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Key Points

• This article introduces the concepts, formulations, advantages, deficiencies, practical considerations, and applications of
ensemble-based data assimilation (EDA) techniques.

• EDA such as the ensemble Kalman filter (EnKF) is widely used in research and operational communities using regional and
global numerical weather prediction models.

• The limited ensemble size in current EDA applications leads to rank deficiency and sampling errors, which are often treated
by inflation and covariance localization.

Synopsis

This article introduces the algorithm of ensemble-based data assimilation (EDA) and the main issues in its application to
atmospheric sciences. EDA is drawing increasing attention in data assimilation community mainly due to its flow-dependent
background error covariance determined using a short-range ensemble forecast and ease of implementation. Many types of
EDA have been applied with different models at different scales in both research and operational or quasi-operational
communities. Various aspects involved in EDA are discussed including observations, ensemble initialization, sampling
error, covariance inflation and localization, model error, verification, nonlinearity and non-Gaussian errors, intercompar-
ison, and hybrid with variational schemes.

Introduction

The accuracy of weather forecasts is mainly determined by the accuracy of numerical weather prediction (NWP). NWP produces the
time evolution of basic meteorological variables including wind, pressure, temperature, moisture, and other hydrometeors based on
basic physical laws. Its accuracy depends critically on the qualities of the initial conditions and the forecast model. The initial condi-
tions of an NWPmodel are usually produced through data assimilation, a procedure that aims to estimate the state and uncertainty
of the atmosphere as accurately as possible by combining all available information (including both previous model forecasts and
current observations, and their respective uncertainties). Data assimilation methods update the model forecasts through the error
covariance of the model forecast between different grid points and variables.

Data assimilation is typically performed through one of the twomethods. The first method is variational method, which finds an
analysis that has a minimum misfit to the observation and the background forecast (or the first guess). Two main methods in this

yDeceased

Encyclopedia of Atmospheric Sciences, 3rd edition, Volume 1 https://doi.org/10.1016/B978-0-323-96026-7.00027-8 139

Encyclopedia of Atmospheric Sciences, Third Edition, 2026, 139e147

Author's personal copy

https://doi.org/10.1016/B978-0-12-382225-3.00495-3
https://doi.org/10.1016/B978-0-323-96026-7.00027-8


category are three-dimensional (3DVar, three dimensions in terms of space, Barker et al., 2004) and four-dimensional variational
methods (4DVar, three dimensions in terms of space plus one in terms of time, Le Dimet, 1982). Variational methods generally
produce their background error covariance using a period of forecast differences between different lead times (Barker et al.,
2004; Xiao and Sun, 2007), thus is isotropic and stationary.

The other approach is sequential data assimilation. A theoretically optimum sequential method is the Kalman filter, which
assumes Gaussian errors and a linear system. Kalman filter is named as extended Kalman filter for nonlinear models. Since the
extended Kalman filter explicitly propagates the background error covariance, it is not practical for large-dimensional systems
like the atmosphere or the ocean. Evensen (1994) proposed the ensemble Kalman filter (EnKF) that estimates the background error
covariance with a short-term ensemble forecast. The EnKF is drawing increasing attention in data assimilation community. Since its
first application in atmospheric sciences (Houtekamer and Mitchell, 1998), many types of EnKFs have been applied with different
models at different scales (Lorenc, 2003; Houtekamer and Mitchell, 2005; Hamill, 2006; Ehrendorfer, 2007; Meng and Zhang,
2010). The potential of using ensemble-based data assimilation (EDA) is also being explored in several operational meteorological
centers, and many EDA systems for global models or limited area models (LAM) are now running operationally or quasi-
operationally. This article aims to give a brief introduction to the EnKF algorithm and main issues in its application to atmospheric
sciences. For a more comprehensive overview, the readers are referred to Houtekamer and Zhang (2016).

