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ABSTRACT: Ensemble data assimilation in modern regional weather prediction models often faces challenges in manag-
ing sampling errors due to small ensemble size and model errors. Increasing the ensemble size is not often feasible because
of the computational resources needed for implementing models with large, high-resolution domains. The current study
introduces a strategy for mitigating issues of sampling error in operational data assimilation systems by supplementing
ensemble-estimated error covariance needed for data assimilation with perturbations sourced from a global model. This
approach resembles hybrid data assimilation methods that use a weighted sum of two background error covariances to
mitigate sampling deficiency from ensembles. Specifically, we enhance the NOAA Hurricane Analysis and Forecast
System (HAFS) by incorporating an ensemble Kalman filter (EnKF) with augmented perturbations that utilize flow-
dependent perturbations from the Global Data Assimilation System (GDAS) to reduce sampling errors. Additionally, we
implement a localized particle filter (LPF) with augmented perturbations, which is not part of the original HAFS data as-
similation system, and conduct a comparative analysis of the EnKF with augmented perturbations, the LPF with aug-
mented perturbations, and a hybrid filter that combines the two methods. Experiments that rely on augmented
perturbations from GDAS for updating 40-member ensembles are found to produce substantial improvements over bench-
mark experiments. The new approaches are evaluated over multiweek cycling data assimilation experiments focusing on
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Hurricanes Laura and Marco from August 2020.
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1. Introduction

Sampling errors stemming from ensemble estimates of fore-
cast uncertainty continue to be a substantial challenge for
numerical weather prediction (NWP). The computational re-
sources needed for handling large-scale and high-resolution
datasets place large constraints on the ensemble afforded for
operational prediction. As such, many strategies have been
proposed for reducing bias in ensemble statistics caused by
sampling errors and assumptions used to form data assimila-
tion algorithms. Heuristic covariance localization and inflation
strategies are frequently used methods and have also become
widely accepted for large geophysical models (Anderson 2001;
Houtekamer and Mitchell 2001; Hamill et al. 2001; Lorenc 2003;
Bishop and Hodyss 2011).

One strategy, which is common for operational implemen-
tations of variational data assimilation, is the use of a linear
combination of flow-dependent (from ensembles) and static
(from climatology) background error covariance during data
assimilation (Hamill and Snyder 2000; Lorenc 2003; Buehner
2005). The flow-dependent covariances from ensemble-based
methods can describe physically consistent, time-variant er-
rors that exhibit anisotropic spatial correlations, which are not
easily parameterized from climatology. At the same time, the
blending of ensemble and climatological statistics helps re-
duce sampling errors caused by the small ensemble size. This
approach, referred to as hybrid methods, combines variational
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and ensemble approaches to leverage the advantages of both
techniques. Various previous studies have indicated that com-
bining variational and ensemble approaches provides better
performance than either method alone; therefore, most major
environmental prediction centers use hybrid methods (NCEP;
Bannister 2017).

Hybrid data assimilation has been studied extensively over
the past decades, and various alternative approaches have been
proposed to improve its performance. One such approach is to
supplement the dynamic ensemble members from the ensemble
Kalman filter (EnKF; Evensen 1994; Houtekamer and Mitchell
1998; Bishop et al. 2001; Anderson 2001; Whitaker and Hamill
2002) with additional ensemble members derived from clima-
tological perturbations (Lei et al. 2021). This strategy, called
the “integrated hybrid EnKF” method, utilizes climatological
perturbations to approximate the static forecast error covari-
ance, which allows for updating both the ensemble mean and
perturbations with a hybrid error covariance within the EnKF
framework.

In this study, our first objective is to assess a conceptually
simple but effective strategy for reducing sampling bias in en-
semble statistics derived from small regional ensembles, using
hurricanes as the target application. As such, we extend the
experimental framework in Lei et al. (2021) and employ a
similar approach for treating sampling error that is motivated
by the use of a hybrid error covariance matrix. For this strat-
egy, flow-dependent error statistics derived from short-range
forecasts are augmented by flow-dependent ensemble pertur-
bations generated from a global model. This strategy is con-
ceptually similar to past studies that introduce a hybrid error
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covariance in EnKFs by blending an ensemble error covari-
ance with a low-rank, sample representation of a climatologi-
cal error covariance matrix. However, our proposed strategy
uses flow-dependent perturbations instead of climatological
perturbations, which has the potential to provide more accu-
rate assimilation results by reducing sampling error in pure
ensemble estimates. Specifically, to improve the ensemble
forecasts from the NOAA Hurricane Analysis and Forecast
System (HAFS), we add ensemble perturbations from the
Global Data Assimilation System (GDAS) and then estimate
the Kalman gain in the EnKF update step with the augmented
ensemble members.

Furthermore, ongoing research seeks to apply particle filters
(PFs) for state estimation, which are inherently very sensitive
to sampling errors (Snyder et al. 2008). Similar to EnKFs,
current approaches for mitigating sampling error involve the
use of localization and inflation (Poterjoy 2016; Penny and
Miyoshi 2016; Potthast et al. 2019; Poterjoy et al. 2019). Simi-
lar filter methodologies have recently been extended with the
advent of specific techniques, including the use of iterative
strategies (Hu and van Leeuwen 2021; Poterjoy 2022b) and
the incorporation of Gaussian mixtures (Kotsuki et al. 2022;
Rojahn et al. 2023). Combining localized PFs (LPFs) with
EnKFs, which we will denote as “blending PF-EnKF,” is an-
other viable approach, as it also provides a bridge between
PFs and robust Gaussian-based techniques like EnKFs (Frei
and Kiinsch 2013; Robert et al. 2018; Grooms and Robinson
2021; Poterjoy 2022a; Kurosawa and Poterjoy 2021, 2023).
This mixing methodology has already demonstrated promising
results in idealized and real applications, particularly in high-
dimensional data assimilation problems that are characterized
by non-Gaussian errors, where the sole use of either PF or
EnKF may have limitations.

