VOLUME 39

e REVIEW e

SPECIAL ISSUE: CELEBRATING 100 YEARS OF ACTA METEOROLOGICA SINICA

19252025

100 Years of Publishing

Overview and Prospect of Data Assimilation in Numerical Weather Prediction

JUNE 2025

Lili LEI', Fuzhong WENG?, Wansuo DUAN?, Yaodeng CHEN*, Lin ZHANG?, Ruichun WANG?, Jun YANG?,
Xiaohao QIN®, Wei HAN?, Jun LI°, Jinzhong MIN*, Zhifang XU? Qifeng LU?, and Jiandong GONG*"

1 School of Atmospheric Sciences, Nanjing University, Nanjing 210008
2 CMA Earth System Modeling and Prediction Centre, China Meteorological Administration (CMA), Beijing 100081
3 Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing 100029

4 Key Laboratory of Meteorological Disaster of Ministry of Education, Nanjing University of Information Science & Technology,

1. Introduction

Nanjing 210044
5 National Satellite Meteorological Centre, China Meteorological Administration, Beijing 100081

(Received 23 January 2025; in final form 10 April 2025)

ABSTRACT

For numerical weather prediction (NWP), data assimilation (DA) combines short-term forecasts and various atmo-
spheric observations to achieve optimal initial conditions, based on which subsequent forecasts are launched. With
the rapid advancements in numerical models and observing systems, DA has been significantly evolved. Modern
methods now can account for uncertainties of state variables across various spatiotemporal scales, incorporate
multiscale observation error statistics, and enforce dynamical constrains and model balances. Meanwhile, observa-
tions from various platforms, such as ground-based, aircraft, and satellite, have been assimilated. These include data
from polar-orbiting and geostationary satellites, radar-derived radial winds and reflectivity, Global Navigation Satel-
lite System (GNSS) radio occultations, etc. To further utilize the advanced observing systems and DA techniques for
high-impact weather predictions, target observation strategies have been developed to identify areas where additional
observations can yield the greatest predict improvements. Based on the advancements of DA theories and methods,
China’s operational systems have made significant progress, establishing advanced operational DA systems. Over the
past decade, the forecast skill of 5-day global weather prediction has improved by approximately 15%. The article re-
views a century of development in DA, and discusses future directions, including the advanced DA methods, opera-
tional frameworks, integration of novel observations, and the synergy between DA and artificial intelligence.
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mospheric state (Daley, 1991; Kalnay, 2003; Zou, 2025).

In the early stages of DA for weather forecasting, em-

As an initial value problem, numerical weather predic-
tion (NWP) can be achieved by advancing a numerical
model, given the current state of the atmosphere, its asso-
ciated lateral boundary, and top and bottom boundary
conditions. More accurate initial conditions can lead to
improved numerical weather forecasts, while the initial
conditions are the best possible estimate of the atmo-
spheric state using all available information (Talagrand,
1997). Data assimilation (DA) is a sophisticated process
to combine the noisy observations with uncertain short-
term forecasts, resulting in the optimal estimate of the at-

pirical methods were developed, such as the interpola-
tion schemes (Panofsky, 1949; Gilchrist and Cressman,
1954), successive correction method (Cressman, 1959),
and Newton relaxation method (Hoke and Anthes, 1976).
At the same time, Chinese scholars innovatively pro-
posed to use recent historical weather data for future state
forecasting, which transformed the NWP initial value
problem into an extrapolation forecast process based on
historical weather evolutions (Koo, 1958a, b). Chou
(1974) further proposed using functional extreme value
problem with multi-time historical observations as an
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equivalent way to solve the differential equations that ap-
proximately describe the atmospheric processes, which is
the primary concept of the variational methods later de-
veloped and widely used in NWP. As numerical models
advanced, Chinese scholars deepened the theoretical
basis of DA, pointing out that NWP is an initial value
problem and also an inverse problem (Chou, 2007),
through which the initial conditions, boundary condi-
tions, and model parameters can be optimally estimated.
But challenges remain due to the ill-posed problems,
which could be solved by introducing regularization from
inverse problems to DA and adding stabilization func-
tionals to the objective functional (Huang et al., 2003).
The China Meteorological Administration (CMA) opera-
tional system initially relied on the imported DA techno-
logy. Since 2000, CMA has been dedicated to develop-
ing variational DA methods and systems, gradually es-
tablishing the operational regional three-dimensional
variational DA system (GRAPES-MESO, now CMA-
MESO) and global four-dimensional variational DA sys-
tem (GRAPES, now CMA-GFS) (Xue and Chen, 2008;
Zhang L. et al., 2019; Shen et al., 2020), which signific-
antly improves the accuracy of global operational fore-
casts (Fig. 1).

In addition to the fundamental DA theories and meth-
ods, the effective and efficient integration of observation
data into DA systems is crucial for NWP. The assimila-
tion of satellite retrievals into numerical models began in
the 1970s, marking a significant contribution to the field
of numerical forecasting (Smith et al., 1970). Since the
1990s, the direct assimilation of satellite radiances has
been made possible through advancements in fast radiat-
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ive transfer models and variational assimilation methods
(Saunders et al., 2018; Weng et al., 2020; Johnson et al.,
2023). This development has further enhanced the role of
satellite data in NWP (Eyre et al., 2020). In 2009, China’s
global/regional integrated numerical forecast model
(GRAPES) was quasi-operationally implemented, signi-
ficantly advancing the utilization of satellite data, partic-
ularly from the Fengyun (FY) series. In 2015, FY-2D
cloud motion vectors were operationally assimilated into
GRAPES, followed by the operational assimilation of
FY-3C microwave radiances and occultation data in 2016
(Li and Liu, 2016; Li G. et al., 2016; Li J. et al., 2016).
Since then, a variety of satellite observations from FY-
44/B and FY-3D/E have been operationally assimilated,
marking a significant milestone in the quantitative ap-
plication of FY satellite data. Moreover, radar data has
played an important role for monitoring and forecasting
the convective-scale weather systems. Chinese research-
ers have demonstrated the effectiveness to assimilate
radar data in improving the accuracy of forecasts for con-
vective-scale weather systems (Chen et al., 2014; Shao et
al., 2016; Chen et al., 2018; Sun et al., 2020b).

The concept of target observation (i.e., adaptive obser-
vation) strategy has refined DA by collecting and assim-
ilating additional high-quality observations in limited
“sensitive areas”, in order to improve the initial condi-
tions and then the subsequent forecasts of high-impact
weather events. To identify the sensitive areas for target
observations, Chinese scholars considered the nonlinear
nature of atmospheric and oceanic motions, and pro-
posed the conditional nonlinear optimal perturbation
(CNOP) method. The additionally collected observations
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Fig. 1.

Progress of global NWP by CMA. Monthly mean evolution of anomaly correlation coefficients (ACC) of 500-hPa geopotential height

on the 3rd, 5th, and 7th forecast day, respectively, from January 2010 to August 2024 (solid lines for Northern Hemisphere and dashed lines for

Southern Hemisphere).



JUNE 2025

based on the CNOP-identified sensitive areas have been
proved to more effectively improve the forecast of high-
impact weather events, compared to those collected upon
sensitive areas identified by traditional linear approxima-
tion methods.

This paper reviews the development of DA theories
and methods, the progress in assimilating multi-source
observations, the development of targeted observation
strategies, and advances in China’s operational DA sys-
tems for NWP. The challenges and opportunities for DA
in the context of rapid development of numerical models,
observing systems, data science, and artificial intelli-
gence are also discussed.

2. Theories and methods of DA

Along with the development of numerical models, ob-
serving systems, and computational science, the DA the-
ories and methods have evolved from early empirical ob-
jective analysis to analysis theories based on statistics,
and then to assimilation methods that incorporate atmo-
spheric dynamics. This section focuses on the DA meth-
ods that are supported by statistical theories and have
been operationally used in NWP. The nonlinear DA and
coupled DA methods that are yet to be operationally ap-
plied are discussed in the prospect.

2.1 Variational methods

Analysis methods with statistical foundations began to
develop around the 1980s. Eliassen et al. (1960) first de-
rived the multivariate optimal interpolation equations
based on observations and background fields. Sub-
sequently, the optimal interpolation (OI) method was
proposed, which seeks the optimal weight matrix in the
physical space, such as at grid points (McPherson et al.,
1979) or over finite volume elements (Lorenc, 1981). OI
utilizes estimated background error covariances based on
the differences between short-term forecasts and radio-
sonde observations (Hollingsworth et al., 1986; Thiébaux
and Pedder, 1987). Gandin (1963) independently derived
the multivariate OI equations and applied them to objec-
tive analysis in the Soviet Union. OI became the opera-
tional analysis method from the 1980s to the early 1990s.

Different from the OI that locally updates the weights
given an “influence radius”, the three-dimensional vari-
ational method (3DVar; Sasaki, 1970) uses global optim-
ization algorithms to minimize the cost function and dir-
ectly obtains the minimum of control variables. 3DVar
also has an observation-space form known as the physical-
space statistical analysis system (PSAS; Da Silva et al.,
1995), which seeks the minimum of the cost function in
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the observation (physical) space. Although 3DVar,
PSAS, and OI are equivalent in terms of their solutions
(Lorenc, 1986), 3DVar and PSAS use more general and
global background error covariances than OI, such as
those based on forecast differences at the same forecast
time (Parrish and Derber, 1992; Rabier et al., 1998).

As an extension of 3DVar, four-dimensional variational
method (4DVar; Lewis and Derber, 1985; Courtier and
Talagrand, 1990) considers temporal distributions of ob-
servations within an assimilation window (Daley, 1991)
and can implicitly account for temporal evolutions of
background error covariances (Thépaut et al., 1993). To
efficiently obtain the optimal solution, 4DVar can be ex-
pressed in an incremental form (Courtier et al., 1994;
Lorenc, 1997), by which the optimal perturbation relat-
ive to a reference state rather than the whole optimal state
is solved, and the solving process can be accelerated
through the “preconditioning” (Parrish and Derber, 1992;
Derber and Bouttier, 1999). Strong-constrain 4DVar as-
sumes the model being perfect (Sasaki, 1970), and the
perfect-model assumption can be relaxed by model error
corrections (Derber, 1989; Zupanski, 1993) or model er-
ror representation using weak constraints (Bennett, 1992;
Egbert et al., 1994; Bennett et al., 1996). When the model
is perfect and the background error covariances at the ini-
tial time are accurate, the analysis of 4DVar at the end of
the assimilation window is equivalent to that of the gen-
eralized Kalman filter (Lorenc, 1986). Since the mid-
1990s, 3DVar and 4DVar have become mainstream oper-
ational DA methods.

2.2 Ensemble Kalman filters

Both OI and 3DVar methods use static background er-
ror covariances, but “errors of the day” reveal the import-
ance of flow-dependent background error covariances
(Kalnay et al., 1997). Kalman filter (KF; Kalman, 1960;
Kalman and Bucy, 1961) uses background error covari-
ances that evolve with the numerical model over time,
which establishes the mathematical framework for four-
dimensional DA. Extended Kalman filter (EKF; Ghil et
al., 1981; Daley, 1995), as an extension of KF to nonlin-
ear models, can provide the best linear unbiased estimate
(BLUE) for the state and its error covariances. EKF is
considered the “gold standard” of DA, but it requires
massive computations due to the update of background
error covariances based on linear model matrices.

Ensemble Kalman filter (EnKF; Evensen, 1994;
Houtekamer et al., 1996) uses the Monte Carlo method to
estimate the background error covariances based on
samples of ensemble forecasts, which can be seen as a
simplified EKF. EnKF can approximate the KF’s analysis
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solution and is suitable for high-dimensional dynamical
systems, while providing ensemble initial conditions for
subsequent ensemble forecasts (Houtekamer et al., 2005,
2014). The original EnKF is a stochastic one, by use of
perturbed observations for each ensemble member to
achieve consistent analysis and associated error covari-
ances (Burgers et al., 1998; Houtekamer and Mitchell,
1998). To avoid sampling errors caused by perturbing
observations, deterministic EnKFs have been proposed,
such as the ensemble adjustment Kalman filter (EAKF;
Anderson, 2001), ensemble square-root filter (EnSRF;
Whitaker and Hamill, 2002), and local ensemble trans-
form Kalman filter (LETKF; Bishop et al., 2001; Hunt et
al., 2007). Deterministic EnKFs solve for optimal Kal-
man gains using the analysis error covariances and
achieve equivalent solutions without covariance localiza-
tion (Tippett et al., 2003). As an extension of EnKF, en-
semble Kalman smoother (EnKS; Evensen and van
Leeuwen, 2000) further assimilates future observations to
update the analysis of EnKF based on temporal sample
correlations.

EnKF faces the challenges of filter divergence, espe-
cially when it is applied to high-dimensional dynamical
systems, due to limited ensemble sizes, model errors, and
linear correlations. One way to combat the filter diver-
gence is covariance localization (Hamill, 2001; Ander-
son, 2012), which is typically a function of the distance
between observations and model variables (Gaspari and
Cohn, 1999). Covariance localization can be implemen-
ted through the background error covariance matrix
(Houtekamer and Mitchell, 2001; Lei et al., 2018) or the
observation error covariance matrix (Hunt et al., 2007).
The localization function varies with observation types
(Zhang et al., 2009a; Lei and Anderson, 2014b), state
variable kinds (Kang et al., 2011; Lei et al., 2015), and
assimilation times (Anderson, 2007; Chen and Oliver,
2010). Thus, adaptive localization methods have been de-
veloped (Bishop and Hodyss, 2009; Lei and Anderson,
2014a; Zhen and Zhang, 2014; Flowerdew, 2015; Lei et
al., 2020). Another approach to address the filter diver-
gence is covariance inflation (Anderson and Anderson,
1999; Houtekamer and Mitchell, 2005). It can be imple-
mented by empirically or adaptively multiplying the en-
semble perturbations (Anderson, 2009; Miyoshi, 2011;
El Gharamti, 2018), increasing posterior ensemble per-
turbations relative to prior ensemble perturbations or prior
ensemble spread (Zhang et al., 2004; Whitaker and
Hamill, 2012; Ying and Zhang, 2015), or augmenting ad-
ditive noises (Wang et al., 2013; Yang et al., 2015), par-
ticularly accounting for model uncertainties (Buizza et
al., 1999; Berner et al., 2009; Ha et al., 2015; Zeng et al.,
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2020). Since the early 2000s, EnKF has been operation-
ally wused at Environmental Canada and NCEP
(Houtekamer and Mitchell, 2005; Whitaker et al., 2008).