The Concept of the EnKF

The EnKF has two steps: an analysis step and a forecast step (Fig. 1). The analysis step in the standard EnKF proceeds according to the
classical Kalman filter equations with the required sample means and covariances:

xai ¼ xbi þ K
�
yoi �Hxbi

�
; for i ¼ 1;.; n [1]

K¼PbHT
�
HPbHT þ R

��1
[2]

Pb ¼ 1
n� 1

Xn

i¼1

h�
xbi � xb

��
xbi � xb

�Ti
[3]

Pa ¼ 1
n� 1

Xn

i¼1

h�
xai � xa

��
xai � xa

�Ti
[4]

where, xb and xa are the sample mean values of the forecast and the analysis ensemble. The analysis state vector, xai for the ith

ensemble member is obtained by adding to the background state vector, xbi , a weighted difference between observations, yo, and the
background state vector projected to observation space through an observation operator, H. Pa and Pb are the analysis and back-
ground error covariance respectively, which are approximated in the EnKF by the respective ensemble covariance. K is the Kalman
gain, which takes into account the observation error, R, and the background error covariance, Pb in determining the extent to which
observations are weighted relative to the background. H and HT are the tangent linear and adjoint versions of H, respectively.
Tangent linear means the linearization about a time or space-varying trajectory of a nonlinear operator, which gives the evolution of
the first-order perturbation of a nonlinear vector. In the EnKF, PbHT andHPbHT are calculated using the sample covariance and thus
HT and H are not explicitly needed.

Given the analysis ensemble, the forecast step simply involves forecasting each member forward from time t to t þ Dt when the
next observations are available:

xbi ðtþDtÞ¼M
�
xai ðtÞ

�
; for i ¼ 1;.; n [5]

where M is a nonlinear model. The ensemble-based algorithm asymptotically approaches the Kalman filter in the limit of a large
ensemble and Gaussian error distributions.

The EnKF has many variants. Based on the method for generating the analysis ensemble, an EnKF can be characterized as
stochastic, where the analysis ensemble is obtained with the Kalman gain and randomly perturbed observations, or deterministic,
where the analysis ensemble is created by transforming the forecast ensemble without perturbing the observations. Due to the large

Fig. 1 Schematic diagram of the flow chart of the EnKF. The meaning of the various variables is referred to the text. EnKF, ensemble Kalman filter.
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dimension of the model state vector and the large number of observations needed in the LAM-EnKF scenario, various algorithms of
the LAM EnKF have been proposed to improve computational efficiency. The most commonly employed deterministic method has
the form of ensemble square root filters (EnSRFs) such as the serial EnSRF, the ensemble transform Kalman filter (ETKF), and the
ensemble adjustment Kalman filter (EAKF).

Observations

Different observing platforms or different formulations of the same observations may have different impacts on the EnKF perfor-
mance. For example, radiosonde observations have been found to have the largest impact on regional-scale analyses and forecasts.
Due to errors coming from the difference between the real and the model terrain height and uncertainties in the parameterization of
boundary layer and land surface physical processes, surface observations have been a big challenge. The analysis and forecast error
may benefit from removing the bias and reducing the representativeness error by assimilating only those data whose locations have
a terrain height that matches the model one, and removing the bias of surface wind and temperature before assimilation. However,
surface data assimilation may have very limited impact on the levels above the surface and on the time length of the forecast into the
integration.