In summary, the present study uses an experimental hurri-
cane prediction system to examine new data assimilation
strategies for regional weather models. The first component
of this research is to explore the utility of augmented pertur-
bations from a global model to reduce sampling deficiency in
high-resolution ensembles produced within a limited-area model.
The second component implements PFs with augmented pertur-
bations, not originally part of the HAFS, and compares its per-
formance with the EnKF with augmented perturbations and a
hybrid filter combining both methods.

The manuscript is organized in the following manner.
Section 2 presents the data assimilation methods used in this
study. Section 3 describes the experimental setup, including
the model, and observation data used in the experiments. In
section 4, we present and discuss the results of the experi-
ments. In the last section, we summarize our findings and sug-
gest avenues for future research.

2. Background: Data assimilation methods

In this section, we provide a mathematical description of
each method and introduce the modeling system used for nu-
merical experiments. Notational conventions are as follows:
Vectors are indicated by lowercase boldface font, matrices
are indicated by uppercase boldface font, and scalars and
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nonlinear operators are indicated by italic font. The back-
ground model forecast (or prior) states are represented by
an N,-dimensional vector x/, while the observations are
represented by a N,-dimensional vector y. The background
(or prior) error covariance matrix is represented by the N, X N,
dimensional P, and the observation errors are assumed to have
zero mean and covariance given by the N, X N, dimensional
matrix R. The superscripts f and a correspond to forecast and
analysis, respectively.

a. EnKF

The EnKF is a computationally efficient method that is
based on the Kalman filter (Kalman 1960) and is designed for
moderately nonlinear dynamical systems. Unlike the ex-
tended Kalman filter (McElhoe 1966), which is a modification
of the original Kalman filter that utilizes the tangent linear
model operator to handle nonlinearities in the forecast model
or measurement operators, the EnKF does not require the
tangent linear model operator. Instead, the EnKF represents
the error statistics of P using a statistical ensemble of model
states. This approach bypasses the need for linearizing the
forecast model, as in the extended Kalman filter. Conse-
quently, the Kalman gain matrix in the EnKF is derived from
the ensemble, facilitating its application to systems with mod-
erate nonlinearity without the explicit use of a tangent linear
model. The Kalman gain matrix is described as follows:

K =EDT (DD + R, 1)

where E/ consists of model-space forecast ensemble perturba-
tions and D’ consists of observation-space forecast ensemble
perturbations, with both matrices normalized by 1/y/N, — 1.
For the ensemble formulation, the covariance matrix P can be
defined as

P = EE", )

1
\/ﬁ[&u”mw,{w‘)]’ (3)

e
where 6x¥) is considered as a perturbation around x, which
is the /th member from an ensemble of N, model states.

For this study, all algorithms requiring an EnKF to update
ensemble members use the serial ensemble square root filter
(serial EnSRF; Whitaker and Hamill 2002). In general, this
method provides a deterministic update of the ensemble
mean and perturbations about the ensemble mean separately
in a manner that satisfies the analysis mean and error covari-
ance given by Kalman filter theory. To avoid large matrix
inversions, observations are assumed to have independent er-
rors and are assimilated serially. When assimilating a single
observation through this formulation, the measurement oper-
ators and K reduce to vectors of length N,, and R is a scalar.
Therefore, for an individual observation, the computation can
be performed even if the measurement operator is fully non-
linear, which is done by applying this operator to each ensem-
ble member before calculating sample statistics.
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b. The local PF and mixed filter

In this section, we briefly outline important properties of
the iterative local PF proposed by Poterjoy (2022b). This study
takes advantage of the unique features of this filter, namely,
regularization, tempering, and mixing strategies. For those
interested in a more detailed description of the methodol-
ogy, we refer to Poterjoy (2022b) and Kurosawa and Poterjoy
(2023).

The local PF assimilates observations with independent er-
rors in a sequential manner and combines sampled particles
and prior particles for each observation to introduce localiza-
tion. The posterior particles can be adjusted in a way that is
consistent with bootstrap sampling by updating the particles
after each observation space sampling step. The nth updated
particle x} is expressed as a linear combination of the resam-
pled particle x%-, and the prior particle x", with X, represent-
ing the localized posterior mean accumulating the full weight
of all observations up to y:

Xy =X, +r1°(xku - X,) + rpe(x" — X)), 4)
where k,, is the index of each sampled particle. Here, the pos-
terior mean is the best estimate of the state after incorporat-
ing observations, while the posterior variance reflects the
uncertainty of this estimate. These are crucial for ensuring the
particle updates align with the statistical properties of the pos-
terior distribution. The coefficients r; and r, are designed to
maintain the posterior mean and variance, improving the ac-
curacy and stability of the filter.

