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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 signi cantly between modeling systems and include the approximation of
dynamically evolving covariances with Gaussian ensemble statistics in the case of the ensemble
Kalman lter, as well as the compulsory use of in ation and localization to cope with model error
and sampling de ciency.

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 in ation, localization, and xed observational error covariances are heavily tuned
for operational contexts, such that they re ect an optimized con guration that may outperform
systems featuring weaker assumptions. At the same time, evolving forecast requirements and
the desire for state estimates that more closely re ect 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 satis ed requirements. Achieving this level of
accuracy may not be feasible through simple tuning, but may instead require substantial modi -
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 Itering
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 con gurations.

1.2 Localized particle Itering for geophysical systems

Particle Iter (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 Iter 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 Itering 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 rst introduced in Poterjoy (2016). The Iter operates by assimilating observations with
independent errors sequentially and combining sampled particles and prior particles for each
observation. The LPF satis es 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 nite user-speci ed distance controls the spatial in uence observations have
on posterior estimates, which greatly reduces the number of particles needed for geophysical
DA. The speci c 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 lters, such as ensemble Kalman lters (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 brie y introduce key concepts that are further developed by
individual chapters and comment on factors in uencing 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 classi ed 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 (mesoer higher) while being internally driven by processes
and structures that can be signi cantly smaller. Key among these features are precipitation-
induced cold pools and associated out ow boundaries that act to initiate secondary convection
near the periphery of the MCS. The strength and spatial orientation of secondary convection are
in turn in uenced 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 signi cance
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 pro le. In these systems, the development of an upshear-sloping convective line leads to
the formation of a trailing-stratiform region from convective out ow. Stratiform precipitation, in
turn, contributes to the development of a rear-in ow jet that directs evaporatively-cooled out ow
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 simpli ed 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- scale MCS structures such as out ow 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 mesoscales 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 re ectivity
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 WOoFS-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 suf cient resolution, the DA and observing strategies presented
in this dissertation are speci cally targeted toward regional systems specialized for convective-

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



sequential Bayesian Itering 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 re ects 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-—signi cantly 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 Iter (EnKF). The direct assimilation of radar re-
ectivity 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 WoOFS 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 re ectivity, 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 modi cations 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 900 900 kn¥, with 50 vertical levels and a 3 km horizontal
grid spacing, which is suf cient to explicitly permit convection in numerical experiments. This
domain con guration is kept constant for all experiments but moved to appropriate geographi-
cal locations as needed. Key con guration settings for individual dissertation chapters are noted
below in table 1.1, including speci cations 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 exible 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 elds.
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., 2008NVD/modi ed-NVD
Pl. Boundary Layer| YSU (Ghonima et al., 2017) YSU YSU
Land Surface Mode RUC (Smirnova et al., 2016) RUC RUC
Radiation RRTM/Dudhia (Chen and Dudhia, 2001; lacono 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 in ation at 15-minute intervals near
areas of high observed re ectivity (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” les 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 con guration 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 re ectivity and radial velocity where re ectivity returns are at or above 25

dBZ. We additionally assimilate Multi-Radar Multi-Sensor (MRMS) clear-air estimates of re ec-
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Figure 1.2: Con guration 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 re ectivity 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 re ectivity 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 ve we also assimilate derived tropospheric winds from the Geostationary Operational

Environmental Satellite, made available through MADIS.

1.5 Metrics used for veri cation of model output

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

rics, the simplest of which are root-mean-square error (RMSE)—and closely related root-mean-
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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 veri cation, we frequently present values for Fractions skill score (FSS)
(Roberts and Lean, 2008), a spatial veri cation metric that may better represent the qualitative
performance of forecasts. FSS considers the ratio of modeled and observed occurrence of events
for de ned '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 speci c context, verifying events are chosen as the occurrence of
composite radar re ectivity or precipitation rate above a given threshold, usually 25 or 35 dBZ

in the case of radar re ectivity. 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 veri cation 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 (CSl), which are given by the

following relations:

FP
FATEPTTN (1)
TP
POD = =5 7p (12)
TP
CSl = eN+EP+TP (1.3)
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with TP and FP indicating the number of true and false positives within the veri cation 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 veri cation of event occurrence and non-occurrence,

while CSI may be seen as a more generalized indicator of skKill.
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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 rst 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
signi cantly confounding source of error.