Besides the conventional radiosonde and surface observations, remotely sensed observations are drawing more and more atten-
tion. Doppler radars such as Doppler on Wheels, Weather Surveillance Radar 88 Doppler, and airborne radars have sufficient
temporal and spatial coverage to fully observe convective clouds. The effectiveness of using the EnKF to assimilate Doppler radar
velocities for supercell storms was first demonstrated in Snyder and Zhang (2003) and with real-data in Dowell et al. (2004). An
X-band radar network that was deployed by the National Science Foundation Engineering Research Center for Collaborative Adap-
tive Sensing of the Atmosphere has been helpful in improving the analysis and forecast of convective system, which supports
convective-scale warn-on-forecast operations. Airborne Doppler radar radial-velocity observations have also been successfully
assimilated in real time for a hurricane prediction model (Zhang et al., 2011). The EnKF system has demonstrated promising perfor-
mance, especially on hurricane intensity forecasts, through experiments over 61 applicable The National Oceanic and Atmospheric
Administration (NOAA) P-3 airborne Doppler missions during the 2008e10 Atlantic hurricane seasons (Fig. 2). The mean absolute
intensity forecast errors initialized with the EnKF analysis of the airborne Doppler velocities at the 24e120-h lead forecast times
were 20%e40% lower than the National Hurricane Center’s official forecasts issued at similar times. Radar reflectivity has been
shown to be less effective than Doppler radial velocity. The likely non-Gaussian error distribution, weak cross-correlations between
state variables, inherent small-scale variability, and strong dependence of these quantities on the accuracy of model microphysics
schemes appear to be the main limiting factors. Nevertheless, the assimilation of differential reflectivity, Zdr, reflectivity difference,
Zdp, and specific differential phase, Kdp, beyond radar reflectivity and/or radial velocity may improve storm analysis (Jung et al.,
2008). Moreover, the assimilation of even the echo-free radar observations, defined as radar reflectivity below a threshold value
of 5 dBZ, sometimes may effectively suppress spurious convection (Aksoy et al., 2009).

Radar data need to be vigorously preprocessed to have a consistently positive impact. With large volumes of radar observations
recorded at a much higher resolution than the forecast model grid spacing, significant data thinning may be necessary. The process
of combining multiple observations into one high-accuracy ‘super’ observation is often referred to as ‘superobbing.’ This data pre-
processing procedure has been implemented operationally on the NOAA hurricane reconnaissance aircraft that allows for more effi-
cient real-time transmission of airborne radar observations to the ground (Zhang et al., 2011). Assimilating airborne Doppler radar
data in storm-relative coordinates under a simultaneity assumption may produce a better kinematic tropical cyclone (TC) structure
and a slower error growth (Aksoy, 2013). This method translates the observations of the whole flight to a common storm center by
maintaining their relative positions at the time of their actual sampling, then randomly distributed to different cycles to achieve
a more homogeneous data coverage among data assimilation cycles. Many recent studies are also using EDA to assimilate the obser-
vation products generated by the dual-polarization radars (e.g., Putnam et al., 2021) and high-frequency (every 30 to 60 seconds)
observations generated by the phased-array radars (PAR; e.g., Stratman et al., 2020; Wang et al., 2021; Honda et al., 2022).

In addition to radars, the assimilation of satellite observations and/or satellite-derived products is also a hot topic. Multivariate
specific humidity retrieved from the Atmospheric Infrared Sounder (AIRS), satellite-derived atmospheric motion vectors, and
temperature and mixing ratio profiles derived from the AIRS instrument on board the Aqua satellite have been shown beneficial
for weather analysis and forecast (Jones and Stensrud, 2012). Many recent studies focus on the direct assimilation of satellite radi-
ance using EnKF or EDA, with emphasis on the ‘all-sky’ approach that assimilates radiance both from the clear-sky conditions and
impacted by clouds and precipitation. Cases studies and systematic evaluations show that assimilating all-sky infrared radiance
from new-generation geostationary satellites leads to improved forecasts for tropical and extratropical cyclones, thunderstorms,
mesoscale convective systems, and convective cells. Zhang et al. (2021) reported improved track, intensity, and precipitation fore-
casts of Hurricane Harvey with the assimilation of all-sky microwave radiance from the constellation sensors of the Global Precip-
itation Measurement (GPM) satellites using EnKF. The recent development of advanced statistical methods, including machine
learning (ML) and artificial intelligence (AI) techniques, also have great potentials to help the assimilation of satellite radiance,
such as constructing observation operators that are much faster than the traditional radiative transfer models, or channel selection
and dimension reduction for the hyperspectral infrared sounders. However, many issues remain to be explored in satellite radiance
assimilation such as observation bias correction, observation error modeling, and channel selection and combination.
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Besides the aforementioned in situ and remotely sensed data, some special synthesized object-oriented observations, such as the
vortex position of tropical cyclones, can also be easily assimilated by the EnKF and have been demonstrated to be helpful in
improving hurricane forecast ability.