The iterative PF introduced by Poterjoy (2022b) allows for
a “blended” PF-EnKF approach through the use of a mixing
parameter, which determines when to switch from a PF to an
alternative data assimilation technique that may be more ap-
propriate for specific error distributions. Past research sug-
gests that this mixing approach, especially when the blending
coefficient is optimally tuned, can mitigate some of the sam-
pling deficiencies associated with PFs for applications where
the posterior distribution more closely resembles a Gaussian
than the prior distribution (Kurosawa and Poterjoy 2023;
McCurry et al. 2023). Although the mixing parameter can be
adjusted independently for each grid point or variable, it is
fixed at 0.5 in the current study, based on tests where the pa-
rameter was varied from 0 to 1 in increments of 0.25, with
0.5 yielding the best performance.

¢. An augmented ensemble data assimilation scheme

The current study proposes a data assimilation system that
uses additional ensemble forecast perturbations to reduce
sampling deficiency in uncertainty estimates. This approach is
largely inspired by the integrated hybrid EnKF with augmented
perturbations (IHCEnKF; Lei et al. 2021) but uses samples gen-
erated from a global weather prediction system, rather than
from a climatological error covariance. The IHCEnKF is a hy-
brid data assimilation method that combines the benefits of
both ensemble and variational methods. It updates both the
mean and perturbations in the EnKF framework using a hybrid
background error covariance. This method can be implemented
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without making changes to existing codes but requires larger
ensembles compared to approaches that combine ensemble-
based covariances with static climatological covariances, leading
to increased computational costs. The scheme proposed in the
current study extends the perturbations used to characterize
prior uncertainty using flow-dependent data, which is more spe-
cific to the system being modeled. Flow-dependent data reflect
the current state of the system, whereas climate ensemble
data are based on balance constraints and historical weather
patterns, which may not accurately reflect the current state
of the system—especially for extreme events, such as tropi-
cal cyclones.

The current operational HAFS variational data assimilation
already uses ensemble perturbations from GDAS to prescribe
a flow-dependent background error covariance. Therefore,
much of the computational expense for this step already exists
in the operational system. This study’s novelty is the introduc-
tion of GDAS perturbations in an update step, which can be
used to cycle a high-resolution ensemble forward in time. In
doing so, the GDAS perturbations are used to treat sampling
deficiency during the update of ensemble perturbations for fu-
ture implementations of HAFS that may use a self-cycled
ensemble.

The dynamics governing hurricane track and intensity span
a large number of scales, which require large domains and
a convective-permitting resolution. These limitations restrict
the ensemble size affordable for HAFS—which in this study
uses 40 members. Data assimilation steps performed in a pro-
totype “basinwide” version of HAFS use a background error
covariance matrix P{I ars> Which is solely derived from the
40-member HAFS ensemble. In the newly proposed system,
P/ is replaced with a mixed covariance matrix P .., which
takes into account both the HAFS and GDAS ensembles to re-
duce sampling error with a small HAFS ensemble. The term Pﬁﬂx
is a weighted average of the perturbations from both ensembles:

Nopas p/
GDAS>
NHAFS + NGDAS

®)

— Nuars p/ +
mi H
" Nuars * Nopas

where N and the superscript f indicate the ensemble size and
forecast, respectively.

This approach can be extended to PFs by introducing 80 ad-
ditional particles that are generated by adding GDAS pertur-
bations to the HAFS background mean. It is important to
note that regardless of whether the augmented P’ is used, the
prior ensemble mean at each data assimilation step is always
the HAFS ensemble mean, which is crucial to maintain for re-
gional models that operate at high resolution (Schwartz et al.
2022). Each ensemble perturbation from GDAS is produced
by removing the original mean and centering the perturba-
tions on the prior ensemble mean from HAFS at each analysis
time. We also note that this approach ensures a balanced con-
tribution from both ensemble systems but may not be optimal
for storm-scale data assimilation. GDAS perturbations are de-
rived from a relatively low-resolution global model and may not
adequately represent storm-scale characteristics. If GDAS per-
turbations are given high weight, the high-resolution information
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provided by the HAFS ensemble may be unintentionally di-
luted, and the constructed background error covariance may
limit its ability to capture local storm characteristics. Since the
current study naively weights each set of perturbations based on
the respective ensemble size, exploring alternative weighting
strategies could potentially yield better results. Further informa-
tion on HAFS and GDAS is provided in section 3a.

3. Configuration for numerical experiments
a. Models and experimental design

The GDAS uses a hybrid four-dimensional ensemble varia-
tional data assimilation (4DEnVAR; Liu et al. 2008) configu-
ration with 80 ensemble members to initialize the Global
Forecast System (GFS) model. The GFS is used for medium-
term numerical weather predictions in the United States, and
it is built with the Geophysical Fluid Dynamics Laboratory
(GFDL) Finite-Volume Cubed-Sphere (FV3) Dynamical
Core and the Gridpoint Statistical Interpolation analysis sys-
tem (GSI) data assimilation system. HAFS is also based on
the FV3 and aims to provide operational analysis and fore-
casting with reliable and skillful guidance on tropical cyclone
(TC) track and intensity, storm size, and weather hazards as-
sociated with TCs. Past configurations of HAFS have in-
cluded a uniform global model with a high-resolution nest
and a stand-alone high-resolution regional model (Dong et al.
2020; Hazelton et al. 2021; Gopalakrishnan et al. 2021). The
HAFS modeling system can be initialized in two ways: 1) a
“cold start,” which is an initialization from GDAS, or 2) a
warm start of the current forecast cycle, which sources data
from its preceding forecast cycle to be used as a background
and then performs its own data assimilation. The current op-
erational HAFS incorporates a 6-hourly 4DEnVAR method
that employs the GDAS ensemble, relying exclusively on the
background error covariance obtained from the 80-member
GDAS without incorporating any static error covariance. This
configuration only performs data assimilation over a high-
resolution nest that covers TC vortices. Meanwhile, a proto-
type HAFS data assimilation system adopted for this research
uses three-dimensional EnVAR (3DEnVAR), with an en-
semble updated using an EnKF, which derives the Kalman
gain solely from the HAFS ensemble. Unlike the operational
data assimilation system, the version used for this study per-
forms data assimilation over a single fixed domain, which
encompasses storms and their environments. In the current
study, as highlighted in the previous subsection, we compare
this configuration to one that uses both HAFS and GDAS en-
sembles to mitigate sampling errors inherent to the smaller
HAFS ensemble.