2.3 Hybrid ensemble-variational methods

The static background error covariance matrix used by
the variational methods is full rank, but unable to cap-
ture the “errors of the day”. On the other hand, EnKF
constructs flow-dependent background error covariance
matrix using short-term ensemble forecasts, but the flow-
dependent one is often rank-deficient and affected by
sampling errors and model errors. Thus, hybrid en-
semble-variational methods that combine the advantages
of variational methods and EnKFs have been developed.
The hybrid ensemble-variational method can directly
combine the static and flow-dependent background error
covariance matrices (Hamill and Snyder, 2000), to mitig-
ate the impact of rank deficiency and sampling errors in
the flow-dependent background error covariances (Wang
et al., 2008, 2013; Zhang et al., 2009b; Kleist and Ide,
2015a, b). The static background error covariances can
also be incorporated into the EnKF to represent model er-
rors (Meng and Zhang, 2008). Ensemble-4DVar
(End4DVar; Lorenc, 2003; Bonavita et al., 2012) embeds
the flow-dependent background error covariances into
the cost function of the variational method through the
alpha control vector, which is equivalent to directly com-
bining the static and flow-dependent background error
covariances (Wang et al., 2007). En4DVar outperforms
either standalone 4DVar or EnKF (Zhang et al., 2009b;
Buehner et al., 2010a, b).

Compared to En4DVar, the 4D ensemble-variational
method (4DEnVar; Liu et al., 2008) captures the temporal
evolution of error covariances based on ensemble fore-
casts, eliminating the need for tangent-linear and adjoint
models. Similar to 4DEnVar, the dimension-reduced pro-
jection 4DVar (DRP-4DVar; Wang et al., 2010; He et al.,
2017) and the nonlinear least-squares ensemble 4DVar
(NLS-En4DVar; Tian and Feng, 2015; Tian et al., 2018)
have been proposed. However, 4DEnVar cannot account
for the evolution of static background error covariances
within the assimilation window (Wang and Lei, 2014)
and struggles to handle time-varying localization (Bishop
and Hodyss, 2009). Consequently, 4DEnVar is inferior to
En4DVar (Lorenc et al.,, 2015; Poterjoy and Zhang,
2015, 2016).

Unlike the hybridization of static and flow-dependent
background error covariances, the hybrid gain approach
(Penny, 2014) mixes the analyses from the variational
method and EnKF. The hybrid gain approach also out-
performs the standalone EnKF and 4DVar with static
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background error covariances (Bonavita et al., 2015).
Since the early 2010s, the hybrid ensemble 4DVar has
been operational at centers such as ECMWF and the Met
Office (Bonavita et al., 2012; Clayton et al., 2013).
4DEnVar has later been implemented at operational cen-
ters of Canada, the U.S., and so on (Buehner et al., 2015;
Caron et al., 2015; Kleist and Ide, 2015b).

Hybrid ensemble-variational methods require a vari-
ational system and an EnKF system, but inconsistencies
between the two systems could result in suboptimal ana-
lyses. The ensemble variational integrated localized
method (EVIL; Auligné et al., 2016) constructs the en-
semble analyses using the analysis error covariances
from the variational solution, to avoid the need for an en-
semble framework. The integrated hybrid ensemble-vari-
ational method (IHEnKF; Lei et al., 2021) approximates
the static background error covariances by a large size of
climatological perturbations, and achieves the solutions
of hybrid ensemble-variational and hybrid gain methods
within a pure ensemble framework. Moreover, IHEnKF
can update the ensemble perturbations by the hybrid
background error covariances, which leads to superior
ensemble analyses than the traditional hybrid ensemble-
variational methods.

2.4 Multi-scale and balanced DA

The atmospheric state and its evolution span multiple
spatial and temporal scales, and multi-source observa-
tions also capture information cross different scales.
Thus, multiscale DA methods have been proposed to ef-
fectively use the multi-source observations to constrain
the multiscale atmospheric state. Multiscale DA meth-
ods can be iteratively and sequentially implemented. Ob-
servations representing large scales (e.g., conventional
observations) are first assimilated using a broad localiza-
tion lengthscale; then small-scale observations (e.g.,
radar data) are assimilated with a tight localization
lenghscale, aiming to effectively extract information
from observations at different scales (Zhang et al.,
2009a; Xie et al., 2011; Sodhi and Fabry, 2022). Altern-
atively, all observations can be assimilated using differ-
ent localization lengthscales, and the final analysis is
constructed by combining the analysis increments with
various localization lengthscales (Miyoshi and Kondo,
2013). Different from the iterative assimilation methods,
multiscale DA can be performed in a single step within
the ensemble-variational framework or pure ensemble as-
similation framework. Different localization lengthscales
are applied to the background error covariances at differ-
ent scales, and then the multiscale state variables are sim-
ultaneously updated by the multi-source observations
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across all resolvable scales (Buehner, 2012; Buehner and
Shlyaeva, 2015; Wang X. G. et al., 2021; Wang and
Wang, 2023).

When the numerical models use the analyses pro-
duced by DA methods as initial conditions to advance,
they face “insertion noises” or “initialization shocks”.
Thus, balanced DA is required to minimize the insertion
noises caused by unbalanced initial conditions, which
could results in spurious gravity waves and adversely af-
fect subsequent forecasts (Temperton and Roch, 1991). It
is straightforward for 4DVar to include balance con-
straints in the cost function. However, intermittent EnKF
faces the issue of imbalances, and then continuous EnKF
that transforms the intermittent EnKF to a continuous
form has been proposed (Bergemann and Reich, 2010;
Lei et al., 2012). Moreover, to mitigate the initialization
shocks, EnKF can utilize shorter assimilation windows
(He et al., 2020; Slivinski et al., 2022), or leverage addi-
tional current observations to obtain more accurate past
initial conditions (Kalnay and Yang, 2010). There have
been general initialization methods, such as the digital
filter that eliminates rapid oscillations (Lynch and
Huang, 1992), the incremental analysis update that pre-
serves large-scale analysis increments (Bloom et al.,
1996), and the four-dimensional incremental analysis up-
date that retains the evolution of both large- and small-
scale increments within the assimilation window (Lorenc
et al., 2015; Lei and Whitaker, 2016).

3. Multi-source atmospheric observations

3.1 Satellite data

Over the past five decades, the role of satellite DA in
NWP has grown significantly. Following the launch of
the “Nimbus 3” satellite in April 1969, which carried the
first temperature detector, the retrieval products from the
Satellite Infrared Spectrometer (SIRS) were first “incor-
porated” into the objective analysis of the U.S. National
Meteorological Center and had a significant impact on
the analyses in the Pacific region and the forecasts across
the U.S. (Smith et al., 1970). Subsequently, a series of in-
ternational experiments on satellite product assimilation
were conducted (Atkins and Jones, 1975; Desmarais et
al., 1978; Druyan et al., 1978; Kelly et al., 1978; Gil-
christ, 1982; Uppala et al., 1984). However, due to the
low vertical resolution of satellite data and relatively
large temperature retrieval errors of 2-3 K, the assimila-
tion experiments during this period generally had a neut-
ral impact on forecasts, with a more pronounced effect in
the Southern Hemisphere (Ohring, 1979). Eyre and
Lorenc (1989) pioneered the direct assimilation of the ra-
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diative brightness temperature observed by satellites in
NWP, successfully integrating the radiative information
from the Television Infrared Observation Satellite Pro-
gram (TIROS) vertical sounding through one-dimensional
variational assimilation (Eyre et al., 1993). In October
1995, the NCEP (Derber and Wu, 1998) and in January
1996, the ECMWF (Andersson et al., 1994; McNally and
Vesperini, 1996; Saunders et al., 1997) led the way in
directly assimilating satellite radiances using 3DVar.
ECMWEF further advanced this by adopting direct satel-
lite DA in 4DVar in November 1997. Subsequently, other
operational centers successively directly assimilated radi-
ances in 3DVar and 4DVar systems (Chouinard et al.,
2002; Joo and Lee, 2002; Okamoto et al., 2002; Li J. et
al., 2016).
3.1.1 Fast radiative transfer model

The fast radiative transfer model quickly maps the at-
mospheric state variables to the observed quantities,
serving as an observation forward operator. It mainly
consists of an atmospheric gas absorption module, a
particle scattering module, a surface emissivity module, a
radiative transfer solution module, and the correspond-
ing tangent linear and adjoint modules. Currently, three
fast radiative transfer models are widely used in satellite
DA for NWP: the Radiative Transfer for the TIROS Op-
erational Vertical Sounder (RTTOV) model developed
by the European Organisation for the Exploitation of
Meteorological Satellites (EUMETSAT) (Saunders et al.,
2018), the Community Radiative Transfer Model
(CRTM) model developed by the NOAA of the U.S.
(Johnson et al.,, 2023), and the Advanced Radiative
Transfer Modeling System (ARMS) model developed by
the CMA (Weng et al., 2020; Yang et al., 2020). ARMS,
a fast radiative transfer model independently developed
by China, has replaced RTTOV in CMA-GFS since
2023. Its innovations are mainly reflected in the follow-
ing aspects. (1) A calculation scheme for atmospheric
transmittance coupled with the real spectral response
function, effectively enhancing the simulation accuracy
of microwave channels (Kan et al., 2024). (2) A scatter-
ing database for non-spherical cloud particles and aero-
sol particles based on the 7-matrix and the Discrete Di-
pole Approximation (DDA) methods, supporting all-sky
satellite DA (Yang et al., 2020). (3) A polarized Bidirec-
tional Reflectance Distribution Function (pBRDF) based
on a two-scale ocean roughness model, improving the
physical mechanism of the bidirectional reflection at the
sea—air interface and enhancing the simulation of the
satellite radiative transfer with integrated active and pass-
ive sensors (He and Weng, 2023). (4) An improved phys-
ical model of microwave land surface emissivity
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(LandEM) and the development of the Chen—Weng
rough surface reflectivity model, increasing the estima-
tion accuracy of complex surface emissivity (Liu et al.,
2024). (5) Refinement of the discrete ordinate radiative
transfer theory, overcoming assumptions and depend-
ences on the azimuthal symmetry property in atmospheric
scattering and surface reflection process, and developing
a general vector radiative transfer solution scheme
(VDISORT) for simulating Stokes vector radiation of
satellites across the full spectrum range (Zhu et al.,
2024).

3.1.2  Infrared radiance DA

Due to the spectral limitations and challenges in as-
similating radiative quantities in cloud areas (Li et al.,
2022a), infrared radiance DA mainly focuses on the dir-
ect assimilation of clear-sky radiances or radiances with
partial cloud cover. For clear-sky radiances, precise
cloud detection is essential. The clear-sky channel cloud
detection scheme sorts the channels to determine cloud
top height and assimilates channels above the cloud top,
improving utilization of the satellite data (McNally and
Watts, 2003). For assimilating infrared sounding with
partial cloud cover, Li et al. (2005) proposed the “optimal
cloud clearing” technique, converting partially cloud-
covered infrared sounding into equivalent clear-sky radi-
ative quantities, effectively improving the utilization rate
of infrared sounding data in rain and cloud areas and im-
proving tropical cyclones forecasts (Wang P. et al., 2014,
2017). To address challenges in directly assimilating the
infrared radiances in rain and cloud areas, Jones et al.
(2013) and Chen et al. (2015) successfully assimilated
satellite cloud water and cloud ice path products re-
trieved from visible and near-infrared soundings by us-
ing the EnKF and variational methods, respectively.
Meng D. M. et al. (2019) introduced hydrometeors into
the extended control variables and achieved the hybrid
assimilation of infrared retrievals in cloudy areas.

In addition, techniques such as channel correlation
processing and principal component analysis have been
developed to optimized channel assimilation, addressing
the computational costs and spectral-related observational
errors of infrared hyperspectral data (Rabier et al., 2002;
Collard, 2007; Matricardi and McNally, 2014; Zhou et
al., 2024). Typically, about 200 channels per instrument
are assimilated, which also avoids spectral regions af-
fected by trace gases like ozone. CMA-GFS currently has
the ability to assimilate the infrared hyperspectral data of
China’s polar-orbiting and geostationary satellites, such
as FY-3D/E HIRAS (Liu and Xue, 2014), FY-44/B
GIIRS (Yin et al., 2020, 2021; Han et al., 2023), and is
also capable of assimilating the infrared hyperspectral
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data such as METOP-B/C 1ASI (Li G. et al., 2016) and
NOAA 20 CRIS in real time. In addition, infrared imager
data, including FY-2 VISSR, FY-44/B AGRI (Wang et
al., 2018), H8/H9 AHI and GOES-18 ABI data, etc., have
also achieved operational application in CMA-GFS.

