verification.
In the case of radar reflectivity, these improvements are small in magnitude— generally less than
1 dBZ—for the entirety of the sequential cycling period. Error reductions for radar radial veloc-
ity are also small for most of the cycling period. The most striking improvement is for surface
temperature, where modified parameters lead to an advantage in error that grows continuously
over the experiment to reach 0.6 k by 2200 UTC. We further extend this verification to forecasts
at different lead times by computing forecast-mean errors for 0 — 180 min forecasts (Fig. 4.5).
Results for default and modified microphysics schemes are once again indicated with blue and
red, respectively. Trends established for prior-mean errors generally persist in forecasts. Both
default and modified microphysics experiments show a similar evolution for reflectivity errors,
while initial advantages for the modified physics configuration are maintained throughout the
forecast period for radial velocity and 2-m temperature. Because of the close relationship be-
tween modifications made to microphysics and precipitation, we supplement the previous results
with event-based verification statistics for the occurrence of hourly accumulated precipitation
above 5 mm (Fig. 4.6). Fraction skill scores indicate a large advantage for the modified NVD
scheme over the entirety of the 3-h forecast period. This appears to be mediated almost entirely
by increases in POD, suggesting that additional precipitation present during sequential cycling is

maintained for forecasts.
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4.4.2 Implementation of an alternative observing configuration for radar reflec-
tivity

To determine how DA with standard and alternative observing configurations impacts hy-
drometeors within our case study, we return to Figure 4.3, where we now consider results for
combined microphysics and observing modifications shown in green. We focus comparisons on
results shown in blue for the configuration with standard observing configuration and modified
microphysics. The primary changes noted with the alternative observing strategy are a large,
consistent increase in column-integrated snow mass and an initial decrease in column graupel
mass. The relative decrease in graupel column mass over the standard observing configuration
peaks from approximately 1200 UTC to 1500 UTC in the maturing phase of the squall line. Col-
umn rainwater mass is largely unchanged from the modified microphysics experiment using the
standard observing configuration.

To complement our set of sequential DA experiments, we also ran several “identical prior”
experiments to examine the immediate impact of observing configuration on hydrometeor quan-
tities. The set of priors is valid for 1400 UTC and collected from a sequential DA experiment
using the alternative observing configuration with modified microphysics and empirical likeli-
hoods. From these experiments, we show a vertical cross-section of analysis increments for
hydrometeor mixing ratios generated by both radar observing strategies (4.7). This cross-section
is taken along an axis parallel to the direction of storm propagation that roughly splits the devel-
oping squall line. Increments are presented for mixing ratios of rain, snow, and graupel, along
with contour lines indicating prior reflectivity. To reduce noise from small spatial scales, all

values reflect grid-cell averages within a 6 km meridional distance perpendicular to the vertical
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cross-section.

Comparing results for both observing configurations in Fig. 4.7, we see strong altitude-
dependent differences in increments for snow mixing ratio. Above 9000 m, the standard ob-
serving configuration produces increment magnitudes that trail off to negligible values. By com-
parison, increment magnitudes for the alternative configuration reach their peak near 10 km and
only trail off to near zero above 14 km. Increments for the alternative configuration remain large
within an anvil and trailing stratiform regions of the MCS even at significant horizontal displace-
ments from the convective core, which may indicate a vector by which observing configuration
impacts MCS cloud shield extent. Between 5500 and 9000 m in the same region, near the level
of clear-air observations placed at 6000 m by the standard configuration, we find increments of
similar magnitude but of opposite sign. The standard configuration removes snow in these re-
gions, while it is being added by the alternative observing configuration. Below 5500m, we find
no significant disagreement between increments produced by observing configurations, even in
the bright-band region of trailing stratiform precipitation.

Both observing configurations produce negative increments for rainwater mixing ratio for
regions within the convective core and portions of the MCS immediately behind the convective
core. In the latter region, the alternative observing configuration yields smaller increments at
elevations roughly below 1000 m. We suspect that this is once again related to the standard
observing configuration’s placement of a clear-air observation level at 1000 m — closer to the
surface than the freezing line at 3000 m. Interestingly, the impacted part of the trailing stratiform
region is within the transition zone between convective and stratiform precipitation, where com-
posite reflectivity considered for the generation of clear-air observations is depressed compared
to adjacent regions.
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For graupel, little difference is seen other than slightly stronger negative increments above
5000 m within the convective core. Due to the absence of clear-air observations in this region for
the standard configuration, changes are most likely caused by similar factors to those that impact
snow mixing ratios at high elevations.