The current study utilizes a fixed regional model configura-
tion, with a model domain consisting of a single grid of
1440 X 1080 horizontal grid cells with a 6-km horizontal grid
spacing, 81 vertical levels, and employing the FV3 dynamical
core. The physics suite used in our configuration of HAFS
resembles the GFS version 16 physics configuration but with
modified boundary layer physics that is specific to TCs.
The atmospheric model is also coupled with the Hybrid
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F1G. 1. HAFS domain with black bold lines outlining the bound-
aries and the paths of Hurricanes Laura (red) and Marco (blue).
The black dashed lines indicate the area used for calculating the
ERAS scores in Fig. 7.

Coordinate Ocean Model (Chassignet et al. 2007, 2009). Iden-
tical to past operational configurations of the NOAA Hurri-
cane Weather Research and Forecasting Model (HWRF), HAFS
assimilates both conventional and satellite observations, in addi-
tion to hurricane-specific measurements collected from aircraft re-
connaissance flights (Tong et al. 2018).

We conduct experiments using interpolated boundary con-
ditions and initial conditions (for the first cycle) from the 2020
operational global FV3-based GFS, which has a horizontal
spacing of approximately 13 km. Our configuration of HAFS
uses a 6-km horizontal grid spacing for both deterministic and
ensemble states. Each experiment covers a period of 3 weeks,
from 0000 UTC 11 August to 1800 UTC 29 August 2020, encom-
passing the entire life cycle of two landfalling hurricanes, AL13
(Laura) and AL14 (Marco), in the Gulf of Mexico (Fig. 1). We
consider the first week as a spinup period and use the results
from the remaining weeks for validation.

b. Data assimilation configuration

The current study assimilates observations every 6 h to up-
date a 40-member HAFS ensemble. Using results from experi-
ments performed with conventional EnKF as a benchmark, or
“control” (Fig. 2a), this study tests the local PF, the blending
PF-EnKF, and their application with the augmented perturba-
tions (Fig. 2b). Experiments that use augmented perturbations
are denoted by a “G” at the end of their name, i.e., “EnKF-G,”
“PF-G,” and “PF-EnKF-G.”

We implement augmenting perturbations from 80-member
GDAS to improve sampling deficiency in 40-member HAFS
ensemble data assimilation, i.e., Ngyaps + Ngpas = 120. The
ensemble perturbations from 6-h GDAS forecasts are intro-
duced into the assimilation step by replacing the ensemble
mean of the GDAS ensemble with the mean of the HAFS en-
semble. This step occurs before data assimilation each analy-
sis time. This design choice also permits the use of the local
PF with augmented perturbations, which now uses an addi-
tional 80 members to estimate prior densities.

Localization is applied to reduce sampling noise introduced
from ensemble error approximations. Horizontal and vertical
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FI1G. 2. Flowcharts of two experimental methods: (a) the conventional HAFS ensemble data
assimilation experiment cycle and (b) the experiment cycle using the augmented flow-dependent
perturbations. In (b), the forecast error covariance matrix P’ is replaced by a matrix comprised
of weighted HAFS and GDAS perturbations. A new step shown in green represents the recen-
tering of the ensemble mean using additional 80-member perturbations, and the purple process
represents the ensemble analysis of GDAS, which is only used for data assimilation.

localization length scales are set to o5, = 500 km and o, = 0.5
natural log pressure, respectively. This study uses relaxation
to prior spread (RTPS; Whitaker and Hamill 2012) to further
help maintain ensemble spread for experiments that use the
EnKF. The relaxation parameter for all variables is set to
a = 0.95, which was chosen based on tuning carried out through
shorter experiments not shown in this paper. In sections 4b—4d,
the blending PF-EnKF uses a mixing coefficient k of 0.5, imply-
ing an equal utilization of PF and EnKF updates.

4. Experimental results from cycling experiments
a. Assessment of the augmented perturbations with EnKF

To assess the effectiveness of the proposed augmented
ensemble data assimilation system, we conduct cycling experi-
ments using EnKF with and without the augmented perturba-
tions, denoted as EnKF-G and EnKF, respectively. For
comparison, we examine prior ensemble spread in our cycled
data assimilation experiments with values computed from
the first 40 GDAS ensemble members. Therefore, the objec-
tive is to show how the ensemble spread of EnKF with aug-
mented perturbations in previous data assimilation steps
manifests as a change in prior spread over multiple weeks of
data assimilation.

Figure 3 presents a comparison of the prior ensemble spread
of temperature, # wind, and specific humidity at 850 hPa for
EnKF, EnKF-G, and GDAS averaged from 0000 UTC on
18 August to 1800 UTC on 29 August 2020. It is evident that
GDAS exhibits the largest ensemble spread among the three,
which is not surprising given that GDAS uses a larger ensemble
size and stochastic physics to induce spread in the ensemble—with

the latter not being a feature of the HAFS version adopted for
this research. The EnKF experiment shows the smallest spread.
The EnKF-G experiment falls between the two, indicating that
the augmented perturbations lead to a moderate increase in en-
semble spread.