3.1.3  Microwave radiance DA

Among numerous satellite instruments, microwave
sounding data can penetrate the cloud and rain, and
provide information on the vertical distribution of atmo-
spheric temperature and water vapor over the whole sky
and the entire surface, significantly improving the fore-
casting accuracy (Bormann et al., 2019; Li et al., 2024;
Luo et al., 2025). In 2009, ECMWF implemented the
world’s first operational assimilation system for all-sky
satellite data (Bauer et al., 2010). Subsequently, satellite
DA techniques in rain and cloud areas were successively
applied to the operational models of the Japan Meteoro-
logical Agency and NCEP (Okamoto et al., 2014; Zhu et
al., 2014). Initially, ECMWF adopted an indirect assimil-
ation strategy of 1D—-4DVar for rain and cloud areas. For
satellite observations affected by rain and clouds, the
temperature and humidity in the background field were
used as the first guess values. Through 1DVar, the total
water vapor content (TWPC) corresponding to satellite
data was retrieved, and then TWPC was taken as a virtual
observation and assimilated by 4DVar (Geer et al.,
2008). Since 1DVar can retrieve the atmospheric state
matching the rain and cloud conditions of satellite obser-
vations, it can avoid the mismatch between the back-
ground and observations under the cloudy and rainy con-
ditions. Meanwhile, it can also conduct all-sky quality
control through 1DVar without the need to adopt a com-
plex cloud detection scheme. However, the TWPC re-
trieved by this method has already implied the humidity
information of the background field, and false observa-
tion increments will be generated when it is sub-
sequently brought into 4DVar to update the background
(Geer et al., 2010). Therefore, this method was later re-
placed by the direct all-sky assimilation at ECMWF
(Bauer et al., 2010; Geer et al., 2010). CMA-GFS has
also successfully carried out the all-sky assimilation of
FY satellite microwave imager, significantly improving
global water vapor analyses and forecasts (Xie et al.,
2023). In the past decade, the most important progress in
satellite DA in NWP has been the DA techniques under
the influence of clouds and precipitation (Geer et al.,
2018).

Microwave radiance assimilation affected by surface
conditions has also gained attention. Accurate surface
emissivity estimation is crucial, with methods including
physical model method, statistical model method, and
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dynamic inversion method (Tian et al., 2015). The phys-
ical model method aims to establish a numerical model
based on the physical relationship between surface
emissivity and various surface parameters (such as sur-
face type, vegetation parameters, and soil parameters.).
However, its calculation accuracy depends on the accur-
ate estimation of a large amount of input information of
surface parameters, which is difficult to obtain, hinder-
ing the wide application of this method (Weng et al.,
2001). The statistical model method refers to using the
historical data set of surface emissivity as the empirical
or semi-empirical estimated value of the actual instantan-
eous emissivity, such as the TELSEM data set (Aires et
al., 2011) and the CNRM data set (Karbou et al., 2010).
This type of method is easy to use, but the historical stat-
istical data set is difficult to represent the current instant-
aneous emissivity state and cannot estimate the temporal
changes of surface features or spatial changes of surface
features at the sub-pixel scale. The dynamic inversion
method refers to obtaining the surface emissivity given
observed brightness temperature by calculating the up-
ward and downward radiation of the atmosphere, as well
as the atmospheric transmittance and surface temperat-
ure (Karbou et al., 2006). This method not only has
strong usability but also can consider the dynamic
changes of emissivity under complex conditions, so it has
been widely used in the assimilation of land surface mi-
crowave data (Krzeminski et al., 2009; Baordo and Geer,
2016; Xiao et al., 2023b). Based on the dynamic inver-
sion method, the CMA-GFS model has successfully
achieved the operational assimilation of the near-surface
channels of the AMSU data on land, significantly im-
proving global lower atmosphere analyses and forecasts,
particularly in the Northern Hemisphere (Xiao et al.,
2023b).
3.1.4  From dual-satellite constellation to
three-satellite constellation

Joo et al. (2013) found that 64% of the reduction in
numerical forecast errors of NWP was contributed by
satellite observations, with polar-orbiting meteorological
satellites contributing approximately 90% of this reduc-
tion. Before 2010, the international polar-orbiting met-
eorological satellites operated in a dual-satellite constel-
lation (“AM” satellite and “PM” satellite). Recognizing
the limitations of the dual-satellite system could not
provide complete global coverage within the 6-h assimil-
ation window of the global NWP model, the World Met-
eorological Organization (WMO) proposed a three-satel-
lite constellation model (“Dawn”, “AM”, and “PM”) in
2009. In 2014, the CMA clearly stated the plan to launch
the “Dawn” satellite in the feasibility study report for the
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third batch of FY-3 satellites. In 2021, FY-3E was suc-
cessfully launched, and the Chinese researchers realized
that the observation system of the three-satellite constel-
lation could effectively make up the observation gap of
polar-orbiting satellites within the 6-h assimilation win-
dow (Zhang et al., 2022). The observation data of FY-3E
have been applied not only in China’s NWP operational
system (Li et al., 2024), but also in the operational mod-
els of many organizations such as the ECMWF, the Met
Office, the Japan Meteorological Agency (JMA), and the
Korea Meteorological Administration (KMA), ensuring
global observation needs for NWP (Zhang et al., 2024).

3.2 Radar data

Radar data has high temporal and spatial resolutions,
allowing it to capture fine information for convective-
scale weather systems. Proper utilization of radar data
can significantly improve the dynamical and microphys-
ical characteristics of convective weather systems in the
initial conditions. Thus, the effective assimilation of
radar observations is one of the key factors in improving
convective-scale NWP (Wan et al.,, 2005; Sun et al.,
2014; Sun et al., 2020b).

3.2.1 Radar observation operators

Traditional Doppler weather radar detects variables
mainly including the radial wind and reflectivity. Radial
wind represents important dynamical features of the in-
ternal structure of convective-scale weather systems,
while reflectivity contains microphysical information
about these systems. Radar radial wind has been widely
used in various DA systems, including the VDRAS
4DVar system (Sun and Crook, 1997), ARPS 3DVar sys-
tem (Gao et al., 1999), WRFDA system (Xiao et al.,
2005), and GRAPES 3DVar system (Liu et al., 2010).
But conventional radial wind observation forward operat-
ors only introduce information of radial wind, and could
be insufficient to analyze tangential wind. Based on the
assumption of a uniform wind field within the regional
azimuth, Luo et al. (2014) incorporated radar radial wind
speed and its spatial variations into the radial wind for-
ward operator, enabling the analysis of tangential wind
information during radial wind assimilation. This radial
wind forward operator was introduced into both the GSI
(Chen et al., 2017) and GRAPES (Ma et al., 2016) assim-
ilation systems.

Compared to radial wind forward operators, reflectiv-
ity observation forward operators are more complex.
Early studies established reflectivity forward operators
based on the empirical relationship between reflectivity
and rainfall (Sun and Crook, 1998; Xiao and Sun, 2007).
Tong and Xue (2005) and Gao and Stensrud (2012) fur-
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ther incorporated ice-phase particles such as snow and
hail, developing reflectivity forward operators based on
the Lin microphysical parameterization scheme, and im-
plemented direct assimilation of reflectivity within the
EnKF and variational frameworks. Similarly, Hawkness-
Smith and Simonin (2021) constructed reflectivity for-
ward operators to achieve direct assimilation of reflectiv-
ity within the Met Office assimilation system. Liu et al.
(2022) introduced raindrop number concentration based
on the Thompson microphysics scheme, developing a re-
flectivity forward operator for 2-moment hydrometeors.
However, reflectivity observation forward operators re-
main somewhat empirical, and the associated errors are
relatively large.

Jung et al. (2008b) estimated the backscatter cross-
section parameters of various precipitation particles us-
ing the T-matrix algorithm, developing a more accurate
forward reflectivity forward operator and achieving suc-
cessfully assimilated reflectivity in an EnKF. Following
Jung et al. (2008a), Wang and Liu (2019) developed the
tangent linear and adjoint operators to perform direct re-
flectivity assimilation within a variational framework.
Zeng et al. (2013; 2014) and Jerger (2013) incorporated
different physical aspects into the reflectivity forward op-
erator, developing a three-dimensional reflectivity for-
ward operator. Wang and Liu (2019) further developed a
forward reflectivity observation operator for ice-phase
particles based on Jung et al. (2008a), parameterizing re-
flectivity as a rapid polynomial relationship for the
mixed ratio. These more complex and accurate reflectiv-
ity forward operators significantly reduce the errors from
forward operators, leading to better assimilation of radar
reflectivity.

In addition, many studies have focused on developing
radar observation forward operators. Jung et al. (2008a)
implemented a polarization radar data simulator, which
uses spherical particles to represent hydrometeors and
calculates spectral properties with either online Rayleigh
approximations or offline lookup tables (Mishchenko et
al., 1994). This polarization radar data simulator has been
applied to low-frequency S-band, C-band, and X-band
radar. Wolfensberger and Berne (2018) developed a
cross-platform polarimetric radar observation forward
operator, which includes hail particle radar simulations
and represents all hydrometeor particles as uniform
spherical bodies. Oue et al. (2020) developed a cloud-
resolving model radar simulator that can simulate both
polarimetric radar and lidar observations, though it is
currently limited to ground platforms and does not expli-
citly handle melting particles. Zhejiang University (ZJU-
AERO, Xie et al., 2024) designed an accurate and effi-
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cient radar observation forward operator that incorpor-
ates scattering calculations for hydrometeors and con-
structs an optical property database, allowing it to handle
non-spherical and inhomogeneous hydrometeor particles
in the atmosphere.

3.2.2  Conventional radar DA

Radial wind observations contain important dynamical
features of convective-scale weather systems and provide
crucial tools for monitoring and studying convective-
scale weather systems (Xu, 2003; Liang, 2007; Yang et
al., 2008). Assimilation of radar radial wind is relatively
mature and can significantly improve analyses and fore-
casts of convective-weather systems (Gao et al., 2004; Li
et al., 2012; Zhu et al., 2013; Chen et al., 2014; Shao et
al., 2016; Chen et al., 2019; Mu et al., 2019; Chen et al.,
2025).

Comparing to assimilation of radial winds, the assimil-
ation of reflectivity is more complex. Current methods of
radar reflectivity assimilation are generally divided into
two categories: direct and indirect assimilation. Direct as-
similation projects model state variables into the observa-
tion space, directly comparing the background with the
observed reflectivity. The innovation and associated un-
certainties are used for assimilation and lead to the ana-
lysis. Direct assimilation of radar reflectivity has been
applied effectively (Sun and Crook, 1997; Tong and Xue,
2005; Sheng et al., 2006).

However, direct assimilation of radar reflectivity us-
ing variational methods also faces challenges. When the
background hydrometeor content is low, the gradient of
the observation term in the cost function can be large,
which often prevents effective convergence of the min-
imization. The nonlinear reflectivity forward operator is
difficult to construct, often resulting in unrealistic hydro-
meteor analyses (Wang et al., 2013a, b; Liu C. S. et al.,
2019). Incremental variational assimilation improves the
nonlinearity of the reflectivity forward operator through
multiple outer loops, but with increased computational
cost. Compared to variational methods, EnKFs can use
nonlinear forward operators of radar reflectivity (Lan et
al., 2010a, b; Yussouf and Stensrud, 2010), thereby ef-
fectively use reflectivity observations with complex mi-
crophysical processes. However, nonlinear forward oper-
ators do not satisfy the assumption of Gaussian error dis-
tributions of EnKFs, and thus, suboptimal solutions are
obtained, especially for dense and strongly nonlinear re-
flectivity observations. Moreover, the EnKF is also af-
fected by sampling errors and model errors (Liu et al.,
2020).

Background error covariances play a crucial role in
convective-scale DA, and appropriate background error
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covariances can lead to more coherent analyses (Chen et
al., 2013, 2022; Zheng et al., 2023). Wang and Wang
(2021) developed static background error covariances in-
cluding hydrometeor control variables, which are incor-
porated into a hybrid ensemble-variational framework,
leading to improved supercell predictions than ensemble-
based background error covariances. Furthermore, assimi-
lating radar reflectivity with hydrometeor-included back-
ground error covariances can significantly improve ther-
modynamic conditions and heavy rainfall forecasts, due
to the vertical and multivariable correlations (Zheng et
al., 2023).

To avoid linearization errors caused by the nonlinear
reflectivity forward operator during direct assimilation,
many studies and operational systems often use indirect
assimilation for radar reflectivity. In indirect assimila-
tion, the radar reflectivity is first inverted into model
variables during the assimilation process, where the type
and proportion of hydrometeors are determined using the
prior temperature, and then these inverted model vari-
ables are assimilated (Wang et al., 2013a). Some studies
have proposed a new background-dependent hydromet-
eor inversion method, which updates the type and pro-
portion of hydrometeors in real time based on the back-
ground characteristics. This improves reflectivity assim-
ilation and enhances weather forecasts (Chen et al., 2020,
2021; Huang J. et al., 2022). The indirect assimilation
method avoids constructing tangent linear and adjoint op-
erators for reflectivity observation operators, improving
the mathematical conditions for solving the cost function,
while having relatively lower computational costs com-
pared to direct assimilation. As a result, it is widely used
in various studies and operational systems (Fan et al.,
2013; Lai et al., 2020; Zhang L. et al., 2019).

3.2.3 Dual-polarization radar data assimilation

In recent years, several countries, including China,
have started upgrading their dual-polarization radar net-
works (Wu et al., 2018). Dual-polarization radar can im-
prove the identification the phase state characteristics of
hydrometeors, and the effective use of dual-polarization
radar data can improve microphysical initial conditions,
such as hydrometeor content (Zhao et al., 2019). Assimil-
ation of dual-polarization radar observations has made
progress. Chinese researchers have developed dual-polar-
ization observation forward operators based on single-
and double-moment microphysical schemes and directly
assimilated simulated dual-polarization radar observa-
tions using EnKFs (Jung et al., 2008a, b; Xue et al.,
2010). Further, Putnam et al. (2019) used an EnKF to as-
similate real dual-polarization radar observations, lead-
ing to improved analyses and forecasts of polarimetric
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quantities, although their assimilation was limited to ho-
rizontal reflectivity factor and differential reflectivity be-
low 2 km.

The EnKF is constrained by the limited size of the en-
semble, which complicates the accurate estimation of
background error covariances due to rank deficiencies.
Additionally, it encounters challenges related to imbal-
ances in analyses and model errors. Consequently, re-
search on dual-polarization radar assimilation based on
variational methods has also been carried out. Li et al.
(2017) conducted case studies of single-station dual-po-
larization radar DA using variational methods, and their
results showed that additional assimilation of differential
reflectivity and specific differential phase could further
improve reflectivity analyses and forecasts. Variational
methods require the construction of tangent linear and
adjoint operators for dual-polarization observations. To
establish more reasonable tangent linear and adjoint op-
erators, Kawabata et al. (2018) constructed the tangent
linear and adjoint operators for dual-polarization obser-
vations based on liquid-phase particles, and Wang et al.
(2019) developed the tangent linear and adjoint operat-
ors for horizontal/vertical reflectivity, including ice-
phase particles.