Though not shown, the sequential cycling experiments using the alternative observing con-
figuration show significantly extended upper-level cloud shields even in prior state estimates,
which would support the idea of a lasting structural impact above-mentioned trends in upper-
level hydrometeor increments. As with earlier changes to microphysical parameters, we examine
prior-mean RMSD for observing configuration experiments shown in green in Fig. 4.4. These
may be compared to results shown in blue for the modified microphysics experiment with stan-
dard observing configuration. The primary impact, in this case, is for reflectivity, where the alter-
native observing configuration produces a clear decrease in error for the majority of timestamps
occurring after the advection of organized convective activity into the domain at approximately
1000 UTC. This reduction is typically on the order of 1-2 dBZ. Unlike changes made to mi-
crophysics, we do not see accompanying improvements to wind fields via radar radial velocity,
or to 2-m temperature. While the error for 2-m temperature is largely unchanged, there is a
slight degradation to radial velocity that may be indicative of spurious convection initiated from
increments with this strategy.

Verification of forecast-mean error (Fig. 4.5) shows that radial velocity and 2-m tempera-
ture errors for the configuration featuring modified microphysics and alternative observing strat-
egy eventually overcome an initial disadvantage compared to forecasts launched with only mod-
ified microphysics while maintaining initial advantages for reflectivity verification. The reversal
shown for radial velocity and 2-m temperature is likely attributable to changes in hydrometeor
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distribution shown in Fig. 4.7.

4.4.3 Removal of Gaussian likelihood constraint for selected Configurations

For the final portion of our study, we present results from experiments that removed Gaus-
sian likelihood constraints during DA by implementing a state-dependent empirical likelihood
function derived from analysis residuals. While we do not explicitly describe functions produced
with this technique, we include a supplementary figure showing sampled observational-error
PDFs calculated for our three experimental configurations B.1. To demonstrate the effects of
state dependence we include PDFs for sampled posterior-mean reflectivity ranges of 4-5, 24-25,
and 44-45 dBZ.

For each of the three base configurations mentioned in Table 2, experiments with a Gaus-
sian likelihood function were repeated using empirical likelihoods. Since the likelihood function
mediates increments produced by DA, we first examine how changes to the likelihood function
translate to analysis increments for each of our configurations (Fig. 4.8). Using aggregated prior
and posterior output in observation space, we present contour plots showing how the standard
deviation of the prior ensemble and the observed innovation value jointly impact expected anal-
ysis increments. We produce similar plots considering the prior ensemble mean and innovation
values. Although our sampled analysis increments are affected by nearby observations — and
by localization within the LPF- we note that under idealized conditions and a fixed Gaussian
likelihood function, the combination of prior standard deviation and innovation should fully de-
scribe the observation-space analysis increment. Prior values are included here to illuminate state

dependence influenced by observing configurations and likelihood formulations.
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For modeling system configurations that use the standard observing configuration, we find
large differences in analysis increments produced by empirical likelihoods, especially for ob-
servations featuring elevated (10+ dBZ) standard deviations for prior reflectivity, and for ob-
servations that yield positive background innovations. These changes comprise a weakening of
positive analysis increments and a strengthening of negative increments relative to the value of
background innovations. We note that while a degree of state dependence is noted for increments
associated with Gaussian likelihoods, this is reduced for DA with empirical likelihoods. We take
this as a positive sign that empirical likelihoods are accounting for state-dependent uncertainty.
Modifications made to the NVD microphysics scheme do not appear to change likelihood for-
mulation in a way that significantly modifies the overall behavior of empirical likelihoods during
DA, nor do such modifications drastically alter increments produced using Gaussian assumptions
for likelihood.

Conversely, the application of our alternative observing configuration to a modeling sys-
tem featuring modified microphysics yields drastic changes to increment structure from that seen
in preceding experiments. These changes impact increments produced from both Gaussian and
empirical likelihoods, which are weakened for positive increments relative to background in-
novation value, and strengthened for negative innovation values. We note that this change in
Gaussian increment structure is similar to changes arising from empirical likelihood application
in standard observing configuration experiments. For both Gaussian and empirical experiments,
analysis increments show far less state dependence than for the standard observing configuration.
Removing Gaussian assumptions does not seem to have as much impact on increment structure
with the alternative observing configuration, although we still note a smaller tendency in the