To further investigate the impact of the augmented pertur-
bations on the vertical structure of ensemble spread, we calcu-
late the prior ensemble spread profiles of temperature, u wind,
and specific humidity from 0 to 1000 hPa for EnKF, EnKF-G,
and GDAS (Fig. 4). The results show that GDAS exhibits the
largest ensemble spread throughout the entire vertical domain,
while the EnKF experiment exhibits the smallest spread. The
spread profiles for EnKF-G are consistently larger than those
for EnKF across the vertical domain, which we will note in fu-
ture sections to be crucial to obtaining more skillful analyses.
Therefore, the results of our cycling experiments show that the
proposed augmented ensemble data assimilation system in-
creases the ensemble spread in a manner that is expected
given our choices for weighting HAFS and GDAS perturba-
tions in Kalman gain calculations and the lack of stochastic
physics in the HAFS ensemble.

b. Error verification in the observation space

To further examine the impact of using augmented pertur-
bations to supplement prior uncertainty estimation during
data assimilation (Figs. 3 and 4), we assess observation-space
errors from our control EnKF experiment with those from
EnKF-G, PF-G, and PF-EnKF-G. Figure 5 shows the vertical
profiles of prior root-mean-square differences (RMSDs) and
bias using all temperature and wind measurements assimi-
lated between 1000 and 50 hPa, averaged from 0000 UTC
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FIG. 3. Average prior ensemble spread of temperature, u wind, and specific humidity at 850 hPa for (a)—(c) EnKF, (d),(e) EnKF-G, and
(g)—(i) GFS, averaged from 0000 UTC 18 Aug to 1800 UTC 29 Aug 2020.

18 August to 1800 UTC 29 August 2020. Figures Sa and 5b in-
dicate that EnKF has the largest RMSD, especially in the
range from 600 to 200 hPa, where many upper-air measure-
ments (e.g., satellite-derived atmospheric motion vectors and
in situ data from aircraft) exist. Nevertheless, the benefits
are much smaller in the lower troposphere, where HAFS
exhibits a large increase in bias near the surface. Figures 5c
and 5d, representing wind RMSD and bias, respectively, show
that EnKF and PF-G display higher errors, with both methods
indicating higher RMSDs and biases compared to the other
techniques. In contrast, EnKF-G and PF-EnKF-G show im-
proved scores, suggesting these methods are more effective in
reducing both random errors and biases.

Figure 6 presents a time series of domain-average prior
RMSDs and “total error” in observation space, calculated
from prior members at each 6-h data assimilation cycle. The
total error is defined as the square root of the sum of the ob-
servation error variance and ensemble variance of the simu-
lated observations (Houtekamer and Mitchell 2005). Ideally,
the total error should be equal to RMSDs, as it quantifies the
expected standard deviation of the ensemble mean departures
from noisy observations. First, focusing on the coefficient of
total error to RMSDs, it is clear that the total error is underes-
timated for all variables except wind. In contrast, for wind,
the total error is slightly overestimated in relation to the
RMSDs, which we speculate is caused partly by an overprescribed

observation uncertainty for some of the verifying measurements.
Further tuning the methods used to control ensemble
spread, such as inflation and relaxation, could potentially
mitigate this problem. Nevertheless, our attempts to in-
crease spread without increasing RMSDs resulted in the
current configuration, which also resembles specifications
used in past studies for HWRF (Poterjoy et al. 2021). Fur-
thermore, comparing RMSDs and total error across experi-
ments shows that the augmented experiments generally
have reduced RMSDs and a more appropriate representa-
tion of uncertainty for prognostic variables—with respect to
the benchmark EnKF experiment. This verification confirms
that extending ensemble perturbations to include samples
from GDAS proves effective at reducing sampling defi-
ciency in HAFS.

¢. Domain-averaged error verification

This section compares prediction accuracy for the entire
domain using the fifth major global reanalysis produced by
ECMWF (ERAS) data, which incorporates 4DVAR data
assimilation and comprehensive observational datasets, in-
cluding all-sky radiances (Hersbach et al. 2020). For this com-
parison, we look at temperature, wind, specific humidity, and
absolute vorticity from 18 to 29 August 2020. To mitigate the
impact of boundary conditions, the domain over which the
scores are calculated has been deliberately restricted to a
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FIG. 4. Average prior ensemble spread profile of (a) temperature, (b) u wind, and (c) specific humidity for EnKF (black), EnKF-G
(red), and GFS (blue), respectively. These values were calculated throughout the cycle experiments conducted from 0000 UTC 18 Aug to

1800 UTC 29 Aug 2020.

smaller area, well within the interior of the larger domain,
ensuring that the calculations reflect the dynamics less influ-
enced by the boundaries. This area is represented by the black
dashed lines in Fig. 1.