3.3 Other types of observations

The radio occultation technique is regarded as one of
the most promising means in current atmospheric detec-
tion. It can provide information on the neutral atmo-
sphere and ionosphere with global distribution over the
whole sky. In particular, the “Constellation Observing
System for Meteorology, lonosphere, and Climate (COS-
MIC)” implemented in 2006 created conditions for the
operational application of occultation DA. For the assim-
ilation of occultation data, the most suitable assimilation
quantities are the bending angle and refractivity and there
are two kinds of forward operator, namely one-dimen-
sional or two-dimensional. Currently, nearly all the ad-
vanced global operational centers have assimilated oc-
cultation data, indicating the importance of occultation
data for NWP (Healy et al., 2005; Poli et al., 2009; Liu
and Xue, 2014). The CMA-GFS model started to opera-
tionally assimilate occultation data in 2009. The assimil-
ated quantity is the refractivity with height ranging from
1 to 50 km. The CMA-GEFS achieved a relatively earlier
assimilation of FY-3D GNOS occultation refractivity
(Wang et al., 2020). Occultation data have always played
an important role in the numerical prediction system of
CMA, with the contribution to the 24-h forecast error al-
ways ranked among the top three in CMA-GFS.

Atmospheric motion vectors (AMV) are one of the
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satellite data that were among the earliest usage in DA.
Even with a large amount of satellite data assimilated by
the DA system, the role of AMV in improving NWP re-
mains non-negligible (Forsythe et al., 2007). In the past
decade, satellite wind retrieval algorithms have achieved
remarkable progress in aspects such as the selection of
tracer representative pixels and height assignment (Xu,
2020). In particular, due to the improvements of the se-
lection of motion representative pixels and the estima-
tion of translucent cloud height for FY satellite cloud
motion winds (Zhang et al., 2017a, b), the cloud motion
wind data of FY-2E had reached the level of similar in-
ternational products as early as 2011 (Salonen and Bor-
mann, 2015). Compared to other observation means, the
errors of AMV are still relatively large. In particular, the
error in specifying the height of clouds makes the height
of the atmospheric motion represented by AMV highly
uncertain. The thousands of channels in the vertical of
the FY-44 GIIRS have brought new opportunities for the
height assignment of the three-dimensional wind field.
Studies have shown that the three-dimensional horizontal
wind field can be effectively retrieved in clear-sky and
partially cloudy areas (Ma et al., 2021; Li et al., 2022b),
and reasonable assimilation of three-dimensional dynamic
information has a positive effect on the track and intens-
ity forecasts of typhoons (Meng et al., 2024).

A scatterometer is a spaceborne radar that measures
the backscatter of the sea surface from multiple direc-
tions, from which the wind direction and wind speed of
the sea surface can be derived (Stoffelen and Anderson,
1997). Satellites measure a set of backscatter values in
different directions for the same sea surface area, but
these can correspond to multiple different wind direc-
tions, thus bringing new problems to DA. Currently,
when assimilating the scatterometer data, one wind direc-
tion closest to the background is generally selected from
several possible wind directions. There are also cases
where the wind speeds of multiple different wind direc-
tions are assimilated simultaneously, allowing the assim-
ilation system to provide adaptive weights. In 2022, the
assimilation of the scatterometer wind data of China’s
HY-2B satellite was achieved in the CMA-GFS 4DVar,
significantly improving the analyses in the lower tropo-
sphere over the ocean surface (Wang et al., 2023).

In 2018, the European Space Agency (ESA) success-
fully launched the world’s first spaceborne wind lidar
satellite, i.e., ADM-Aeolus. 1t can provide high spatial
and temporal resolutions and near-real-time global radial
wind speed information with vertical resolutions ranging
from 0.25 to 2 km from the ground to 30 km. In 2022,
the operational application of Aeolus data was achieved
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for the first time in CMA-GFS. The assimilation of Aeol-
us data can significantly reduce the wind analysis errors
in the tropics and the Southern Hemisphere. In the trop-
ics, the reduction in the average error (compared with
ERAS) can reach 10%. The forecast improvements for
the first three days in the Northern Hemisphere, South-
ern Hemisphere, and tropics are relatively significant,
and the prediction contribution in the East Asian region
is neutral.

Additionally, China’s ground-based automatic weather
station network has developed since 2008, reaching ap-
proximately 70,000 stations by 2023. High spatiotemporal
resolution ground-based observations have become one
of the key observation types of CMA-MESO. However,
due to China’s complex terrain, including the “Roof of
the World” with an average elevation above 4000 m,
plateaus such as the Yunnan—Guizhou Plateau, the Loess
Plateau, and the Sichuan Basin with average elevations
between 1000 and 2000 m, as well as hills and plains be-
low 1000 m, there are significant height differences
between the relatively smooth model terrain and the actual
terrain of observation stations. Studies by Xu et al.
(2006, 2007, 2009) have shown that failing to effectively
resolve the height differences between the model and sta-
tions can negatively impact the assimilation of surface
data. Therefore, Xu et al. (2021, 2023) developed DA
schemes for 2-m relative humidity and temperature ob-
servations in complex terrain within the CMA-MESO
3DVar. These schemes improved both the quantity and
quality of assimilated surface data and enhanced fore-
casts of surface state variables. Moreover, a DA scheme
for the surface pressure based on the hydrostatic equa-
tion was implemented to replace the surface pressure ex-
trapolation assimilation scheme by Lian and Xue (2010).
This new approach not only increased the utilization of
surface observations but also resolved the issue of deteri-
orating precipitation forecasts with increased number of
ground observations.

4. The target observation strategies

Large uncertainties often occur in high-impact weather
forecasts, such as heavy rainfalls, typhoons. Not enough
data with either quantity or quality is an important
obstacle that limits the forecast skill for high-impact
weather events. Hence, Snyder (1996) proposed the
concept of target observation strategy, which adds a few
observations with high quality in sensitive areas to im-
prove the forecasts in concern. Extensive researches have
demonstrated that additional observations in sensitive
areas are greatly helpful for accurate forecasts of high-
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impact weather events such as typhoons (Anderson,
2010). For example, the Observing System Research and
Predictability Experiment (THORPEX) displayed the im-
portance of target observations in improving the track
forecasts of typhoons (Shapiro and Thorpe, 2004). In re-
cent years, China has made significant advancements in
the research and application of targeted observations for
forecasting high-impact weather events. (Duan et al.,
2023).

4.1 Concept of target observations

THORPEX, under the auspices of WMO, is a world
weather research programme accelerating improvements
in the accuracy of one-day to two-week high-impact
weather forecasts for the benefit of society, economy,
and environment. As an important part of THORPEX,
target observations were highly promoted and refer to the
augmentation of the regular observing networks with ad-
ditional observations in some sensitive but data-sparse
areas, aiming to reduce the initial condition errors and
improve the subsequent forecasts.

The field campaigns of target observations have ad-
vanced rapidly under THORPEX. The Atlantic-
THORPEX Regional Campaign (A-TReC) started dur-
ing the autumn of 2003 for the Northern Hemisphere. A
large quantity of in-situ and remotely sensed observa-
tions was collected, targeted at 1- to 3-day forecasts of
potential high-impact weather events over Europe (Rabi-
er et al., 2008). The African Monsoon Multidisciplinary
Analysis campaign, utilizing the rawinsonde and drift-
sonde balloons, was aimed at improving short-range
forecasts of western African rainfall and easterly waves
that may lead to tropical cyclogenesis (Agusti-Panareda
et al., 2010). Several campaigns over Europe, aimed par-
tially at improving short-range forecasts of specific high-
impact weather events such as winter flow distortion past
Greenland, summer rainfall in Central Europe, or au-
tumn heavy precipitation events in the Mediterranean re-
gion have taken place between 2007 and 2009
(Wulfmeyer et al., 2008; Prates et al., 2009; Jansa et al.,
2011). The THORPEX Pacific Asian Regional Cam-
paign (T-PARC) possessed a broader scope than afore-
mentioned experiments and focused on the large north-
ern Pacific basin. The summer phase in 2008 was aimed
at investigating a wide variety of issues related to the sci-
ence and predictability of the life cycle of typhoons from
formation through recurvature and extratropical trans-
ition, including the impact on the flow far downstream in
the mid-latitude storm track (Elsberry and Harr, 2008). In
the winter phase, the primary purpose was to investigate
the potential for targeted aircraft and rawinsonde obser-
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vations to improve forecasts of weather systems over
North America beyond the 1- to 3-day ranges. In order to
improve forecasts over Scandinavia and the use of data
from polar-orbiting satellites over the Antarctic, field
campaigns of target observations also covered the polar
areas (IPY; Irvine et al., 2011).

4.2 Target observation strategies

The target observation strategy requires additional ob-
servations in some key sensitive areas to reduce the ini-
tial condition errors and further improve the forecast
skills of high-impact weather events. The methods to
identify the sensitive areas can be classified into two
types: one based on the analysis sensitivity and the other
based on the observation sensitivity.

Analysis sensitivity captures the dependence of fore-
cast uncertainty on initial perturbations at different sites.
The higher the sensitivity, the larger forecast errors are
induced by the initial errors at these sites. Hence, these
sites are identified as the sensitive areas for target obser-
vations. The typical analysis sensitivity methods include
the adjoint sensitivity (Bergot, 1999; Wu et al., 2007),
singular vectors (SVs; Palmer et al., 1998), ensemble
transform technique (Bishop and Toth, 1999), etc. The
former two methods have been widely utilized in the
field campaigns of target observations as T-PARC and
IPY.

Observation sensitivity introduces observations and
DA techniques, which identifies the sensitive areas by
evaluating the reduction of the forecast errors led by the
simulated observations at different sites. The sites where
the observations can bring the maximum reduction of
forecast errors are identified as the sensitive areas. The
typical observation sensitivity methods include the Hes-
sian SVs (Barkmeijer et al., 1998) and ensemble trans-
form Kalman filter (ETKF; Bishop et al., 2001). The lat-
ter has been utilized in many field campaigns as A-
TReC, T-PARC, and IPY. Results from the T-PARC
summer phase showed improved track forecasts of two
long-lived typhoons, with 20%—-40% error reduction in
numerical models of NCEP and KMA, while little track
forecast improvements in the models of ECMWF and
JMA with forecast lead times longer than 72 h (Weiss-
mann et al., 2011).

All the methods mentioned above utilize linear ap-
proximation to some degrees; however, the atmospheric
state and its evolutions are characterized by nonlinear
nature. Mu et al. (2009) proposed to identify the sensit-
ive areas of target observations according to the struc-
tures and locations of initial perturbations through the
CNOP method (Mu et al., 2003). Plenty of observation
system simulated experiments demonstrated that assimil-
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ating observations in the sensitive areas identified by the
CNOP method can improve the track forecasts of
typhoons, which is more prominent than that by tradi-
tional SVs (Qin and Mu, 2012; Chen et al., 2013; Feng et
al., 2022; Chan et al., 2023; Qin et al., 2023). In recent
years, the CNOP method has also been used in theoretical
research and field campaigns of offshore ocean environ-
ment forecasts, which greatly improved the ocean fore-
cast skills (Liu et al., 2021). As an effective method to
identify the sensitive areas of target observations for both
atmosphere and ocean (Mu et al., 2017; Duan et al.,
2018; Jiang et al., 2022, 2024; Yang et al., 2022, 2023),
the CNOP method is expected to be further applied in
real-time operational forecasts and improve the NWP
forecasts (Fig. 2).

4.3 Practices and experiences in China

The national Landfalling Tropical Cyclone Research
Project (LTCRP) in China was conceived and funded in
2009. The main objectives of the project are to investig-
ate the characteristics of structure and intensity changes
during TC landfall and associated physical mechanisms,
and then to develop new technology to advance the fore-
cast skills for landfalling TCs (Duan et al., 2019). The
China’s LTCRP has been ongoing for about 10 years
from 2008 to 2018 and includes three main components:
field campaigns, scientific research, and technical devel-
opments. Field campaigns for 24 TCs under the national
LTCRP have obtained a large amount of observations,
which helps understanding the boundary structure of TCs
(Zhang et al., 2011, 2015; Ming et al., 2014; Bi et al.,
2015; Tang et al., 2015; Zhao et al., 2015; Wang et al.,
2016, 2018; Zhao et al., 2017; Ming and Zhang, 2018;
Wen et al., 2018; Wu et al., 2018) and promotes the de-
velopments of new DA technique, nowcast system, and
assessment system (Cha and Wang, 2013; Wen et al.,
2017; Li et al., 2018; Liu et al., 2018; Lu et al., 2018;
Chen et al., 2019; Bao et al., 2023).

The operational GRAPES model achieved identifying
sensitive areas using the SVs in 2013 (Liu et al., 2013; Li
and Liu, 2019) and started to conduct field campaigns of
target observations for TC forecasts. The forecasts in
GRPAES-SVs usually concern a wide area (10°-35°N,
105°-125°E) of southern China and near sea (Liu C. S.,
et al., 2019, Zhang et al., 2019). A few years later, sever-
al operational and scientific research departments have
started cooperation in 2020 to utilize the CNOP method
to identify the sensitive areas of target observations for
TCs (Duan and Qin, 2022; Duan et al., 2023). Field cam-
paigns were conducted for TCs Higos (2020), Maysak
(2020), Chanhom (2020), Conson (2021), Chanthu
(2021), and Mulan (2022), and the forecasts have been
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Fig. 2. The CNOP method and its application in forecasts of extreme
weather and climate events.

improved (Feng et al., 2022; Chan et al., 2023; Qin et al.,
2023).