empirical likelihoods to the effect of weakening increments for large positive innovations, and
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reducing remaining state dependency. In Fig. 4.9, we present comparative verification results for
sequential DA experiments with Gaussian and empirical likelihoods. Beginning with the default
modeling system configuration shown in the leftmost column, we find that empirical likelihoods
cause a moderate increase in error of roughly 2 dBZ which persists from 1000 UTC through the
last assimilation cycle at 2200 UTC. Only small intermittent differences are noted between like-
lihood formulations for radar radial velocity and 2-m temperature. For subsequent experiments
using the modified NVD microphysics scheme, we find a similar increase of nearly 2 dBZ for
radar reflectivity assimilated with our empirical likelihood function. Likelihood functions again
have little effect on error for radial velocity, but do produce a relatively substantial increase in
error for 2-m temperature. This increase is on the order of 0.1 k, beginning during a period of
intensifying convection near 1300 UTC and persisting throughout the remainder of the experi-
ment. Conversely, when likelihood experiments consider a modeling system that jointly modifies
the NVD microphysics scheme and implements the alternative radar observing configuration, we
find little to no increase in error for reflectivity when using empirical likelihood functions. The
intermittent reduction in error for 2-m temperature between 1400 UTC and 1700 UTC is the only

decrease shown with empirical likelihoods for this variable for any evaluated configuration.

4.5 Chapter Summary and Conclusions

4.5.1 Efficacy of a modified NVD microphysical scheme for DA with the LPF

We find that modifications to the raindrop shape parameter and to parameters controlling
snow aggregation in the NVD scheme are mostly beneficial to state estimates produced using the

LPF for our case event. These changes are effective in increasing mixing ratios during sequential
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DA and at least partially counteracting the tendency of the LPF to significantly underestimate
such quantities. We consider the physical justification of these changes by examining verification
scores with and without modifications. Evidence in favor of physicality is provided by signif-
icant increases in skill scores for accumulated precipitation (Fig. 4.5). A realistic depiction of
precipitation is crucial not only for practical forecast purposes but also for correctly resolving
thermodynamic processes that drive organized convection via negative latent heating. Indeed, we
show in Figs. 3 and 4 that changes to microphysical parameters lead to significant error reduc-
tions in surface temperature as well as more modest decreases in error for radial velocity. This
is indicative of better resolved cold pool extents that allow for better resolution of density driven
gust fronts.

Despite these advantages, we also identify two possible drawbacks associated with changes
to the NVD scheme. Firstly, it is difficult to separate changes made to factors involved in the di-
agnosis of reflectivity from the subsequent verification of reflectivity. Since our approach inten-
tionally reduces reflectivity by inducing smaller rain and snow hydrometeors, and by narrowing
the bright-band melting region, we cannot say for sure which factor — reflectivity modifications
or filter placement of hydrometeors — is influencing verification results. Secondly, while our
changes are able to correct a generalized bias in the relationship between reflectivity and mixing
ratio, we do not know for certain if our changes address the specific mechanisms leading to this
bias rather than compensate for them. This may not be crucial for reducing known model error
in state estimation, but in the sense of forecasts, two ‘wrongs’ do not necessarily make a ‘right’.
The re-appearance of model error without frequent constraint from DA would explain the rapid
growth of error for 2-m temperatures for forecast timestamps past 90 minutes when run with the

modified NVD scheme (Fig. 4.4), as well as the absence of any definitive advantage in forecast
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FSS over the default microphysics scheme (not shown).

4.5.2 Implications of reflectivity observing configuration for resolution of MCS
structure

As with changes to the microphysical scheme, modifications to the creation of radar re-
flectivity observations from raw measurements convey apparent benefits to state estimation. By
processing all observations above 0 dBZ in the same manner and eliminating the specific treat-
ment given to the ‘clear-air’ observation type in the standard observing configuration, the new
method increases overall information content assimilated by the LPF, and reduces error previ-
ously introduced by assimilating moderately positive returns as 0 dBZ observations.