Figure 7 shows the average RMSDs, ensemble spread,
and bias relative to ERAS of the variables, with the forecast
lead time on the horizontal axis from hour 0 to hour 102. An
examination of RMSDs for temperature, winds, and specific
humidity at short lead times (Figs. 7a—c) shows that PF-G
has larger errors compared to the other methods that use
augmented perturbations. This finding is not surprising,
given that Kalman-filter-based data assimilation techniques
aim to find an analysis that minimizes mean-square errors,
which favors a verification of RMSD near analysis times.
However, as the forecast time increases, this difference di-
minishes, and the PF-G obtains comparable skill to the
other experiments that use augmented perturbations. Like-
wise, the ensemble spread for PF-G is consistently the larg-
est among the tested methods, though we note that all
methods produce underdispersed forecasts. As discussed in
Poterjoy (2022a), posterior members produced by the LPF

tend to undergo smaller geostrophic adjustment following
initiation, which results in a more steady increase in ensem-
ble spread at short lead times compared to EnKFs. Further-
more, each method that uses a full or partial EnKF update
(with augmented perturbations) shows little difference in
RMSD or ensemble spread across variables. Examining the
bias in the forecasts, we find that the EnKF exhibits the larg-
est bias overall. PF-G follows closely behind, even surpass-
ing the EnKF bias in wind speed forecasts at lead times
shorter than 48 h. However, as the forecast lead time in-
creases, the bias in PF-G becomes comparable to other
methods using augmented perturbations (EnKF-G and EnKF-
PF-G).

We note that PF-G persistently produces the smallest
errors in vorticity at all lead times. The markedly larger
RMSEs in EnKF and mixed filter experiments at early lead
times come from spuriously large wind gradients in EnKF
analyses, which is consistent with coarse-resolution regional
modeling experiments performed by Poterjoy (2022a). Like-
wise, these experiments result in a notable drop in error
over the first 12 h as the model adjusts to wind analyses that
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FI1G. 5. Vertical profiles of RMSD and bias for temperature and wind in the observation space using different data
assimilation methods: (a) temperature RMSD, (b) temperature bias, (c) wind RMSD, and (d) wind bias, evaluated
with EnKF (black), EnKF-G (red), PF-G (blue), and PF-EnKF-G (green). These values were calculated throughout
the cycle experiments conducted from 0000 UTC 18 Aug to 1800 UTC 29 Aug 2020.

are not supported by basic horizontal momentum balance.
These effects are more notable for ensemble spread, which
continues to drop over the first 48 h. Because EnKF adjust-
ments to ensemble perturbations are also modified by poste-
rior inflation, we suspect that this behavior is partly induced
by the chosen inflation mechanism, namely, RTPS. Whitaker
and Hamill (2012) note that RTPS tends to induce spread over
a larger wave spectrum than alternative relaxation-based tech-
niques—but at the expense of maintaining dynamical balance.
As a result, many of the nonphysical impacts of data

assimilation on vorticity are removed during the model’s inte-
gration leading to a decrease in ensemble spread at early fore-
cast times.

In terms of bias, we observe an oscillating pattern. This
behavior is likely due to the sensitivity of vorticity to spatial
gradients in wind speed, making it susceptible to model in-
stabilities and adjustments. Specifically, the model’s resolu-
tion can contribute to this behavior. If the resolution is too
coarse to accurately capture fine-scale variations in wind
speed, it can introduce instabilities in the vorticity forecast,
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potentially causing the bias to oscillate as the forecast lead smallest ensemble spread and the largest RMSD values
time increases. on average for all variables in Fig. 7. This suggests that

Last, focusing further on the pure EnKF experiment the strategy aimed at addressing the sampling deficiency
that does not use the augmented approach, it exhibits the in ensemble statistics has the potential to enhance the

: EnKF @ : EnKF-G From 2020081806

vs.ERA5; 200-850hPa :
: PF-G @ : PF-EnKF-G To 2020082918

—— RMSD - - - :Spread

1.5 ; : , . , ,
(b) U componet of wind [m/s]

(a)'Temﬁeratu}e [K]

RMSD, Spread

x1074 x107°
| (c) Specific Humidity [g/kg] \ (d) Absolute Vorticity [1/s]

[y
w

RMSD, Spread
b=

w
T

-___,_—————

0 12 27 42 57 72 87 102 0 12 27 42 57 72 87 102
FORECAST LEAD TIME (hr) FORECAST LEAD TIME (hr)
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1800 UTC 29 Aug 2020. The solid lines represent RMSD, and the dashed lines represent the ensemble spread.
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effectiveness of various regional ensemble data assimila-
tion systems.

d. Tropical cyclone forecast verification

In this section, we verify model forecasts based on TC-specific
metrics that are available from the National Hurricane Center
(NHC) “best track” database, namely, track, maximum 10-m
surface winds, and minimum sea level pressure (MSLP). These
comparisons examine 10-member ensemble forecasts that are ini-
tialized during times when ALI13 (Laura) and AL14 (Marco)
were of a tropical storm or greater intensity.

Figure 8 presents RMSDs and ensemble spread for the
track and intensities of wind speed and MSLP throughout the
experiments for AL13 and AL14. Experiments with the aug-
mented perturbations consistently provide smaller RMSDs
relative to pure EnKF, suggesting that the proposed approach
is effective for both EnKFs and PFs. While PF-G is less skill-
ful than EnKF-G and PF-EnKF-G, its performance is more
sensitive to challenges related to the model’s representation
of rapid intensification and the use of the 6-km grid spacing,
which is relatively coarse. By successfully integrating the ad-
vantages of EnKF-G, PF-EnKF-G achieves improved results
over PF-G and qualitative benefits over EnKF-G that are de-
scribed below. Consistent with the domainwide verification,
the EnKF without augmented perturbations produced the

smallest spread, while PF-G produced the largest—with the
other two experiments falling between.