Ensemble Initialization

How to create an initial ensemble that reflects the uncertainty of the initial analysis is an important and critical issue. Global EnKFs
typically use random samples from a climatological error distribution, or generate perturbations from a preexisting 3D/4DVar
system. The LAM-based EnKF may be initialized from an existing global or larger scale ensemble or by using one of the methods
used for the global model if a global ensemble forecast is not readily accessible. The generation of the initial ensemble for
convective-scale EnKF systems remains an open question due to the lack of accurate error statistics. For many convective-scale appli-
cations, Gaussian noises are added to a horizontally uniform background (sounding) for all state variables (e.g., Snyder and Zhang,
2003).

Compared to the initial condition uncertainties, a proper representation of boundary uncertainties may have a larger impact on
the LAM EnKF. A lack of sufficient ensemble spread on the lateral boundaries may propagate inward and lead to filter divergence.
Filter divergence means that the ensemble mean deviates further and further away from the truth due to the underestimated variance
of the forecast ensemble, which results in more weight being given to the prior (model forecast) than to the observations. Boundary
perturbations can be generated using the same methods as ensemble initialization described above.

Sampling Error, Covariance Inflation, and Localization

Due to computational constraints, only a limited ensemble size can be afforded in the EnKF, which will result in sampling errors.
The number of members sufficient for the EnKF to minimize the impact of sampling errors still remains an open question. Until
now, most published EnKF studies use an ensemble size of 30e100, while studies show that an ensemble size of O (1000) is likely
needed to accurately estimate covariances (e.g., Miyoshi et al., 2014). Due to the limited ensemble size, the EnKF generically suffers
from a rank-deficiency problem in which only a part of the phase space can be spanned by the ensemble. As a result, the ensemble
spread tends to be systematically underestimated.

The underestimation of ensemble spread is commonly treated by covariance inflation through multiplicative or additive scaling,
or covariance relaxation. Additive covariance inflation adds a set of ensemble perturbations that can reflect forecast uncertainty to
the forecast ensemble, where multiplicative covariance inflation is achieved by multiplying all ensemble perturbations before or
after the EnKF analysis with a constant slightly larger than 1. However, multiplicative covariance inflation with a spatially constant
inflation factor may cause a model to become unstable due to excessive spread in data-sparse regions. A Bayesian algorithm was
proposed using a spatially and temporally varying adaptive inflation factor for each element of the model state vector (Anderson,
2009). Another approach is the covariance relaxation method through relaxation of the final analysis perturbations to the prior fore-
cast (Zhang et al., 2004). The relaxation method only inflates the variance at grid points that are updated by observations, thus
avoiding the overinflation deficiency of the conventional inflation method.

Besides the underestimation of ensemble spread, sampling errors in the EnKF may also cause unphysical, distant correlations
and subsequently spurious analysis increments. The most commonly used approach for reducing distant spurious correlations is
through covariance localization. Covariance localization is often implemented by multiplying a Gaussian shape function that
decreases smoothly from one at the observation point to zero at a certain distance from the observation. The impact of an obser-
vation is thus confined only within a limited distance. This distance is usually called the radius of influence (ROI). Localization may
not only decrease spurious distant correlation, but also reduce the computational cost and alleviate the rank-deficiency problem due
to the limited ensemble size. The value of ROI may depend on ensemble size, observation type and density, model error and reso-
lution, as well as the characteristic scales of the underlying dynamic system. For examples, a horizontal ROI of 1000e2000
(60e150) km is often used for standard radiosonde (surface) observations, while a much smaller ROI ranging from several to
hundreds of kilometers is often used for radar observations. It was once suggested that the ROI should be two to three times the