From identical prior experiments (Fig. 4.7), we can reasonably conclude that these dif-
ferences are expressed most strongly at upper levels above 5500 m, where they significantly
affect filter updates to frozen hydrometeors. Behavior noted above 9000 m seems to be medi-
ated largely by information content in so much as the local density of reflectivity observations
placed at a 3-km spacing, and at vertical elevations corresponding to that of radar swaths com-
pares favorably to the corresponding density of 6-km spaced clear-air observations placed into
two monolithic levels far below the elevations of interest at 1000 and 6000 m. Given a 3000-m
vertical localization radius, the impact of observations at 6000 m may not be very large at these
levels. For elevations between 5500 and 9000 m, while both configurations agree reasonably
well within the convective core where the standard configuration does not place clear-air obser-
vations, this is not the case for the trailing stratiform region. Opposing increments in this region

are likely the result of spuriously negative increments induced by the standard configuration’s
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placement of 0 dBZ observations in locations featuring composite reflectivity just slightly below
the 25 dBZ threshold. For example, analysis-mean reflectivity fields produced with the standard
observing configuration during sequential cycling, often produce ‘holes’ seemingly in the mid-
dle of glaciated portions of trailing nimbostratus that do not appear for the alternative observing
configuration.

On the horizontal plane, the above-mentioned phenomena act to extend the cloud shield
outward from the convective core, both in the trailing stratiform region and in the anvil. The
increase in extent of glaciated stratus cloud extent appears to explain the increase in domain-
averaged, column-integrated snow mass more than local changes in hydrometeor loading. Cir-
cumstantial evidence supporting the physicality of this increase in cloud-shield extent is provided
by forecast verification results for 2-m temperature (Fig. 4.4), which show that the combined mi-
crophysics and observing modifications produce lower errors than microphysics modifications
alone in the second half of the forecast period. Since rainwater mixing ratios and presumably
near-surface precipitation flux did not increase with the alternative observing configuration (Fig.
4.3), and no increase in cold-pool extent is noted, we conclude that improvement is the result of
interaction between extended cloud-shield and diurnal heating.

Based on the factors mentioned above and the reduction in prior-mean RMSD noted for
reflectivity in the period of sequential DA, we conclude that the alternative observing configura-
tion likely provides greater constraint on analysis error for reflectivity and hydrometeor variables
than the standard observing configuration. However — once again — this does not necessarily
translate to more accurate forecasts. The initial motivation for processing reflectivity separately
based on a threshold — at least at NSSL — was to avoid spurious convection that might degrade

forecasts for convective storms (Derek Stratman, personal communication), and there is at least
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some evidence in our study to support this approach. Applying the alternative observing strategy
increases prior-mean error for radar radial velocity during sequential assimilation. We also see a
significant increase in false-alarm during the initial portion of the forecast period, although this
occurs more so with a 25 dBZ event threshold that is more influenced by the extent of stratiform
regions than with the 35 dBZ threshold indicative of active convection (not shown). Given our
consideration of only one case event, concern for spurious convection may be sufficient to justify

the standard observing approach for forecast-centric applications.

4.5.3 Evaluation of empirical likelihood functions and interactions with exper-
imental observing strategies

Although each of the previously discussed modifications implemented in this chapter may
stand on their own as strategies for improving state estimation with the LPF, the successful imple-
mentation of our final strategy for removing Gaussian assumptions on likelihood form hinged on
input from modeling system configurations that minimized analysis error. Application of empiri-
cal likelihoods to three selected permutations of our modeling system did not result in any notable
improvement to verification results from sequential DA or forecasts. We, therefore, conclude that
even the strongest combination of approaches to minimizing analysis error in our modeling sys-
tem did not produce errors small enough to isolate observation error and construct likelihood
functions capable of outperforming a Gaussian function with fixed variance. Nevertheless, the
combined changes to model physics and observation processing edge closer to a configuration
where using empirical likelihoods during DA leads to results that are as skillful as the benchmark

Gaussian likelihood specification.
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Configuration-specific impacts of likelihood formulation on prior-mean error over the course
of sequential DA may be useful as a proxy indicator for analysis error remaining in corresponding
analysis residuals used to generate likelihoods. Between the default and modified microphysics
configurations there is little difference in relative error for likelihood formulation with the ex-
ception of 2-m temperature for which the modified microphysics configuration is degraded while
the default configuration experiences little change in error (Fig. 4.9c). We may offer an expla-
nation by considering changes in aggregated increment statistics in Fig. 4.8 Here we see that
the effect of empirical likelihoods over those assuming a Gaussian is to reduce the magnitude of
positive increments for equivalent background innovations. Since the modifications to the NVD
microphysics scheme bring about increased — and presumably more accurate — mixing ratios by
lowering reflectivity at given mixing ratios and increasing innovation values, empirical likeli-
hoods would therefore act to negate a portion of the changes induced to analyses during sequen-
tial assimilation and restore some of the surface temperature error from the default configuration.
That the default and modified microphysics configurations show similar absolute differences in
reflectivity error between Gaussian and empirical likelihoods (4.9b), might suggest that while
the modified microphysics configuration does reduce analysis error for microphysical quantities,
it is unsuccessful in doing so for reflectivity. Alternatively, the lack of a greater improvement
with modified microphysics experiments may simply reflect a compensation between analysis
error reductions attributable to the modified NVD scheme and those originating from the higher
frequency sampling used for generating likelihoods with the default configuration.