While track and error verifications highlight the overall per-
formance of each method, a closer examination of AL13 and
AL14 reveals further insight into the strengths and weak-
nesses of each data assimilation approach. First, we examine
the case of Laura (Fig. 9). Ensemble forecasts generated dur-
ing the control EnKF experiment predict the track of the TC
accurately over most of the storm’s life cycle but struggle in
the early cycles to capture Laura’s initial intensification. On
the other hand, EnKF-G, which uses augmented perturba-
tions, improves the accuracy of storm track and intensity dur-
ing the early cycles and persistently produces an envelope of
forecast solutions that capture the observed TC characteris-
tics. This experiment, however, tends to produce spuriously
large increases in winds during analyses, which rapidly decay
in the first 6 h of forecasts; see a sharp decrease in maximum
winds in Fig. 8b. The spuriously large analysis winds are di-
rectly related to the large domainwide vorticity errors
highlighted in Fig. 7d, which tend to be restricted to smaller
scales.

The PF-G experiment shows similar improvements over
the control, primarily in early track forecasts for Laura, but
tends to be less skillful than EnKF-G when the data assimila-
tion needs to correct for major intensity errors (e.g., during
Laura’s rapid intensification period). This finding is a
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bers of the 102-h ensemble forecasts derived from the posterior state of each data assimilation method.

reoccurring challenge for PF-G in our experiments and is
rather expected given that the LPF cannot easily shift mem-
bers outside the span of the prior in the same manner as the
EnKF. The issue is partially related to our use of a 6-km grid
spacing for FV3, which leads to a low-intensity bias in our ex-
periments. PF-EnKF-G, which combines both EnKF and PF
equally, shows similar skill to EnKF-G but avoids the spuri-
ous small-scale wind anomalies that dominate RMSD verifica-
tions at early lead times (Fig. 8b).

We observe similar advantages in the case of Marco as well
(Fig. 10). Marco differed from Laura in that it was both a
smaller and shorter-lived storm. These reasons are one factor
that led to our control experiment missing its intensification
into a tropical cyclone altogether (Figs. 10a,b). Using the aug-
mented GDAS perturbations (EnKF-G and PF-G) significantly

improves the ability of the filters to accurately adjust model
states toward a realistic depiction of Marco, as is evident in the
improved track forecasts. Following the same explanation pro-
vided for Laura in these experiments, we also note that PF-G
(while improved over the EnKF) still shows difficulty matching
the observed intensity of Marco. EnKF-G more rapidly spins
up TC vortices but shows signs of large spurious adjustments, as
indicated by significant reductions in maximum wind speed fol-
lowing most forecast times (Fig. 10d), a problem that is again al-
leviated by PF-EnKF-G (Fig. 10h).

e. Spectral analysis of kinetic energy

To supplement our comparison of ensemble forecast skills,
we scrutinize each data assimilation strategy’s ability to produce
analysis members that resemble model solutions. Figure 11
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depicts the zonal kinetic energy (KE) at 250 hPa derived from a
single analysis member of EnKF-G, PF-G, and PF-EnKF-G.
Results are averaged in the meridional direction and temporally
before being plotted on a logarithmic scale with wavelengths
decreasing to the right. The analysis KE spectra are compared
to a climatological estimate for the FV3 model using 24-h fore-
casts from 18 to 29 August 2020, which is verified to be identical
for each experiment. For this comparison, deviations from the
climatological estimate are assumed to stem from deficiencies in
data assimilation, as discussed in Poterjoy (2022a).

Results indicate a consistent positive bias in KE for scales
below ~400 km for the EnKF-G, demonstrating a significant
deviation from model climatology; though not shown, we find
a similar bias in the control EnKF experiment. This finding is
consistent with verifications discussed in previous sections,

which identify a large spike in error for vorticity and maxi-
mum wind speeds with EnKF-G. Conversely, PF-G analyses
and forecasts exhibit small but noteworthy, negative bias,
which comes from populating the prior ensemble with a sub-
set of coarse-resolution GDAS perturbations—added to the
HAFS mean. While EnKF-G ingests GDAS perturbations in
the same manner as PF-G, the resulting KE bias is dominated
by the assumptions used to adjust model states to reflect the
analysis mean and error covariance determined from the
Kalman filter update equations. Likewise, the PF-G KE bias
is minimal compared to that of EnKF-G, suggesting that
the LPF provides a closer alignment to plausible FV3 atmo-
spheric states. Notably, FV3 requires ~12 h to dissipate the
excess noise induced by the EnKF-G, which is visualized us-
ing lighter-shaded contours for longer lead times. The excess
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noise is typically removed in operational data assimilation sys-
tems by employing a digital filter (Lynch and Huang 1992) or
through various other heuristic means. While the KE bias is
often attributed to localization in ensemble filters, the positive
bias is not found in PF-G which uses the same localization
length scales as EnKF-G. As discussed in Poterjoy (2022a), a
major source of KE bias stems from known limitations in data
assimilation techniques that seek a minimum mean-square error
estimate—as this estimate does not necessarily need to be a
model solution when presented with non-Gaussian errors. We
suspect that KE bias in EnKF-G members—and the cumulative
impacts of this bias on 6-h forecasts—plays a role in the lack of
spread found in this ensemble compared to PF-G. This aspect
of the results will be the topic of a follow-up study.

Last, the PF-EnKF-G experiment contains substantially lower
KE bias compared to EnKF-G. Consistent with past research
using idealized models (Kurosawa and Poterjoy 2023), this
method retains the positive benefits of Kalman-filter-based data
assimilation while mitigating some of the limitations associated
with non-Gaussian priors.