Field campaigns of target observations for TCs have
been going on after the China’s LTCRP. The Hong Kong
Observatory has conducted field campaigns for the TCs
over South China Sea using dropsondes since 2006
(Chan et al., 2018). In 2020, Meteorological Observation
Centre of CMA organized a field campaign for TC Sin-
laku (2020) using an unmanned aerial vehicle. The col-
lected data help understand the formation and effect of
helicall roll in the TC boundary layer (Chen et al., 2021;
Tang et al., 2021) and improve the forecast skills of TC
track and intensity. Taking the TC Atsani (2020) for ex-
ample, assimilating several dropsonde data in the sensit-
ive areas identified by the CNOP method has obtained
comparable track forecasts as assimilating all available
dropsonde data.

The successful launched FY-44 in December 2006
supplements a new and powerful observing technique for
field campaigns of target observations (Han et al., 2023).
In 20182021, FY-44 conducted nine field campaigns of
target observations, of which eight were aimed at TCs
(Lei et al., 2019; Meng Z. Y. et al., 2019; Han et al.,
2025). Taking the TC Maria (2018) for example, FY-44
scanned it at every 15 m. Such high frequent data help
profile the atmospheric structure around the TC (Yin et
al., 2021). Feng et al. (2022) showed that the data ob-
tained by FY-44 improved the TC track forecasts with
lead time longer than 2.5 day, especially with a 50% re-
duction of track forecast errors in 3- to 3.5-day forecasts.
In particular, assimilation of the F'Y-44 data corrected the
wrong landfall forecast of TC Chanthu in Taiwan Island.

FY-4B was successfully launched in June 2021 and
rapidly conducted target observations three times from
2021 to 2023, including two for TCs. In 2022, assimilat-
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ing the FY-4B data improved forecast skills for TC Mu-
lan (2022) in track, intensity, and precipitation (Chan et
al., 2023). Without the FY-4B target observations, TC
Mulan (2022) was forecasted to make landfall in Leizhou
Peninsula. However, TC Mulan was forecasted to move
westward and then turn northward with the FY-4B target
observations assimilated, which is much closer to the
fact.

In summary, China has made breakthrough in target
observations for TCs, promoted interactions between
forecasts and observations, fulfilled a combination of
nonlinear method in identifying sensitive areas and field
campaigns of target observations. All these achieve-
ments have provided theories and techniques for field
campaigns of target observations for TCs and other high-
impact weather event forecasts.

5. China’s operational DA systems for NWP

5.1 Development of operational DA systems for NWP

DA systems built on theoretical and methodological
foundations are a critical component of operational NWP
systems. Operational DA systems typically include real-
time observation acquisition modules, observation pre-
processing modules, and assimilation modules, along
with the core methods of observation quality control and
DA. Since the 1980s, as China’s operational NWP sys-
tems have advanced, the DA systems have evolved from
simple to complex, from primarily imported systems to
independently developed ones (Fig. 3).

China’s earliest operational NWP models were the
three-layer primitive equation model (Model A), starting
in July 1980, and the five-layer Northern Hemisphere
primitive equation model (Model B), operational since
February 1982. At that time, assimilation, also called ob-
jective analysis, employed the relatively simple SCM
method, primarily assimilating conventional observa-
tions (Wang et al., 1984).

From the late 1980s, the National Meteorological
Centre of China (NMC) gradually established and de-
veloped the limited area forecast system model (LAFS),
operational in 1991, and the high-resolution LAFS model
(HLAFS), operational in May 1996, and meanwhile re-
gional DA was also achieved. The assimilation scheme
was an improved version of OI from the U.S. National
Meteorological Center, performing 3D multivariate ana-
lysis for height and wind fields and univariate analysis
for relative humidity, along with nonlinear normal mode
initialization (Xue et al., 1992), to assimilate conventional
and non-conventional observations, including the satel-
lite-derived moisture, temperature profiles, and cloud-
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tracked winds (Guo et al., 1995). During the “Ninth Five-
year Plan” period, the NMC adopted the Mesoscale Model
5 (MMS5) from the NCAR and updated the SCM method
to a dynamical relaxation method for assimilating con-
ventional observations (Jiao, 2010).

Later on, CMA imported the ECMWF spectral model
to establish a global medium-range NWP operational
system, which included the T42L9 system (operational in
June 1991), the T63L16 system (operational on the do-
mestically developed Galaxy-II supercomputer in Octo-
ber 1993), the T106L19 system (operational on CRAY
C92 in July 1997), and the T213L31 system (operational
in September 2002) (Jiao, 2010). In these T-series global
medium-range forecasting systems, a global DA system
based on OI was established, with nonlincar normal
mode initialization to ensure more coherent alignment
between the analyses and forecasts. Assimilated observa-
tions included the weather reports received via domestic
communication lines and GTS (Li and Qiu, 1992; Li,
1994). The T639L60 system, operational right before the
2009 flood season, introduced NCEP’s GSI variational
assimilation system, marking a transition from OI to
3DVar, with the ability of assimilating microwave
sounding data from polar-orbiting satellites (Guan et al.,
2008).

By the late 20th and early 21st centuries, CMA shif-
ted its strategy from importing systems to independently
developing its own systems. This decision led to the de-
velopment of the first-generation multiscale and unified
DA and NWP system—GRAPES (Xue and Chen, 2008;
Shen et al., 2020). In July 2006, the GRAPES regional
model system (GRAPES-MESO V2.0) with a 30-km ho-
rizontal resolution became operational, featuring a re-
gional isobaric 3DVar assimilating conventional observa-
tions, with twice-daily cold starts. Before the 2008 flood
season, GRAPES-MESO was upgraded to V2.5 with a

CMA-MESO 3DVar
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15-km resolution and isobaric 3DVar system. In 2010,
the GRAPES-RAFS (Rapid Analysis and Forecast Sys-
tem) began quasi-operational use, offering 3-h cycles of
analyses and forecasts (Xu et al., 2013). In July 2014,
GRAPES-MESO V4.0 was launched with a 10-km resol-
ution, a new cloud analysis module, and the capability to
assimilate GPS/PW, FY-2E cloud drift winds, and
GNSS/RO data (Huang et al., 2017; Shen et al., 2020). In
June 2020, CMA-MESO V5.0 became operational, up-
grading the DA system to a 3DVar with 3-km resolution
and 3-h cycles of analyses and forecasts (Huang J. et al.,
2022).

The first formal version of the GRAPES global model,
GRAPES-GFS V1.0, began quasi-operational use in
2009, with initial conditions provided by a global isobaric
3DVar system. In 2016, GRAPES-GFS V2.0 with a 25-
km horizontal resolution became operational, upgrading
to a model-level 3DVar to reduce errors introduced by
spatial interpolation and variable transformation along
with improved background error covariances (Wang J. C.
et al., 2014). DA for the satellite and occultation data
were also enhanced (Wang et al., 2015, 2016; Han and
Bormman, 2016). GRAPES-GFS V2.2, operational in July
2018, upgraded the assimilation system from 3DVar to
4DVar (Zhang et al., 2019). This marked China’s entry
into the international forefront of operational 4DVar sys-
tems, making CMA one of the few operational centers
with self-developed and operational 4DVar systems
(Shen et al., 2020). In 2021, GRAPES-GFS and
GRAPES-MESO were renamed CMA-GFS and CMA-
MESO. In May 2023, CMA-GFS V4.0 became opera-
tional, increasing the global 4DVar system’s resolution
from 25 to 12.5 km and replacing the RTTOV radiative
transfer model with the domestic ARMS model, a signi-
ficant step toward independent control of core technolo-
gies in operational DA systems. According to the WMO

30-km horizontal 153-km horizontal 10-km horizontal
grid spacing etid spacing otid spacing
3-h eyeling

3-km horizontal 1-km horizontal
grid spacing atid spacing
3-h eycling 1-h eyeling

iDVar
25-km horizontal
prid spacing

4DVar
25-km horizontal
erid spacing

4DVar EndDVar
12.5-km horizontal 12.5-km haorizontal
arid spacing grid spacing

Fig. 3. Journey of the independently developed NWP operational DA systems at CMA.
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model verification standards, forecast improvements can
be measured by the historical evolution of the 500-hPa
geopotential height anomaly correlation coefficient
(ACC) in the Northern and Southern Hemispheres (Fig.
1). For the Northern Hemisphere, the 5-day ACC at 500
hPa improved from 0.695 in September 2010 to 0.768 in
September 2015, and further reached 0.846 in Septem-
ber 2023.

In June 2024, CMA-MESO V6.0 with nationwide 1-
km resolution passed the operational evaluation and
began real-time parallel operational trials, upgrading the
3DVar system with 1-km horizontal resolution and 1-h
cycle of analyses and forecasts. Meanwhile, CMA-GFS
V4.2 upgraded its global 4DVar system to a global
En4DVar system, with a year-long retrospective test
showing systematically better analyses and forecasts than
the global 4DVar operational system. Now the global
En4DVar has been operationally implemented since 31
December 2024.

5.2 Global 4DVar operational system

4DVar is an extension of 3DVar in the time dimen-
sion, and thus 3DVar framework is the foundation for the
4DVar framework. The CMA-GFS global 3DVar and
4DVar systems use stream function, unbalanced velocity
potential, unbalanced nondimensional pressure, and spe-
cific humidity as the analysis variables. The balanced
components of velocity potential and nondimensional
pressure are calculated using a combination of dynamical
and statistical methods. Since the analysis variables are
independent, the corresponding background error covari-
ance matrix is diagonal. A second-order autoregressive
correlation function is used for the horizontal correlation
of univariate variable, computed via spectral filtering,
while the lengthscales of horizontal and vertical correla-
tions are statistically derived from ensemble samples.

Additionally, the CMA-GFS global 3DVar and 4DVar
systems employ an incremental scheme. In this incre-
mental scheme, the high-resolution forecast model is in-
tegrated to calculate the observation increments, while
low-resolution tangent linear and adjoint models are used
for the minimization process, significantly reducing the
computational cost and improving the efficiency of func-
tional minimization.

The global tangent linear model and adjoint model are
the core components of the global 4DVar system. The
CMA-GFS global tangent linear and adjoint models are
the first non-hydrostatic ones applied in an operational
4DVar system internationally. Moreover, the computa-
tional time for the dynamical frameworks of the tangent
linear and adjoint models is only about three times that of
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the dynamical framework of the global forecast model,
demonstrating outstanding computational performance.
The tangent linear and adjoint models also incorporate
comprehensively linearized physical processes, includ-
ing vertical diffusion, subgrid-scale topography paramet-
erization, large-scale condensation, and convective para-
meterization (Gong et al., 2019; Liu Y. Z. et al., 2019).

The CMA-GFS global 4DVar operational system de-
veloped preconditioned Lanczos-CG and L-BFGS al-
gorithms. By default, the Lanczos-CG algorithm is used
for its faster convergence and smoother process.
However, the L-BFGS algorithm has better fault toler-
ance, and the system automatically switches to L-BFGS
when the Lanczos-CG algorithm fails to converge.

The basic configuration of the CMA-GFS global
4DVar operational system (Version 4.0) includes a hori-
zontal resolution of 0.125°/0.75° (outer loop/inner loop),
87 vertical layers, model integration time step of 300/
900 s (outer loop/inner loop), a 6-h assimilation window,
observation profiling interval of 30 m, and a maximum
of 50 iterations for minimization. To balance the tradeoff
between the qualify of analyses and forecasts and timeli-
ness, the CMA-GFS global 4DVar operational system
runs one analysis—forecast cycling system and one ana-
lysis—forecast system. The CMA-GFS global 4DVar op-
erational system is performed four times daily, produ-
cing model initial conditions for standard time points that
are then used for subsequent 10-day forecasts.

The CMA-GFS global assimilation system has de-
veloped critical technologies for satellite DA, including
quality control, cloud detection, and bias correction. It
has also established a domestically developed fast radiat-
ive transfer model ARMS replacing the previously used
RTTOV. CMA-GFS global 4DVar has successively in-
corporated satellite data from FY polar-orbiting mi-
crowave temperature and humidity sounders (Xiao et al.,
2023a, b), microwave imagers (Xiao et al., 2020), oc-
cultation data (Wang et al., 2020), FY geostationary in-
frared hyperspectral (Yin et al., 2020, 2021; Han et al.,
2023), infrared imagers (Wang and Han, 2018), HY-2B
microwave imager SMR (Li and Han, 2024), scattero-
meter ocean winds (Wang et al., 2023), etc. Currently,
the CMA-GFS global 4DVar operational system assimil-
ates observations including radiosonde, surface, aircraft
reports, cloud drift winds, occultation data, scatterometer
winds, GPS precipitable water, GNSS reflectometry
winds, NOAA, METOP, FY-3 microwave temperature
and humidity sounders, infrared hyperspectral data,
GCOM microwave imagers, and FY-2 imagers. Satellite
observations accounts for approximately 80% of all ob-
servations, playing a critical role in global DA.
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5.3 The regional 3DVar operational system

The regional numerical forecasting system implemen-
ted in CMA is CMA-MESO (formerly GRAPES-
MESO), which is mainly used to improve the prediction
of hazardous weather and lower tropospheric phenom-
ena. In order to rapidly update the model trajectories,
CMA-MESO uses a 3DVar assimilation system and a
cloud analysis system to assimilate spatiotemporally
dense observations. In June 2020, the CMA-MESO v5.0
system with 3-km horizontal resolution and 3-h update
was operationally implemented (Shen et al., 2020; Huang
L. P. et al., 2022). Since October 2024, the CMA-MESO
v6.0 system with 1-km horizontal resolution and 1-h up-
date has been operationally implemented.

The CMA-MESO kilometer-scale 3DVar is based on
the GRAPES unified variational data assimilation frame-
work, and has been further developed for convective-
scale weather systems. In terms of the analysis frame-
work, new minimization control variables are construc-
ted based on the dynamical characteristics of the convect-
ive-scale system, and a simplified weak constraint of the
continuum equation is introduced to get better balanced
small- and medium-scale analyses (Wang et al., 2024).
Meanwhile, multiscale analysis schemes are also de-
veloped to capture the large-scale patterns, which in-
clude a horizontal correlation model using multiple
Gaussian scale superposition, a weak constrain with
large-scale information, and a blending scheme that
merges small- and medium-scale information to the glob-
al large-scale information (Zhuang et al., 2020; Wang R.
C. et al., 2021). The kilometer-scale 3DVar mainly up-
dates wind, temperature, pressure, and humidity vari-
ables, while the cloud fields are diagnostically updated
by the cloud analysis system and introduced into the
model trajectory by nudging (Zhu et al., 2017). Based on
the operational 3DVar system, a prototype En3DVar sys-
tem has also been developed to obtain flow-dependent
analyses. In addition, cloud control variables have also
been added into the En3DVar framework to provide a
basis for direct assimilation of radar reflectivity.