Conversely, when comparing likelihood-induced errors from the default and modified mi-
crophysics configurations to those with a configuration modifying both microphysics and observ-
ing configuration, we see that the small impact from likelihood formulation given by the latter
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compares favorably to the negative impact given by both of the former. Put in other terms, when
we construct empirical likelihoods with analysis residuals that take advantage of both strategies,
using these likelihoods in place of a Gaussian causes less degradation than would be caused by
likelihoods from the default modeling system or a modeling system that only modified micro-
physics. Given the assumptions made by our method for generating likelihood functions, this is
an encouraging sign that the combined microphysics and observing configuration modifications
are indeed reducing analysis error and thereby increasing the accuracy of empirical distributions
for observation error.

The construction of state-dependent empirical likelihoods from innovation statistics or
residuals requires disentangling observation errors from other error sources, which can be very
challenging for high-dimensional systems. We emphasize that our particular implementation
using analysis residuals represents an initial attempt that may be improved upon with either alter-
native approaches to the representation of observation error, or with further improved modeling
systems that build upon the technique described here. In particular, methods for the online or of-
fline estimation of model bias may be very helpful in reducing the residual influence of analysis
or background errors when sampling observational error distributions. Conditioning observa-
tion uncertainty estimates on model prognostic variables, such as hydrometeor mixing ratios, in
place of observation-space priors for radar reflectivity may also prove helpful in more accurately

describing state dependence.
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Figure 4.1: Regions highlighted in green indicate the distribution of radar observations gener-
ated using the standard observing configuration (a) and alternative observing configuration (b).
Rectangular regions contain multiple observations gridded at high resolution from a volume scan
pattern. Shading indicates areas of elevated (dark grey) and moderate (light grey) returns in a typ-
ical squall-line type system. Circular regions indicate individual clear-air observations derived
from radar returns. The yellow star indicates the location of a hypothetical radar. Regions high-
lighted in orange for the top panel indicate observations generated in the observing configuration
currently implemented for the NSSL WoFS, but not in the standard observing configuration used
for experiments.
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Figure 4.2: Composite reflectivity for squall-line case event occuring on July 17th 2019. Reflec-
tivity shown for (a) 0800 UTC, (b) 1200 UTC, (c) 1600 UTC, and (d) 2000 UTC.

114



a) 0.12 '— Dpefault microphysics
= Modified microphysics
o — Medified microphysics & cbserving

0.08 {

0.06

Q,(kg/m?)

0.04 {

06:00 10:00 12:00 14:00 16:00 18:00 20:00 2:00
Time (UTC)

06 4

0.4

0.2

0300 10:00 12:00 14:.00 16:00 13.00 20:00 22:00
Time (UTC)

0.02 {

0.00
08:00 10:00 12:00 1400 16:00 15:00 20:00 22:00

Time (UTC)

Figure 4.3: Time series plots of domain-averaged, column-integrated hydrometeor mass for (a)
rain, (b) snow, and (c) graupel. Results shown for default microphysics (red), modified micro-
physics (blue) and modified microphysics & observing (green).
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Figure 4.4: Prior-mean RMSD for radar reflectivity (a), radial velocity (b) and 2-m temperature
(c) during the period of sequential DA. Results shown for default microphysics (red), modified
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Figure 4.5: Average forecast-mean RMSD for radar reflectivity (a), radial velocity (b) and 2-m

temperature (c) for forecast leadtimes from 0 to 180 minutes. Results shown for default micro-
physics (red), modified microphysics (blue) and modified microphysics & observing (green).
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considering the occurrence of hourly precipitation over 5 mm for forecast lead times from 0O to
180 minutes. Results shown for default (red) and modified (blue) microphysics configurations.
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Figure 4.7: Vertical cross-sections showing analysis increments produced from identical priors
with (a) standard observing configuration and (b) alternative observing configuration. Increments
shown for radar reflectivity (leftmost column), rain mixing ratio (second to left column), snow
mixing ratio (second to right column), and graupel mixing ratio (rightmost column). For all in-
crement panels, contours of prior reflectivity are shown at 5 (green), 25 (yellow), and 35 (orange)
dBZ.
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Figure 4.8: Contours of analysis increments plotted as a function of innovation and prior stan-
dard deviation (a) and as a function of innovation and observed value (b). Likelihood function
formulation is indicated by line style — dotted for Gaussian, and dashed for empirical. Modeling