5. Conclusions

This study proposes an augmented ensemble data assimila-
tion strategy that incorporates flow-dependent information
generated from a global model into an ensemble data assimi-
lation system for regional models. The primary goal is to re-
duce sampling deficiency when the high computational cost of
generating high-resolution ensembles limits the number of
members that can be used for data assimilation. We evaluate
this approach through cycling experiments using the NOAA
HAFS, focusing on the development and evolution of Hurri-
canes Laura and Marco in August 2020. The experiments dem-
onstrate that the augmented ensemble data assimilation system
successfully reduces sampling deficiencies in high-resolution
40-member HAFS analyses. Additionally, we implement PFs
with augmented perturbations, which are not originally part of
the HAFS, and compare their performance with the EnKF and
a hybrid filter that combines both methods.
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We evaluate the performance of each data assimilation
method in observation space and model space, using all avail-
able nonradiance measurements and ERAS reanalyses, respec-
tively. All data assimilation experiments that use augmented
perturbations show reduced forecast errors, particularly from
600 to 200 hPa, a region rich in upper-air measurements. This
finding suggests a marked influence of the augmented approach
for treating sampling deficiency in data-dense regions, which is
an anticipated outcome given the theoretical limitations of
ensemble data assimilation for well-observed high-dimensional
dynamical systems (Hodyss and Morzfeld 2023). Additionally,
when focusing on the atmospheric environment near TCs, the
benchmark EnKF without augmented perturbations tends to
underestimate storm intensity and completely miss the transi-
tion of one of our cases (Hurricane Marco) into a hurricane.
We suspect that the small ensemble size, model resolution, and
duration of the data assimilation experiments (3 weeks) were
sufficient to cause the EnKF to experience filter divergence
over portions of the model domain. The augmented approach,
however, is found to mitigate this deficiency and produce much
more skillful depictions of storm evolution. We further note
that our choice of model grid spacing for these experiments
(6 km) is less than the operational implementation of HAFS,
which leads to additional intensity biases for storms. Likewise,
subgridscale physical parameterization schemes and atmosphere—
ocean coupling methodology in our version of HAFS predate
operational versions of this model, which are additional sour-
ces of bias in our experiments.

We also investigate the implications of applying non-Gaussian
data assimilation methods based on particle filters for HAFS by
performing EnKF and PF experiments with augmented pertur-
bations. We evaluate the prediction accuracy of each data assimi-
lation technique over the entire model region using the ERAS
reanalysis and assess forecast accuracy for basic tropical cyclone
metrics using NHC best track data. The EnKF performs best at
the beginning of the forecast period—Tlikely because the resulting
analysis is derived to achieve a mean-square error estimate—but
the advantages decrease as the forecast progresses to larger lead
times. Nevertheless, the EnKF is found to induce a positive
kinetic energy bias at shorter wavelengths in analysis members,
owing to the use of error covariances alone when updating en-
semble perturbations. The LPF, while showing a larger sensitivity
to model bias, does not exhibit the same KE bias as the
EnKF—a finding that is consistent with past studies. A mixed fil-
ter methodology that uses an intermediate LPF update before
applying an EnKF update helps alleviate issues with the stand-
alone (EnKF and LPF) data assimilation methods.

We emphasize that the operational data assimilation for
HAFS is not ensemble based and instead uses a variational
scheme to update a single model state. Background error co-
variance for the variational analysis comes from GDAS in-
stead of a self-cycled HAFS ensemble, which is a major
difference between our methodology and the operational one.
The current study deviates from the operational HAFS by
using a serial ensemble square root filter and a local PF to
perform the data assimilation. This means that observations
are processed individually or in smaller subsets rather than
simultaneously to update model states. This decision is mainly
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due to the design of the local particle filter and the blended
PF-EnKF methods which require serial processing of observa-
tions to implement localization.

Moreover, the sensitivity of the proposed approach to the
quality of GDAS forecast quality requires further investiga-
tion, including the development of flexible weighting schemes
to prioritize higher-quality perturbations. By addressing these
factors, the proposed approach could significantly enhance
NOAA’s regional forecasting capabilities while remaining
practical for real-time applications.

We further note that our experiments do not apply specific
approaches for reducing nonphysical updates during data as-
similation. This design choice differs from data assimilation
systems that use digital filter initialization, normal mode
initialization, incremental analysis update (IAU), or other
means of reducing noise that may occur during data assimi-
lation (Lynch and Huang 1992; Benjamin et al. 2004; Derber
and Bouttier 1999; Bannister 2021). It is worth noting that
these methods are often integrated into operational predic-
tion systems to optimize their performances. While these tech-
niques could potentially enhance the ability of the EnKF
to produce large-scale quasibalanced analyses in this study,
the additional constraints may not be suitable for mesoscale
weather systems and would complicate the interpretation of
results.

Last, the data assimilation experiments performed in this
study adopt the same methodology for computing and remov-
ing bias for satellite radiance measurements that exists in
operational implementations of HWRF and HAFS; i.e., coef-
ficients for a state-dependent bias model are trained by
GDAS and not updated within HAFS. This means of training
a bias model is suboptimal, as shown in Knisely and Poterjoy
(2023), and can have large implications for data assimilation
methods that are more sensitive to bias, such as the LPF.
The integration of new data assimilation techniques into a
convective-permitting, basinwide configuration of HAFS that
performs its own online estimation of bias model coefficients
will be the topic of a future study.
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