Using the ensemble modeling system framework introduced in the rst 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 re ectivity. 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 Iter updates
during tempering), and an EnKF. All experiments are performed using the modeling system and
methodology established in the rst chapter. Using prior and posterior member output from
sequential DA, we comparatively evaluate the properties of analyses produced using each con-
sidered Itering method. Further insight is gained from analysis of veri cation results from the
cycling period and from generated forecasts.

Subsequent experiments are performed to further isolate factors relevant to the performance
of Itering methods. The rst is intended to isolate the in uence of background error on lIter
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 suf ciently 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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de ning 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 rsttest 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 dif cult 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 out ow 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 rst 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 in ow and out ow structures.

The fourth and nal case begins at 1000 UTC 12 August and ends at 0100 UTC 13 August,

16






	Acknowledgements
	Table of Contents
	List of Tables
	List of Figures
	List of Abbreviations
	Motivation and background for experiments implementing novel data assimilation and observing strategies
	Introduction
	Localized particle filtering for geophysical systems
	Moist-convective dynamics and implications for observing strategies
	WoFS-derived modeling system used for DA experiments
	Metrics used for verification of model output

	An evaluation of non-Gaussian data assimilation methods in moist convective regimes
	Introduction
	Methodology
	Note on experiment design
	Case studies

	Characterizing posterior ensemble members
	Analysis of prior and posterior climatology
	Cycling period verification using root mean departure from observations

	Qualitative comparison of storm evolution
	Domain-averaged quantities during continuous cycling DA
	Forecast evolution From identical priors
	 Spatial verification of forecasts
	Sequential DA cycling with the Thompson microphysical scheme

	Discussion
	Posterior characteristics of the hybrid particle filter
	Impact of DA bias on forecast evolution

	Conclusion
	Summary of results
	The hybrid particle filter as an emerging tool for scheme selection and parameter estimation


	Optimizing numerical weather prediction utility of the Maryland Mesonet with observing system simulation experiments
	Introduction
	Maryland Mesonet Project
	Challenges and limitations of assimilating surface observations for NWP
	Observing system simulation experiments

	Methodology
	Case event selection
	Modeling system and DA
	Nature runs and generation of synthetic observations
	MM Configurations
	Simulations of mesonet impact with approximations for current and future modeling system uncertainty
	Verification of MM configuration experiments

	Impact of MM observations on the fidelity of analysis fields and derived quantities
	Results for standard-uncertainty and constrained-uncertainty OSSE configurations

	Impact of MM observations on forecast verifications
	Results for standard-uncertainty OSSE configuration
	Results for constrained-uncertainty modeling system featuring perfect physics

	Discussion
	Findings on the utility of a Maryland mesonet
	Findings on the importance of station placement within MM networks
	Implications for convective-scale DA and future observing systems
	Experiment limitations

	Summary and conclusions

	Exploring choices of model physics and observation pre-processing for convective-scale data assimilation
	Introduction
	Potential and remaining challenges for state estimation using a localized particle filter

	Background
	Current DA strategies for radar reflectivity 

	Methodology
	Modifications to the NVD microphysics scheme 
	Description of alternative observing strategy for radar reflectivity 
	A non-parametric specification of likelihood functions
	Experiment Configurations 

	Experiment Results 
	Implementation of a modified NVD microphysical scheme 
	Implementation of an alternative observing configuration for radar reflectivity 
	Removal of Gaussian likelihood constraint for selected Configurations

	Chapter Summary and Conclusions
	Efficacy of a modified NVD microphysical scheme for DA with the LPF 
	Implications of reflectivity observing configuration for resolution of MCS structure
	Evaluation of empirical likelihood functions and interactions with experimental observing strategies


	Conclusions and future implications
	Findings from evaluated assimilation and observing strategies
	Extensions to introduced strategies and future applications
	OSSE tuning and regional breakdown of mesonet impact
	Empirical likelihood functions calculated with technique using analysis residuals


	Bibliography