system configuration for likelihood experiments is indicated by column title.
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Figure 4.9: Prior-mean RMSD for radar reflectivity (a), radial velocity (b) and 2-m tempera-
ture (c) during the period of sequential DA. Results shown for Gaussian likelihood experiments
(red) and experiments using empirical likelihoods (green). Modeling system configuration for
likelihood experiments is indicated by column title.
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Chapter 5:  Conclusions and future implications

5.1 Findings from evaluated assimilation and observing strategies

The work considered in this dissertation has been aimed first and foremost at improving the
accuracy of state estimates and forecasts produced by DA for moist-convective regimes. In seek-
ing these improvements, we have built upon the already quite advanced capabilities offered by the
NSSL WOoFS by evaluating an array of strategies that systematically remove assumptions made
by DA algorithms, implement greater observational constraint on moist-convective structures,
and address the impact of model and observational errors on filter updates to hydrometeor vari-
ables. Our findings from sequential DA, forecast, and other experiments shed light on challenges
hindering state estimation and prediction for moist-convective systems, and how they relate to
uncertainty generated as a byproduct of highly nonlinear dynamics.

In chapter two, containing work published in McCurry et al. (2023), we provide a compre-
hensive inter-comparison for DA with an EnKF and two variants of the LPF applied to selected
moist-convective cases. We find that assimilating with the LPF produces posterior quantities
for microphysical variables that are more consistent with model climatology than comparable
quantities from an EnKF, which we attribute to the removal of bias induced by Gaussian assump-
tions of prior form. These differences are significant enough to impact the dynamic evolution

of convective systems through significant modifications to rainwater column mass and precipita-
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tion rates. Lower precipitation rates with the LPF ultimately lead to weaker cold pools that are
much less extensive than those produced when assimilating with an EnKF. Further experiments
reveal that comparative differences in forecast verification scores between the EnKF and LPF
change substantially when NVD microphysical parameterizations are replaced with an alterna-
tive double-moment scheme. These results are indicative of model bias in the NVD scheme that
impacts prior estimates for microphysical quantities. Deficient priors disproportionately degrade
state estimates for PF based methods that cannot rely on regression when observed values are not
contained by model spread.

Chapter three deviates in some respects from the consideration of DA algorithms in chap-
ters two and four because it uses an OSSE framework with an EnKF to evaluate various configu-
rations of a statewide mesonet system on their ability to improve state estimates and predictions
for moist-convective cases. Work from this chapter has been accepted for publication in Mccurry
et al. (in press). We find that the assimilation of mesonet observations for near-surface wind
and temperature produces definitive improvements to analysis fields below 1000 m that are me-
diated by the degree of uncertainty prescribed by the OSSE framework through perturbations to
LBCs and parameterization error for microphysical processes. Experiments prescribing higher
amounts of uncertainty show larger improvements to state estimates than subsequent experiments
with restrained perturbations and parameterization error. For both experimental configurations,
the impact of observing density on analyses appears limited by a saturation effect that caps local
improvement to analyses past a minimal density of observing stations. Regardless of uncertainty,
mesonet impact on forecast verification is inconclusive and strongly variable across verification
metrics. Both the density-saturation effect for state-estimation error and the lack of improvement

to forecasts from assimilating mesonet observations may ultimately be attributed to the effect of
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moist-convective processes on resolved uncertainty in the lower boundary layer. Although our
modeling system is able to capture uncertainty in the general placement of cold pools and precipi-
tation, it is not nearly as capable in resolving smaller-scale uncertainty in the exact outline of cold
pools and gust fronts. This limits the ability for surface-based observations to inform state esti-
mates, especially when estimates have already been informed by nearby observations, or when
boundary conditions are sufficiently constrained to limit displacement errors in prior estimates.
Likewise, we conclude that strong non-linearities induced by parameterizations and resolved dy-
namics at lower levels are able to quickly remove information added by mesonet observations,
limiting their ability to reduce forecast error.