=
Fig. 2 (A) The Weather Research and Forecasting model (WRF) model domain configuration and TC tracks with NOAA airborne Doppler radar
mission. The outer domain is fixed for all cases, while the three inner domains are centered at the storm’s center at the initial time and movable
flowing model vortex center during the forecast. Fourteen storm tracks are colorized lines with storm intensity. With blue dots circled with red, 61
missions of NOAA airborne Doppler radar observation are marked. All the storms and case numbers are listed on the right top. Also shown are the
mean absolute forecast error averaged over 50 samples homogenized by all 61 airborne Doppler missions during 2008e10 for The National
Hurricane Center (NHC) OFfiCial forecast (‘OFCL,’ solid cyan line), The Geophysical Fluid Dynamics Laboratory (GFDL) hurricane model (‘GFDL,’ green
line), The Hurricane Weather Research and Forecasting model (‘HWRF,’ dark blue line), and the WRF deterministic forecast in 4.5-km resolution
initialized with EnKF analysis (‘EnKF,’ red line) after making the samples homogeneous for all five forecasts for (B) the track position error (km) and
(C) the 10-m maximum wind speed error (knots) with simple bias correction for all forecasts except for OFCL. The red numbers on the x axis of
(C) indicate the sample size for the homogeneous comparison. Adapted from Zhang, F., Weng, Y., Gamache, J.F., Marks, F.D., 2011. Performance of
convection permitting hurricane initialization and prediction during 2008e2010 with ensemble data assimilation of inner-core airborne Doppler radar
observations. Geophys. Res. Lett. 38, L15810. https://doi.org/10.1029/2011GL048469.
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forecast error scales (Lorenc, 2003). Zhang et al. (2009a) proposed a successive covariance localization (SCL) technique in which
a larger ROI is used to assimilate a relatively small subset of observations in the coarser domains, while a smaller ROI is used to
assimilate higher density observations in the inner domains. They found clear advantages of using the SCLmethod over using single
ROIs in the assimilation of dense radar observations for rapidly developing landfalling hurricanes. The vertical ROI is sometimes set
to the depth of the atmospheric model for conventional observation assimilation or vertical covariance localization is not per-
formed at all. Besides ROI, the selection of a covariance localization function may also be important. The most widely used covari-
ance localization is the fifth-order correlation function of Gaspari and Cohn (1999). The choice of localization function may
become more complicated for observations that have complex spatial, temporal, and physical attributes or with an unknown rela-
tion with the state variable.

While accounting for sampling error, covariance localization may cause imbalance when one observation is selected to update
the state vector at one grid point, but not selected for a neighboring grid point (Lorenc, 2003). Consequently, covariance localiza-
tion may produce analyses with weaker flow balance and stronger divergence, which may result in inaccurately balanced back-
ground error statistics. Methods used to reduce imbalance in large-scale models such as applying a digital filter (e.g., Lynch and
Huang, 1992) or covariance localization performed in the stream functionevelocity potential rather than the wind component
space (Kepert, 2009).

Model Error

Since the EnKF depends critically on the quality of the first guess and the forecast error covariance estimated from a short-term
ensemble forecast, the presence of model error may lead to poor filter performance and even filter divergence. Model error can result
from inadequate parameterizations of subgrid-scale physical processes, numerical inaccuracy, truncation error, ill-defined boundary
conditions, or other random errors. The presence of model error often results in both a large bias in the ensemblemean and too little
spread, which may ultimately cause the ensemble forecast to fail.

There are several ad hoc approaches that have been used to account for model error in the context of the EnKF such as covariance
inflation, bias correction, the use of multimodel or multiphysics ensemble, and simultaneous state and parameter estimation. Addi-
tive covariance inflation has been shown to be effective in improving the performance of the EnKF. Though most statistical data
assimilation methods assume that the model forecast (or first guess) is unbiased, this is rarely the case. Over the past decade, there
has been an increasing amount of evidence demonstrating the advantages and effectiveness of using multimodel ensembles (over
single-model ensembles) to account for model error in the prediction system (e.g., Krishnamurti et al., 1999; Weisheimer et al.,
2009). However, given technical implementation difficulties associated with inherent differences in model numerics, dynamical
coordinates, and/or (prognostic) state variables among different forecast models, multimodel ensembles have not been used for
the EnKF. Since a considerable part of the model error comes from the parameterization of subgrid-scale physical processes,
a more practical approach is to use a variety of physical parameterization schemes available in the same forecast model or a variety
of values of some parameters in a particular scheme for different members to account for model uncertainties. This multiphysics
ensemble approach has been shown to be effective in accounting for model error in both global and mesoscale ensemble forecast
systems (Meng and Zhang, 2007; Fujita et al., 2007), likely through improved ensemble mean estimates, an increased ensemble
spread, and a more effective background error covariance. With the development of more sophisticated physical schemes, how
to assign weights of various available schemes in the ensemble may become a critical issue. Besides, stochastic kinetic energy back-
scatter (Shutts, 2005) has been used as more physically based parameterization of model error (Leutbecher et al., 2007).