In terms of the application of observations, CMA-
MESO kilometer-scale 3DVar takes full advantages of
shared observation operators of the unified variational
framework and achieves the direct assimilation of con-
ventional and satellite observations. On this basis, the
CMA-MESO system further develops assimilation al-
gorithms for spatiotemporally dense observations. For
radar data, radial wind and wind profile radar data are
directly assimilated in the kilometer-scale 3DVar, and re-
flectivity data is assimilated in the cloud analysis system.
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The observations of China’s new generation of geosta-
tionary satellites, FY-44 and FY-4B, can be directly as-
similated in the kilometer-scale 3DVar, while the FY-2G
brightness temperature and total cloud cover data are as-
similated in the cloud analysis system. For automatic sur-
face observations, kilometer-scale 3DVar can assimilate
multiple observations such as 10-m wind, 2-m temperat-
ure, 2-m humidity, and surface pressure. In addition to
conventional surface variables, GNSS/MET humility
data is also assimilated in the kilometer-scale 3DVar.
Currently, a total of 17 types of observations are assimil-
ated in the CMA-MESO system, with radar data contrib-
uted to the highest percentage.

The assimilation of radar reflectivity data can im-
prove the TS of heavy precipitation forecasts by
5%—18%, and the assimilation of radial winds further im-
proves the quality of low-level winds. The assimilation
of wind profile radar observations can also improve the
track and intensity forecasts of typhoons (Wang et al.,
2019). Since the cloud analysis system relies on empirical
relations and has limitations for the convective-scale nu-
merical simulations, the development of direct assimila-
tion techniques for radar reflectivity (including dual po-
larization quantities) is being carried out based on the
CMA-MESO 1-km variational assimilation system. In
addition, research on the assimilation of new types of
ground-based remote sensing observations, including the
X-band weather radar data, microwave radiometer tem-
perature and humidity profile products, and cloud radar
products, is also under way.

5.4 DA of TC observations

Since 2004, a set of TC initialization schemes (Qu et
al., 2009), which consists of initial vortex formation, vor-
tex relocation, and vortex adjustment, has been success-
ively developed and adopted in operation on T213 global
spectral model of CMA for TC forecasts. In 2014, the
bogus vortex embedding in the initial vortex formation
scheme was replaced by DA of vortex wind and pressure
data, which were developed and applied to T639 Global
Spectral Model (Qu et al., 2016). In 2018, with the con-
tinuous improvement of CMA’s self-developed global
modeling system (CMA-GFS), a new initialization
scheme that assimilates the evolution trend of the TC po-
sition and central pressure profile based on the 4DVar as-
similation system, was produced (Qu et al., 2022). The
operational application shows that the new initialization
scheme can significantly improve the TC track and in-
tensity forecasts of CMA-GFS. There are two prospects
for future advancements of improving the analyses and
forecasts of TCs, one to develop TC initial perturbation
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techniques, aiming to improve the flow-dependent back-
ground error statistics for TCs, and the other to develop
En4DVar with effective and efficient assimilation of ob-
servation information for TCs.

6. Prospects for DA

6.1 Integrating DA for high resolutions and long
lead times

One development aspect for NWP is persistently im-
proving the model resolution, which leads to better re-
solved small-scale, nonlinear, and non-Gaussian pro-
cesses. Meanwhile, advances in observing systems pro-
duce more indirect types of observations and increased
observations with higher spatiotemporal resolutions (Fig.
4). Consequently, the current mainstream DA methods
that often assume Gaussian error distributions and linear
relationships may no longer be optimal (Yano et al.,
2018). The iterative EnKF (IEnKF; Sakov et al., 2012)
replaces linear regression with a transform matrix from
the previous iteration, better capturing the nonlinear er-
ror growth. Other nonlinear filtering methods have been
proposed, including the Gaussian mixture filters (Bengts-
son et al., 2003), maximum likelihood ensemble filters
(Zupanski, 2005), rank histogram filters (Anderson,
2010), rank-matching filters (Lei and Bickel, 2011), and
quantile-conserving ensemble filters (Anderson, 2022,
2023).

A fully Bayesian, nonlinear method is the particle fil-
ter that provides particles following the Bayesian posterior
distribution. Particle filter can be implemented through
methods like bootstrap sampling (Gordon et al., 1993;
Douc and Cappé, 2005), importance sampling (van
Leeuwen, 2003; Robert and Cassela, 2004), and import-
ance sampling with proposal (Doucet et al., 2000; Spiller
et al., 2008). However, particle filter faces the “curse of
dimensionality” when it was applied in high-dimensional
dynamical systems (Snyder et al., 2008). To mitigate the
“curse of dimensionality”, techniques such as the impli-
cit particle filter combining filtering and smoothing
(Chorin and Tu, 2009), hybrid ensemble-particle filters
(Santitissadeekorn and Jones, 2015), equal-weight
particle filters (Ades and van Leeuwen, 2015; Zhu et al.,
2016), and localized particle filters (Penny and Miyoshi,
2016; Poterjoy, 2016) have been developed.

Another trend in NWP is extending the forecast lead
times, from the current forecast limit of two weeks to
seasonal-to-decadal (s2d) lead times (Fig. 4). To extend
the predictability, coupling atmospheric models with
slowly evolving components of the Earth system, such as
the ocean, land surface, and cryosphere, becomes neces-
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sary. Thus, the advance of coupled DA becomes essen-
tial. Weakly-coupled DA assimilates component-specific
observations within each model component, using the
coupled model to spread the observation information
cross components (Zhang et al., 2007; Sugiura et al.,
2008; Saha et al., 2010; Laloyaux et al., 2016). Compar-
atively, strongly-coupled DA uses cross-components ob-
servations to simultaneously update state variables from
all components (Sluka et al., 2016; Sun et al., 2020a),
providing more balanced analyses and reducing initializ-
ation shock, and strongly-coupled DA can lead to im-
proved forecasts (Smith et al., 2015; Chen and Zhang,
2019).

6.2 Hybrid machine learning and DA

Machine learning (ML) has brought new opportunit-
ies for DA, numerical models, predictions, and projec-
tions, especially in efficiently and effectively assimilat-
ing the vast satellite observations. Both DA and ML can
be viewed as inverse problems under the Bayes theory
(Geer, 2021). Compared to traditional DA methods, ML
has advantages for capturing nonlinear features, approx-
imating nonlinear systems, and processing massive ob-
servation datasets, and thus, hybrid ML and DA ap-
proaches have been rapidly developed (Fig. 4). Direct in-
tegration of ML and DA can use data-driven ML models
to replace numerical models, providing efficient fore-
casts for DA cycles. FengWu-4DVar combines the multi-
modal neural network-based FengWu model with 4DVar,
to leverage the short-term forecasts and automatic differ-
entiation capability of DL for efficiently solving the
4DVar analysis (Xiao et al., 2024a). Similarly, the Cli-
maX based on the Vision Transformer (ViT) architec-
ture can integrate with LETKF, enabling cyclical en-
semble DA while diagnosing ML-based models (Kot-
suki et al., 2024).
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Fig. 4. Prospect for the development of DA in NWP.
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ML can also enhance various DA components. Obser-
vation forward operators convert model state variables to
estimated observations, but the Jacobians of forward op-
erators could be computationally expensive. ML can effi-
ciently approximate the forward operators, their Jacobi-
ans, and even the second-order Hessian matrices, espe-
cially for highly nonlinear forward operators (Storto et
al., 2021). ML-based forward operator for satellite radi-
ances can replace the fast radiative transfer model and
simultaneously perform bias correction (Liang et al.,
2023). The adjoint models required by 4DVAR are diffi-
cult to construct and also computationally expensive. ML
offers an alternative by simulating the physical paramet-
erizations to directly obtain the tangent linear and ad-
joint models, significantly improving the computational
efficiency (Hatfield et al., 2021). Covariance localization
is essential for EnKF successfully applied in high-dimen-
sional dynamical systems, but the widely used localiza-
tion functions are symmetric functions of distances. ML
can extract nonlinear error characteristics from data, and
generate non-symmetric and nonlinear localization func-
tions (Wang and Wang, 2021).

As a major source of forecast errors, model errors
need be appropriately addressed in DA. ML can learn
model errors resulting from unresolved processes in nu-
merical simulations (Rasp et al., 2018; Bolton and Zanna,
2019; Gagne 1II et al., 2020; Brajard et al., 2021). Neural
networks and other ML architectures can learn model er-
rors with nonlinear and multiscale characteristics from
the analyses, forecasts, and observations, which can then
be represented in DA through additive terms (Bonavita
and Laloyaux, 2020; Farchi et al., 2021b). Moreover,
through cycling DA, ML can learn and correct model er-
rors online using priors and posteriors (Farchi et al.,
2021a; Peng et al., 2024), or simultaneously estimate er-
rors in state variables and model parameters (Bocquet et
al., 2021; Malartic et al., 2022).

To address the computational complexity of high-di-
mensional dynamical systems, latent-space DA has been
proposed, which assimilates data in the latent space cre-
ated by ML-based autoencoders, combining ML’s effi-
ciency with DA’s optimization (Binev et al., 2017; Ar-
cucci et al., 2019; Casas et al., 2020). Compared to the
variational methods and EnKFs that often assume Gaus-
sian error distributions, variational autoencoders can es-
timate non-Gaussian error distributions, and the com-
bined variational autoencoders and variational methods
outperform the traditional variational methods (Xiao et
al., 2024b). ML can also integrate with nonlinear filters,
like the deep Kalman filters (Krishnan et al., 2015, 2017)
and Kalman variational autoencoders (Fraccaro et al.,
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2017). DiffDA, based on the GraphCast neural network,
leverages similarities between numerical models and de-
noising diffusion models to directly produce the analysis
(Huang et al., 2024). Furthermore, ML can facilitate re-
construction and assimilation based on incomplete or
coarse-resolution observing networks (Wang et al., 2022;
Howard et al., 2024).

6.3 DA for all-sky satellite radiances and
dual-polarization radar data

In China’s operational systems, the assimilated satel-
lite data primarily focuses on clear-sky radiances, with
the assimilation of satellite data in rain and cloud areas
has not yet been operationally implemented. The assimil-
ation and application of new remote sensing data, includ-
ing active remote sensing instruments such as precipita-
tion radars and wind lidars, as well as ground-based pay-
load observation data, still need to be improved. For
Earth system coupled DA, the fast radiative transfer
model needs to consider an ultra-high spectral atmo-
spheric transmittance calculation model covering the full
spectrum range and containing multiple atmospheric
components. Additionally, constructing a satellite and
new payload coupled forward operator based on artifi-
cial intelligence is essential. The assimilation of visible
data will be a very important direction for the future ap-
plication of satellite DA. Specifically, the all-sky assimil-
ation of infrared and visible data will provide more ac-
curate analyses for numerical models, particularly at the
convective scale (Schrottle et al., 2020). Developing ad-
vanced radiative transfer models that account for the
scattering characteristics of cloud particles will enable
better assimilate of infrared radiances affected by clouds.
Meanwhile, an improved description of land surface pro-
cesses is worth to develop, aiming to increase the assim-
ilation of radiance in surface-sensitive channels. Mi-
crowave sounding data contribute the most to the fore-
cast accuracy of NWP. But currently, microwave
sounders are only carried on low-earth orbit meteorolo-
gical satellites, with long revisit cycles and low temporal
resolutions, making it difficult to provide continuous ob-
servation for weather systems. The geostationary orbit
microwave sounding being designed and constructed for
China’s FY satellites is an important supplement to the
existing microwave sounding system (Lu and Gu, 2016).
It can not only provide high temporal resolution 3D in-
formation for the atmospheric thermodynamic structure
but also generate wind field products at different heights
over the whole sky using the water vapor tracking method,
providing more dynamical information for NWP (Zhang
et al., 2021). In addition, the current satellite DA tech-
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niques basically neglect the synergy effect among the
multi-instrument observations. Fully considering the syn-
ergy and complementary effects among the multi-instru-
ment observations, such as the joint application of ima-
ging and sounding data (Di et al., 2024), can lead to im-
proved assimilation outcomes. This represents a signific-
ant future development direction for satellite DA.

Developing a reasonable variational-based dual-polari-
metric radar observation forward operator is crucial.
Based on the dual-polarization radar observation operator
developed by Kawabata et al. (2018), Zhang et al. (2024)
developed a variational direct assimilation scheme for
dual-polarization radar based on hydrometeor control
variables. Cycling assimilation and forecast experiments
for real cases demonstrated that the assimilation of dual-
polarization radar data can improve the thermodynamic
and microphysical characteristics of both the analyses
and forecasts. Research on the development of dual-po-
larization radar observation forward operators and ad-
joint operators provides foundational support for the vari-
ational assimilation of polarimetric radar quantities.
However, due to the complexity of the tangent linear and
adjoint operators of polarimetric radar and the uncertain-
ties in parameterization schemes, further research for
more refined polarimetric radar observation forward op-
erators is needed, particularly with respect to the treat-
ment of ice-phase and mixed-phase hydrometeors.