In chapter four, we expand upon the results of McCurry et al. (2023) by implementing
modifications to the NVD microphysical scheme intended to address deficiencies in precipitation
efficiency mediated by filter increments, as well as an observing strategy for radar reflectivity
that increases the availability of observational data for the trailing stratiform region by dispens-
ing with a separate clear-air observation type. Additional experiments are performed exploiting
the utility offered by the LPF algorithm for implementing likelihoods of arbitrary form. These
experiments are used to double-effect in investigating the impact of removing Gaussian assump-
tions for likelihood function form, and in gauging the efficacy of observing and microphysical
strategies used to generate empirical likelihoods. We find that changes to the NVD scheme can
correct large deficiencies in precipitation rate previously found in the LPF, and lead to better
state estimates and forecasts for near-surface temperature which we tie to improved latent heat-
ing and consequent generation of larger cold pools. Likewise, the homogeneous processing of
radar reflectivity returns leads to reductions in prior-mean and forecast RMSD values that sug-
gest significant improvements to the depiction of hydrometeors in state estimates, likely from
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better constraint on their spatial distribution and mixing ratio at upper levels. Although exper-
iments with empirical likelihoods did not reduce prior-mean error over the cycling period, they
did produce characteristic changes to aggregate analysis increment that show a more physically
justifiable state dependence. Prior-mean errors over the period of sequential DA provide circum-
stantial evidence that changes to the microphysical scheme and observing strategy for reflectivity
reduce analysis errors enough to improve observational error PDFs generated from sampled anal-
ysis residuals. Further improvements to assimilation strategies leading to further reductions in

analysis error may lead to positive impacts from relaxing Gaussian assumptions for likelihood.

5.2 Extensions to introduced strategies and future applications

While our experiments have successfully demonstrated ways in which the LPF provides
qualitative advantages for moist-convective state estimation, and have provided means to correct
some of its deficiencies, there remains significant work to be done in applying the LPF to a mod-
eling system framework capable of maximizing the utility of nonparametric state estimation and
producing conclusive improvement to moist-convective forecasts over existing approaches. A
possible extension to strategies developed in this dissertation could involve the implementation
of modeling system configurations feature large (1000+) ensembles that allow for the relaxation
of localization strategies in the LPF algorithm. Localization is typically necessary where con-
straints such as sampling error from small ensemble size produce spurious cross-covariances
between spatially separated variables. However, ignoring cross-covariances with localization
can distort dynamical balances and other physical relationships in filter updates, and it has been

shown that localization with EnKFs introduces imbalance to wind and mass fields when using
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small localization radii Greybush et al. (2011); Kepert (2009). Increasing the ensemble size
within a modeling system can be expected to reduce sampling error, and therefore allows for
a corresponding increase in optimal localization radii. This presents advantages beyond those
gained from sampling error reductions alone and would synergize with previous approaches by
further reducing introduced biases that cause state estimates to deviate from solutions consistent
with model physics. Large ensemble experiments would also provide the simultaneous opportu-
nity to conduct observation sensitivity experiments for moist-convective cases that could identify
specific observation types or locations that disproportionately benefit from relaxed localization.
Future directions may also include the continuation of work with empirical likelihoods de-
veloped in chapter four. The successful removal of Gaussian likelihood assumptions may require
the use of alternative methods for generating nonparametric, state-dependent observational er-
ror PDFs, either with de-convolution methods Hu et al. (2024) or improvements to the current
method using analysis residuals. The latter approach may involve progressively removing model
error signals contained in PDFs sampled from analysis residuals by iteratively generating new
likelihoods that are used in subsequent sequential DA experiments that are then used again in
the sampling process. Such a method would be reminiscent of iterative procedures for fixing ob-
servational error variances in Desroziers et al. (2005). Alternatively, the approach with analysis
residuals may be improved using methods that apply corrections to state estimates based on an
online or offline estimation of model bias. As a final consideration, we note that the utility of our
empirical likelihood functions may be greatly enhanced by broadening the state dependence of
empirical functions from prior reflectivity only towards a wider range of microphysical variables.
Since observational errors may reasonably be considered to vary jointly across a high dimen-

sional space the current approach may be limited by sampling only the marginal distribution.
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We hypothesize that incorporating factors such as mixing ratios for discrete hydrometeor species
would allow empirical likelihoods to improve the accuracy of state estimates by better-informing
analysis increments.