The uncertainty in physical parameterization schemes is closely related to the uncertainty of its parameters. Almost all param-
eters of subgrid physical parameterization schemes are empirical, due to a lack of direct observations, and could therefore have large
and unknown uncertainties. Parameter estimation is a technique in which the EnKF is used to estimate these parameters by treating
them as additional model variables and updating them through data assimilation. This technique may help improve the perfor-
mance of the EnKF via a model error correction. Since there are no direct observations or physical evidence describing the variability
of various parameters, the generation of a realistic initial ensemble for the estimated parameter is even more difficult than for stan-
dard state variables. Furthermore, not all parameters can be successfully estimated. The performance of a parameter estimation algo-
rithm depends on the correlation between the parameter and model variables and is closely related to the EnKF configuration.
Parameter estimation performance using the EnKF is also closely associated with the number of simultaneously estimated param-
eters. It was found that the estimation of a single parameter is very effective in improving the performance of the EnKF. Increasing
the number of estimated parameters inevitably leads to a decline in the improvement from parameter estimation (Aksoy et al.,
2006).

Verification

The realism of the analysis and forecast ensembles is usually verified using rank histogram (Anderson, 1996; Hamill and Colucci,
1997). A rank histogram describes the extent to which an ensemble encompasses the verifying data by ranking the verifying data in
the sorted ensemble. The reliability of an ensemble can be diagnosed by the shape of its rank histogram. A flat shape implies that the
observation can be taken as a randommember of the ensemble, and consequently the ensemble is reliable. A U-shape suggests that
the ensemble spread is insufficient, while a reversed (upside down) U-shape indicates that the ensemble spread is too large.
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Grid pointebased root mean square error (RMSE) of different variables integrated over the whole model domain is usually used
for verification for the analysis and/or forecast ensemble means of the EnKF. Due to a lack of dense, conventional mesoscale obser-
vations, verification of the LAM EnKF can be more difficult than verification of larger scale prediction systems, especially for radar
data assimilation. One way is to compare the analysis and/or forecast against radar observations that are not assimilated, but saved
specifically for assessment. The equitable threat score can be used to verify the result in terms of radar reflectivity. An alternative
metric that is more pattern-based is the reflectivity correlation coefficient between the observed and simulated reflectivity in obser-
vation space. For severe weather systems, such as hurricanes, how to choose an appropriate error metric is still an open question.
Since a small displacement of a storm center may result in a substantially large RMSE of wind, performance could be better assessed
using feature-based verification.

Nonlinearity and Non-Gaussian Errors

Though the EnKF can be used in nonlinear and non-Gaussian systems, the performance of the EnKF may be affected and ultimately
limited by these two characteristics. Variants of algorithms for highly nonlinear and non-Gaussian systems have been proposed,
such as the particle filter and its variants, the particle Kalman filter, the iterative EnKF and extended Kalman filter, the bi-
Gaussian EnKF, the quantile-conserving ensemble filters, morphing methods, ‘Running in place,’ and the ‘quasi-outer loop.’ While
the majority of these methods have only been applied for simple models, some algorithms have been adapted for high-dimensional
systems, including research and operational numerical models, with promising results. However, how to construct proper algo-
rithms to deal with high nonlinearity and non-Gaussianity in an efficient manner awaits further efforts.