6.4 Advanced operational DA systems

Currently, China’s independently developed global
and regional operational weather forecasting systems,
CMA-GFS and CMA-MESO, can effectively assimilate
multi-source observations, and play an important role in
daily weather forecasts, warning, and meteorological dis-
aster prevention and mitigation. However, the existing
model dynamical frameworks are insufficient to meet the
demand for seamless NWP of the Earth system. Major
operational centers have been developing quasi-uniform
grid numerical models, and China has also completed the
next-generation high-precision scalable atmospheric
model (Li et al., 2020). Development of the high-preci-
sion scalable atmospheric DA system for the next-gener-
ation model is progressing intensively. The goal for the
next-generation atmospheric DA system is to establish an
integrated global/regional hybrid ensemble-variational
assimilation framework, with the basis of global 4DVar.
Research on advanced assimilation techniques for multi-
source observations, including the Beidou navigation
soundings, satellite data in cloud and precipitation areas,
radar reflectivity, X-band radar, dual-polarization radar,
phased-array radar, and ground-based vertical remote
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sensing, will be conducted to promote the operational use
of innovative observations. Meanwhile, studies on apply-
ing artificial intelligence algorithms in various areas of
multi-source DA are underway.

To address the multiscale seamless NWP for the Earth
system from weather to climate, research on DA tech-
niques across different components of the Earth system
will be conducted. Based on the high-precision scalable
atmospheric DA system, the goal is to develop an
ocean—land—atmosphere—ice coupled DA system to
achieve effective and efficient assimilation of multi-
source observations across different components of the
Earth system, providing coherent, balanced, and high-
quality initial conditions for the Earth system model. As
illustrated in Fig. 4, the aim is to establish an operational
DA system for the Earth system prediction and projec-
tion, based on the advances in DA theories and methods.
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Abstract For numerical weather prediction (NWP), data assimilation (DA) combines short-term forecasts and various atmospheric
observations to achieve optimal initial conditions, based on which subsequent forecasts are launched. With the rapid advancements in
numerical models and observing systems, DA has been significantly evolved. Modern methods now can account for uncertainties of
state variables across various spatiotemporal scales, incorporate multiscale observation error statistics, and enforce dynamical
constrains and model balances. Meanwhile, observations from various platforms, such as ground-based, aircraft, and satellite, have
been assimilated. These include data from polar-orbiting and geostationary satellites, radar-derived radial winds and reflectivity,
Global Navigation Satellite System (GNSS) radio occultations, etc. To further utilize the advanced observing systems and DA
techniques for high-impact weather predictions, target observation strategies have been developed to identify areas where additional
observations can yield the greatest predict improvements. Based on the advancements of DA theories and methods, China's

operational systems have made significant progress, establishing advanced operational DA systems. Over the past decade, the
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forecast skill of 5 d global weather prediction has improved by approximately 15%. The article reviews a century of development in
DA, and discusses future directions, including the advanced DA methods, operational frameworks, integration of novel observations,
and the synergy between DA and artificial intelligence.

Key words Data assimilation, Multi-source observations, Atmospheric predictability, Numerical weather prediction
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Fig. 1 Progress of global NWP by CMA (monthly mean evolution of ACC of 500 hPa geopotential height for 3rd, 5th, and 7th day,

respectively, from January 2010 to August 2024; solid lines are for the northern hemisphere, and dashed lines are for the southern

hemisphere)
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(Hunt, et al, 2007) SZ 8L, J&y H Ak & AT L i S0 3000
K AIAF 4K (Zhang, et al, 2009a; Lei, et al, 2014a) |
i A5 2 A8 dt P 26 25 K (Kang, et al, 2011; Lei, et al,
2015a, 2015b) . Fifi [ fL 1 1] 22 4k ( Anderson, 2007;
Chen, et al, 2010), P51 i W1 A J) 3 4k 7 125745 21
& Ji& (Bishop, et al, 2009; Lei, et al, 2014b, 2020;
Zhen, et al, 2014; Flowerdew, 2015) o % — it ot
DB B I 2 U3 7 2K (Covariance Inflation;
An-derson, et al, 1999; Houtekamer, et al, 2005b)
P07 22 R K AT LA 28 96 P 3 7 P 3R 4 3 fn 4
# 3 (Anderson, 2009; Miyoshi, 2011; El Gharamti,
2018) BOff 5 s S sh i = e R R G shEk

4 B HLUE ( Zhang, et al, 2004; Whitaker, et al,
2012; Ying, et al, 2015) 8 f4E & 038 (Wang, et
al, 2013a, 2013b; Yang, et al, 2015), Jf % A X 11



A BUER S BUR BRI L 4 4 Jie 5 e B

AN #f6 5E P (Buizza, et al, 1999; Berner, et al, 2009;
Ha, et al, 2015; Zeng, et al, 2020) . H 21 22 %]
W, A R WEBITIRAE ISR £ EH 5
I»1z 47 (Houtekamer, et al, 2005b; Whitaker, et al,
2008) .
23 REREG-ENRE

PR3 7 A A A T R 22 U7 2 I
HERR, HARERHE  H AR iR E" G RS
I ) ) R i A S RO T BHER 22 U 5 25, (HH
ANl Bk HL 32 B R A R 22 FAR R 22 2 o (R It
5578 0 MRS R R 208 IR A AL 7 515 LA
KR IR LA -3 T7 2] DL HORE i S A A
R0 ) 35 5515 22 U O 25 AR 45 A (Hamill, et al, 2000),
DL/ 37 MR S 1R 22 BB T 2 AN W R R AR 1% 22
A9 % (Wang, et al, 2008, 2013a, 2013b; Zhang, et
al, 2009b; Kleist, 2015a, 2015b) ; A1 FH iR £ P
T 22 W AT ARG R AR 2B, LARAEAI R
22 ( Meng, et al, 2008) . 4 & -PU 4 45 4> )7 ik
(Ensemble 4DVar, E4DVar; Lorenc, 2003; Bonavita,
et al, 2012) AT DL i o 42 il 28 e 75 325 5 DOKE JAR A5
TR 2PN 2R A 3SR A0 R PR, X 5 HL
FE AR G 2 RO A T R 25 B 7 22 SR (Wang,
et al, 2007) . A -VU4EAE 73 J7 1% Al L T 5 4 Y
Y % 4y 5 4 & R /R 2 8 I ( Zhang, et al, 2009b;
Buehner, et al, 2010a, 2010b) .

AR TG - DU 2 A2 53 J7 s, W 4E & -2 53 T
#: (4D Ensemble-Var, 4DEnVar; Liu, et al, 2008)
F IR & TR AR A5 158 22 B IS R] 1) Y6028, 1707 AN P 2
DI MEAEAORPEREAR  JE— 20, R4 55 DU 4 2
5% 77 ¥ ( Dimension-Reduced Projection 4DVar,
DRP-4DVar; Wang, et al, 2010; He, et al, 2017) Fl
Ak 2 Pk e/ — 3 & 4 10 4E 78 43 J5 5 (Nonlinear
Least-Squares Ensemble 4DVar, NLS-En4DVar;
Tian X J, et al, 2015, 2018) & U £ 45 & -8 43 7 %
WAHARSRE . SR, PUGESE A A8 53 7 1 o 4R A5
BEFIRZ M IT ZAE R E N B2 (Wang X G,
et al, 2014), L xfE LAk B JR) 3 T R 4 i P 7] B 728 1k
(Bishop, et al, 2009), [H it U 4 4 & -8 43 A wn 4
& -DUHEAR 43 J5 = (Lorenc, et al, 2015; Poterjoy, et
al, 2015,2016a) .

ANF TR AT SR 2 W7 22, 1R 6 AUE J7 1%
(Hybrid Gain; Penny, 2014 ) ¥ 48 5 flF 150 1 5 5
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A RIRZUEP TG HATIR G, ZIT BT
) AR R 2K 2 D IR R P R A SRR 22 T 22
(1 DU 4E75 43 J5 % (Bonavita, et al, 2015) . H 21 {4
55 24 10 4R W], 4R 5 - WU 4E 78 43 J5 v AH 4k 78 WO b
W RABR 0 (ECMWF) | 38 [F 4R 45l 55
>z 17 (Bonavita, et al, 2012; Clayton, et al, 2013) .
Bl S, DO AE A -8 43 T B 0 T R 36 [ 5
Ak 55 T iz P o0y (Buehner, et al, 2015a; Caron, et al,
2015; Kleist, et al, 2015b).

REEE-EHIEFNTREZSREMES
RIRSUEW R G, (AP RGEH A — B2 3
AR B8 A -2 0 i . R &R IR &5 -2
4175 (Ensemble Variational Integrated Localized,
EVIL; Auligné, et al, 2016) 75 B4 S HEL, Wi &
IS 53 SR A ST A5 19 43 0 85 S 158 22 P O 22 Al it 4
G . AR R & 5 G -2 43 J7 1% (Integrated
Hybrid Ensemble-Variational, IHEnKF; Lei, et al,
2021) 38 5 % KRR A S 25 90 Bl AT SR AE LT AR
AT SRR 22V I7 22, PR S A 0T e 4R & R KR
SPEPRAEL T LIRS G- 0 Ik ARG AE
T3 s I REHE— DA IR & 75 iR 22 W 5 22 R 4
Htsh, N TR G %20 Irk.
24 ZREMFEHHNENEK

KAEA 2 2 R WA RE, KRZE
LT o BE A PR AN [F) R BE A0 7 5, R 0k 22 RUBE Wk [
A5 LABR Y, DU ROR] ] 22 0L 24 R A A [F)
RO BiR2E . 2 RO BORHR Ak AT U #5320
SR, S BE R 1 Je A2 A T A R RS R
TN RE sy BN ) , 72557 4 3 A 3 - 508 3
/N RUEE 1 Jmy b Ak~ A2 (] A /N RUJBE UL 5% A6k (4n 75 3k
ML), DL FE 43 4 BOAS [a] ROBE WL /5 2. (Zhang, et
al, 2009a; Xie, et al, 2011; Sodhi, et al, 2022),
A LA AN ) £ J b A 2 A28 [ A AR ) e 0L 000 6 e
PR A [) RUBE 19 43 T 1 o 2855 T A5 3 d 2 19 53 A
% (Miyoshi, et al, 2013) . A T4 H Rk, ZR
JE OB R A AL T AR A S -8 23 ) A HE 28 vh B 5 ]
AEHEZR vh, O 35 5158 25 B Jy 22 I A [) RUBE 114 Jmg
R, — R ME SR RE AR AT Y AT RUEE {5 2. (Buehner,
2012; Buehner, et al, 2015b; Wang X G, et al,
2021; Wang Y M, et al, 2023)

B0 T A% A W5 Rk ) Ak BT A5 19 23 B 5 4
WA I, T I A 46 Ak i, DSOS P A A TR
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6] £k, LA/ IN R A1 T 7 9 56 M 7 Xof 5011 99 4 1) 52
(Temperton, et al, 1991) . PU4EAZS 5353 Al LLFE 4
R PRI AT 2 I, (B AR A R R 2 R U T
Il 53 87 3 18 S 000 s 25 440 B0 s 9 A SF- Ay, PRI b 4
G R IR S 08 U W DL 4 % 22 (1) 2 ( Bergemann,
et al, 2010; Lei, et al, 2012 ) =24 1 5 45 1 [A) 1k 7
M (He, et al, 2020; Slivinski, et al, 2022), t 7] 4
it FH B 22 XY i %) XL R A5 3k 2 RS 1 1) 0 R A
Ly /90 B Ak ot 72 (Kalnay, et al, 2010) , X T3
5 BRI AR Ak, AT A FE T D I R iR 3
2 (Lynch, et al, 1992), 1] DL fdi FH 43 #7 8 B 505
J7 AR FE R R 19 53 173 £ (Bloom, et al, 1996) 5%,
2 [ B O B R ORUBE /N RUBE 43 B 46 o 7 W) Ak %1 Y
18 A8 1 DU 4E 4 M B 5 9 B 7 % (Lorenc, et al,
2015; Lei, et al, 2016) .

3 ZPERAII GOk

3.1 DEHER

TEE 2 50 4F B, TR BEORER] A6 78 BB K <
P R PE S A BOR B B 1969 4F 4 H, #53E
— R BRI AR B “ Nimbus 37 TR L A2 F A
K, Ho STRS A4S0 4 S 38 7 it il B U B < A7 SR [
A0 B WL A v, I RSP X 23
B FORE 4x 56 B Y T4 7™ A2 T 3R B MR (Smith, et
al, 1970a, 1970b) . Ffi)5, EPr O AHLE T T —
F5) A i AR5 (Atkins, et al, 1975; Kelly,
1977; Desmarais, et al, 1978; Druyan, et al, 1978;
Kelly, et al, 1978; Gilchrist, 1982; Uppala, et al,
1984), th T2 TR MREE PR UAL 2—3 K
ek T8 1% 2 18 52 W, 33X — I 384 194 [i] A 1t 0 0 o 4
SRS — A TR A S, X R 2 BR Y 5 e B R — 2
(Ohring, 1979) . Eyre 55 (1989) ¥ Y #& th 7E 8 {H K
IR o E A TR PR A S SR, R At —
278 73 W) K TIROS e B AR 23 (R 1) 8 56 1
BRI B BE R R R 52 (Eyre, et al, 1993) .
1995 4% 10 A 3¢ [ [ X #F 58 #i ik 0> ( NCEP)
(Derber, et al, 1998) . 1996 4 1 A ECMWF (Ander-
son, et al, 1994; McNally, et al, 1996; Saunders, et
al, 1997) % 55 % Fl 3DVar B 4% [ b 10 & S0 4% 5
K, ECMWF F 1997 4 11 ¥ K #£ 4DVar " 3%
M T BRBREEREAR . B, Hfl—2e %
{H KA BR 0L Y8 5 7E 3DVar Fl 4DVar R 4t
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B $2 [F) {1k 55 5 22 (Chouinard, et al, 2002; Joo, et al,
2002; Okamoto, et al, 2002; Li, et al, 2016b)
3.1.1 PR R A% S