As a concluding thought, we note that the assimilation and observing strategies discussed in
this dissertation may be beneficial for training generative Al models for the prediction of severe
weather threats. Al models for weather prediction produce forecasts without a traditional numeri-
cal model by applying machine-learning techniques to find statistical relationships between input
and output variables from training datasets. Existent Al weather-prediction models differ on their
treatment—or lack thereof—for the DA process, but the overwhelming majority rely on training
datasets that include reanalysis data, often from ERAS Liu et al. (2024). The accuracy of training
data, and therefore of reanalyses, can greatly affect the skill of resulting Al weather predictions
Whang and Lee (2020). Although the use of AI models for convective-scale weather threats is
an active area of research, there appears to be a lack of a comprehensive regional mesoscale re-
analysis dataset that may fill a role similar to ERAS for global medium-range forecasts. This
role may currently be best approximated with the real-time mesoscale analysis (RTMA) and un-
restricted mesoscale analysis (URTMA) products generated by NCEP, however, these products
are currently generated only for two-dimensional fields and rely on products such as the HRRR
and Rapid Refresh (RAP) system, that may feature greater error at small-scales than the WoFS
due to less frequent DA updates and indirect methods for the assimilation of radar data Morris
et al. (2020). A significant update to these products is planned in the form of a 3D-RTMA, which
will rely on the new Rapid Refresh Forecast System (RRFS) to produce high-resolution three-
dimensional analyses Ge et al. (2023). While this would represent a significant improvement over
existing datasets, the Rapid Refresh Forecast System Data Assimilation System (RDAS)—which
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models uncertainty in the RRFS-relies on similar convection-allowing ensemble techniques used
in the WoFS and HRRRE Alexander and Carley (2024). We note that recent work at NSSL
has foregone the use of dedicated analysis products by directly training AI models with output
from WoFS Flora and Potvin (2024). Both analyses produced for a 3D-RTMA, or directly within
modeling systems like the WoFS, may benefit from observing strategies specifically intended to
constrain analysis error for moist-convective events and assimilation strategies that remove errors
induced by Gaussian assumptions. Further experiments explicitly aimed at Al prediction may be
useful in determining if state estimates produced using strategies described in this dissertation

lead to increased accuracy for Al forecasts.
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A.0.1 OSSE tuning and regional breakdown of mesonet impact

Fig. A.l1 shows a breakdown of binary verification scores associated with OSSE tuning
configurations intended to simulate the capabilities of contemporary NWP systems. Scores are

calculated from forecasts initialized for the case event occurring on April 13th 2020.
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Figure A.1: (a) False alarm rate, (b probability of detection, and (c) fractions skill score for
forecasts with a real test case, and for corresponding OSSE forecasts without bias, with low
amplitude applied bias, and with high amplitude applied bias

Figs. A.2 and A.3 show a breakdown of near-surface-averaged mesonet impact on posterior
error for potential temperature during the period of sequential cycling for standard-uncertainty
and constrained-uncertainty experiments respectively. Individual panels consider data in 2-h in-
tervals commencing 3-hrs after ensemble initialization.

Fig. A.4 shows the average density of pre-existing surface observations considered in a

15-minute assimilation cycle within out OSSE modeling system.
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Figure A.2: Posterior RMSE for near-surface potential temperature field for case events begin-
ning on (a) April 13th 2020 (b) August 12th 2020 (c) September 3rd 2020 (d) July 17th 2021
(e) June 8th 2022 (f) July 2nd 2022 (g) July 16th 2022, for 2-hr intervals starting (A) 3-hrs
(B) 5-hrs (C) 7-hrs (D) 9-hrs (E) 11-hrs (F) 13-hrs after ensemble initialization. Occurrence
of composite reflectivity above 30 dBZ during interval indicated with cross-hatching. Valid for
standard-uncertainty experiments.
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Figure A.3: Same as Fig. A.2 but for constrained-uncertainty experiments.
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Figure A.4: Density per 15-minute assimilation window of surface-based observations publicly
available from MADIS

131



B.0.2 Empirical likelihood functions calculated with technique using analysis
residuals

Figure B.1 shows state-dependent observational-error PDFs used for the implementation

of empirical likelihood functions in chapter four.
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Figure B.1: Observational error PDFs calculated for the default (top), modified microphysics
(middle) and modified microphysics & observing (bottom) experiment configurations. Columns
reflect ranges of posterior-mean reflectivity sampled by analysis-residual technique to account
for state dependence: 4-5 dBZ (left), 24-25 dBZ (center), and 44-45 dBZ (right).
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