Intercomparison and Hybrid With Variational Schemes

Despite many of the challenging issues discussed in the previous sections, there are several appealing advantages of the EnKF in
comparison to the variational data assimilation techniques. These advantages include: (1) The background error covariance is
flow-dependent, which reflects the errors of the day; (2) The model and observation operator can be nonlinear; (3) It provides
not only the best estimation of the state, but also the associated flow-dependent uncertainty; therefore, it can be seamlessly coupled
with ensemble forecasting; (4) There is no need to code a tangent linear or adjoint model; (5) It is easier to account for model error
due to its use of an ensemble forecast; and (6) The ensemble members can be run simultaneously, making it easy to parallelize.

Many studies have shown that the EnKF generally compares favorably with 3DVar (Meng and Zhang, 2008a, 2008b) and 4DVar
(Caya et al., 2005). Zhang et al. (2013) found that the advantage of the EnKF over both 3DVar and 4DVar becomes increasingly
more after 36-h forecast time for all prognostic variables, while the EnKF moisture forecast field is superior to both 3DVar and
4DVar at all lead times despite fitting less closely to the observations at the analysis time.

Both the EnKF and variational method have their own advantages and disadvantages. The EnKF benefits from its flow-dependent
background error covariance but suffers from rank deficiency, while the variational technique has advantages in its analysis algo-
rithm. The variational approach can more efficiently assimilate large numbers of observations and apply physical constraints on
the solution when minimizing the cost function, however, it is limited by the use of a static background error covariance matrix.
Instead of settling on one particular method, more and more efforts are devoted to the hybridization of the two approaches. A
two-way coupled assimilation scheme benefits from using the state-dependent uncertainty provided by the EnKF, while taking
advantage of the variational method from data assimilation algorithm. The EnKF/3DVar hybrid system of The Global Forecasting
System (GFS)/The National Centers for Environmental Prediction (NCEP) has been showing consistently better TC track forecast
than the operational Gridpoint Statistical Interpolation. A hybrid of EnKF with 4DVar is regarded as one of the most advanced and
most promising (as well as most computationally and technically demanding) data assimilation methods in both the research and
operational communities. Zhang et al. (2013) demonstrated that EnKF/4DVar produced considerable improvements over EnKF/
3DVar at forecast lead times of 1e2 days before they converged to similar results at longer lead times (Fig. 3). Both EnKF/
3DVar and EnKF/4DVar produced considerably better forecast than stand-alone 3DVar and 4DVar methods that relied solely on
static background error covariance.

It is important to bear in mind that a hybrid system will likely inherit issues or complexity from the component systems such as
the rank-deficiency problem in the EnKF and the use of an outer loop in 4DVar. More efforts are needed to tackle these issues in the
future. Considering the encouraging results obtained by coupling the EnKF with variational methods, several major operational
NWP centers have implemented such approaches in their global data assimilation systems such as Environment and Climate
Change Canada, Méteo-France, the European Center for Medium-Range Weather Forecasts, UK Met, Deutscher Wetterdienst
(German Weather Service), Japan Meteorological Agency, and NCEP. Similar efforts for limited area data assimilation systems
have also been tested.
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Summary

Ensemble-based data assimilation (EDA) has been more widely used in recent years due to its capability to use flow-dependent
(‘error-of-the-day’) background error covariances, incorporate nonlinear model and observation operators, provide uncertainty esti-
mations, and its ease to use and maintain. While it was first applied in convective-scale and mesoscale research, it is now adopted in
many operational global models at major NWP centers, often hybrid with variational methods. It has been successfully used to
assimilate different types of in situ and remote-sensing observations, including Doppler weather radar observations and satellite
radiance observations. However, ensemble size used by most current EDA applications is too small, which leads to sampling errors
and rank deficiency. While inflation and covariance localization techniques have been developed to combat sampling errors, more
studies are still warranted to improve our understanding of their impacts and optimal use. Additionally, how to better treat model
error, observation error, and nonlinearity and non-Gaussianity in real-world models and observations also deserve further studies.
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