PR A ST A2 i R I e DR ARCIR A R g S )
UL S, AT Jbb ORI 5, 2 R AR IR
(T SE N VA R € S N L <Y S N B
KA DL K0 W i 0 et A BB B 2 n . H
i, FEA 3 AP 4w S % =X 2 T AUE
KA BAEFRHREE: Mo <5 B AT K HH
(EUMETSAT) 7 & 1y Radiative Transfer for the
TIROS Operational Vertical Sounder (RTTOV) 7
7 (Saunders, et al, 2018) , & [F FE FKiFEM KE
HJm (NOAA) I &) Community Radiative Transfer
Model (CRTM) # 5 (Johnson, et al, 2023) ., 1 [#
K4 Js (CMA) JF & B Advanced Radiative Transfer
Modeling System (ARMS) 2 (Weng, et al, 2020;
Yang, et al, 2020) . ARMS 1E k1 [E [ F6F & 1 Pk
AR G AL B, 2 F 2023 4F B AR RTTOV 7E
CMA-GFS t 5 2k 55 I, HAHE 3 AR I AE
(1) A J T RRA B S OGE e  pR AR A R ik 1
BT 5, AR T IO B A DL AR JE (Kan, et
al, 2024) ; (2) 3 F T-Matrix Al & #8451
(DDA) Jr A # T AR BKIE 2= L+ R A kL 1
BECPE I, e R A TR RHE L (Yang, et al,
2020); (3) A& T BT BURUBEE Mg 1 R A B A AR 1Y) i
P XL i) 54 53 A7 R (pBRDF) , 583 T ik 4k Ak
Vi - SR Y S A2 e A% = %) Vg - < L TR RS]S9 ) B
BLA, HE 58 T X5 32 8% 8l — Ak i T 5 SR S A 4L
fiE 77 (He, et al, 2023); (4) Btk T ik b 28 & 9 %
Y PEEIR (LandEM ), & J& T Chen-Weng #LfE %
S S BRAE R, BT T 2% b 3R R G R A BORS BE (X)
FUEAE, 2025); (5) 583 1 85 WA br i 5145 i 3,
SR TR A R R M 3R e S A AR R A X R
PE BT A8 58 R, & R T 38 FH Ak i S A i oK i
75 % (VDISORT), ] 541l 4> 1% B T 2 417 4G v i %
T (Zhu, et al, 2024) .
3.1.2  ZLAME G RO A

Z1 AN S BEORE ) Ak F T O 1 R BR A 2 = X
i B TR Ak B4 IR HE (L, et al, 2022a), HRT34R LA
23 S R E R A BT o A o 21 A0 e 5 kLI
R 3 o WG 25 R I AR TR B B A, i S
3 E 2 A W Ty 8 HE Y kX 2 5 (R Ak )



A BUE R PR OR R 1L 4 4 Jie 5 e B

TTHEE, i = 00 B2, [k = T LA b Y3 E , 2
%2R % (McNally, et al, 2003) . X T#0H =
B L A BRI TRk, Li 45 (2005) #2187 “®e i =7
BAR, BB oA 2 10 21 AR St 2 46 Ay A5 R0 25 4
SR M7 R, AT T = WX LM %
BEA R 22, I Sk T B SONE T (Wang P, et
al, 2014, 2017) . #XFLAMRGT R TR = WX H
FZ R4k i ¥ 55, Jones 45 (2013) 1 Chen 5§ (2015)
53 5 R 6 G R IR =2 0 i RN A% 43 Oy vk 2 el 4k T
AL LGN 2T MR R 1) DR B K = VK AR
f; Meng D M 4§ (2019) 764" JE 42 il 22 & 5] AJK
BEY), ST = XL AN R IR A R

A1, Foh 5 T30 30 A0 21 A1 v Dl 1 B Rk gk A7 4 G
TR AL T 5 A W, O HLME DL 2 D i A DG 1Y
L 15 22 o DALk, R AE DG MR AR B L R4 A BT AR
FRMG UL R R, DLSE A % 1% 8 1B [7] 1k (Rabier, et
al, 2002; Collard, 2007; Matricardi, et al, 2014;
Zhou, et al, 2024) . # & & & (A% [ 1k (Y 38 18 75
200 22 AT, kA T O X R T 4 R 1y ]
IR SR (IR %) . 1 E CMA-GFS H
HIAS AL 45 [F) 4k R R i 1B R LR L0400
J61% FY-3D/E HIRAS (Liu, et al, 2014) , FY-4A/B
GIIRS( Yin, et al, 2021; Han, et al, 2023) [ fig
4 fig 52 1} [7] 46 METOP-B/C TASI (ZERI45, 2016) .
NOAA 20 CRIS 414wtk vkt . Ak, 2040k
%A% R, 045 FY-2 VISSR. FY-4A/B AGRI( F
it %, 2018) , H8/H9 AHI Fll GOES-18 ABI k55,
#BFE CMA-GFS W SE3 1l 55 H o
3.1.3 Tk g B ok HR] Ak

TEMRZ T RAE Y, T0 B0 3kt B A8 B i
FriBWRES, LR RS SRR RE
G SRV N TR = ST i | P N W L B L
5 & ( Bormann, et al, 2019; Li J, et al, 2024) .
2009 4F, ECMWF L8l T A 25— 12 RaE A
wRhL % R4k 2 48 (Bauer, et al, 2010) . G = .
X T2 GERHR AR AR AR 4 0 H F B AR S GT M NCEP
Wb %8520 7 (Okamoto, 2014; Zhu, et al, 2014) . B
W ECMWF [ = . W X [Al 4k 2k ] 1D-4DVar [ [1] 42
) £k SR W, X 32 2= . RS2 I Y T8 AR ORI SR R 7S 52 3%
TR VR AR RIS AR, dE i 1D Var RE T
B UL X R R 2 K VR S B (TWPC) , T %
TWPC £ R i LU 48 A 4DVar [F] 1k (Geer, et al,
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2008) . T 1DVar n] LA 5 TR WL = /i 2%
P DCHE A KSR, G T DLk R 15 5 3 P (Y IS T
25 A 55 00 W00 L AR A B 8] R, (A B R AT LD GE i
1DVar #F 17 4 K 25 o i #5075 2R 2 2421
=R gy 5o BRI R T ik RO 7S B ) TWPC 2
ZaE TEXE RMBERS R, JF2RA 4DVar
TR 5037 I 23 7 A R A A WL 3 i (Geer, et al,
2010) . Kk, %07 b5 ¥ ECMWF 2 K =5 5 #
[EI4L 7 U (Bauer, et al, 2010; Geer, et al, 2010) .
CMA-GFS XL T e 1 R T oiple g A
1y 4 K23 [m Ak, 3 B T ARk VR 43 A RN TR
K B2 (Xie, et al, 2023) o fEid 2 10 RAFEH, BUE K
AT P TR R [ A i T ) R R s RN
KT B PERHE AL B R (Geer, et al, 2018) .

i 2= o T 52 e 1Y) [R] Ak 7 12 b, 52 b 5 e 1) Ak
P TR R Ak T AR R A5 3 T MOk R 22 10 G v, HiHE
MCEB MR R ARG R . B ETRAL RS
rhfift A i 2 A B SRR A T O 2 T LA A S i B
TR Jy 3 . Ge it AL Jy 1 AN B 48 S i J5 5 (Tian Y
D, et al, 2015) , W PRALHL )5 ik B 76 ML 4l R A 55
G EFh RS (s LKA S, +
BSHEE) Z A P OGRS B A A, B2 H
THAURS B0 T K 3R 2 B0 A {5 B R U B A
TF, (H X S F BLADME LUAR B, BRLAS 1 2R 7 ey )™
1Z . FH (Weng, et al, 2001) . Zoii# 7 5 3 248 LA
b e e Sk SR 0 Ty s BRHE A A R S PR IR I A S R Y
28 0 52 & 8 A i A, B i TELSEM % 4 4
(Aires, et al, 2011) A1 CNRM %X # %€ ( Karbou, et
al, 2010) 55, X JET7 5 RO, (I 52 48 3+ 58
AR ME L SRAE Y 17 W 15 119 2 S SRS, X T Ml R RRAE
) B (1) A5 Ak B8 5 50 KRB Hb 38 AR AIF 2 [8) A8 £k ) Al
e AR . SRk EEES AR -
17 NATHE ST L K KR8 b 5 T R B, R LA
A2 UL A IR 25 T Y b 3R & B R (Karbou, et al,
2006) o X AT A A BOR A Sy HE, A Bk
CIRVE A -3 R 3 L O Nl ) PN W S 1 S N
i AT Rl 3R G0 OB [A] 4k ( Krzeminski, et al,
2009; Baordo, et al, 2016; Xiao, et al, 2023b) ., it
T Eh 4 S 7 B, CMA-GFS #5522 52 38 7 Bili 1
AMSU {325 35 1 238 38 (19l 55 W4k, 2 kol 14
BRARZ KA 23 B AT B2, 0 & X Bl b 5
R BAE2EBR (Xiao, et al, 2023b) .
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3.1.4  MOBUEL R 2] = A 2H N

Joo 5§ (2013) &K BLAME KT T 64% 5
A DR 22 WY DTk B DR, MR DA
B 42 115 2 90% Ay 0 LI Y SR B 5 22 /N R
2010 4ELIHY, EFR BRI R DERH EFEMT
BRI A ERIIAR R . 25 R B SRR R Tk
FEAEREUE R BHRAL 6 h 59 171k i P 2 11 5 4%
BBk 5, AR L4 4L (WMO) A 2L & R ik
(WMO, 2009) 2 H B2 | BT A, TTE =R
ST 55 A LI A A . 2014 48, S %R
TE FY-3 03 it A] AF 41 25 v W o 28 S 28 ) AL 1 3
Xl . 2021 4F FY-3E BUED A& 3, — B 20 1) A SO0 0 %
gt P EONSEER, A7 SRR TR B T AE 6 h [l
7l E P AW 22 5 ( Zhang, et al, 2022) ., FY-3EH
R AN A A H B BUME R R BRI 55 &R S
FH(LiJ, et al, 2024), 1fif Hif £ ECMWF | 3% {54
Ja . BARSRZRIT R AT 5 2 R 55 6
FH, 4 BRI} 1) 35 B O 1 B8 X AR R 4
R ZERLAY WL T 2K (Zhang, et al, 2024) .
3.2 FBEAER

TR OB A B I 2S00 HER, REE R
#h NRERIRGF L, BiA %R0 G 2R A
AT B4 W0 b b R R B G 04 Bl ) RN GO B R
TIE, B 3R] Ak i s O e g A oy 2 4 i X
it R A T AR KT 0 DG — (T S ARAE,
2005; Sun J, et al, 2014; Sun J Z, et al, 2020b) .
3.2.1  EIABORHILIN A

& 5 2235 W0 R ARTR TR I AR B R R AR ) KL
LN S R A N DR S DO B A |
Bl I RFAE, S S R A 0 T 2R 5 PR A ) B
FE. WERMREZ N ERFEMRETHAT
Iz A, f 4G VDRAS DU 228 43 [A) 1k 22 45 (Sun, et

al, 1997). ARPS =45 [alfk 2%t (Gao, et al, 1999)

WRFDA % %i (Xiao, et al, 2005) . GRAPES = 4i45
Ay TRAE 2 S8 (RLT T, 2009) 45, KT, 4 B4 1] X
LI 5 AR 5 T AR ] KU S, % T80 ) KU B Y
O BTAEAE — 78 W Bk . 3 T4 X 067 R 9 KU
BIS)HIE, B L5 (2014) %5 75 A48 1) KU K Hi2s
(] 28 £k 5 | B 47 1) ROULIN B3 24 v, SEER T A2 1] XL
[7] £k B 5% 970 o) XUAR 2B 4 B o 324 1) XU I 43 5
3 W51 A #) GSI(Chen, et al, 2017) il GRAPES
(D54 2016) AL R G T .
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AR T A8 1) AOUL I 355~ 2 b 23 P 7 WL 451
COp5) -/ SRS U ST TR a8 o5 R e N
B OC &, AL 1R A WL 5 (Sun, et al,
1998; Xiao, et al, 2007) . Tong %5 (2005) fil Gao %
(2012) #F— 25| A T &5 R SE vKARRL -, gy T 2
T Lin 04 31 2 504k 7 58 19 525 3 R WL D0 5 -,
I3 ST AR R OR B LA R R S HESRR RS
FW 7R B AL . 25U, Hawkness-Smith 55
(2021) # # 7 S A A B - N AR 7, SE L T e R
SR IRk F GE X SO - 0 Bz R MR . Liu 45
(2022)%:F Thompson Y E S E AT Z5I A T W
IKECHR E, ST T B TS HOK BE W RL T 1 S %
PR~ WL 0 535 o B S 23 PR 1 0L I 5 AT 8
220, I iR 2E WK

Jung % (2008a) 3 F T M FFE 5 LA T % K¢
JKRL 14 J5 1] ISR AT, # T O hy E  f S
PR 17 o] ORI 35, S T RS R SRR
SR P A L. Wang %5 (2018) 3T Jung %5 (2008b)
149 I S5 58 PR L B, AR A 1 LD 2 vk B B B
ERE S N S N I S R N R i o
Zeng(2013) ., Zeng % (2014) . Jerger(2014) 7£ J 5
2R UL B3 v 2 BT R B W AR R, A AT
B I S e VIR K S o = vt Sl
THEER/RZUEWEFI . Wang % (2019)7E Jung
S5(2008b) By il b, IF & T B XS UKL - 79 1E [m)
A 258 PR WL B3, AL S R R - S B Ak Ry TR
HMEZIMA R RIIR G LR, XREE I AR
S5 A 23 PR U0 B 2 N OO R R 2, R
BB G b [R) A 75 38 S5 R R TR T R

WAL, B AV 25T R A AG T 8 A
. Jung 55 (2008b) SE I T — Pl i IR 75 I8 A 40
i, BRI B R IR AR LA o IR A T BRR
PR Al AR 7K BE ), ol FH A 2 B )0 ol g 2k A 4k
FT 6T 5 (Mishchenko, et al, 1994), £ )%
ARSI S B, C BEBOA X I Beiiik. Wolfensberger
85 (2018) T & 1 57 & 1 i 4 77 2 WL 53 %, 200
I8, 5 ok - 10 B IR 4D, HORE T A B K BE )
BT R SRR . Oue % (2020) FF & T =
it A AR B B IR ALADL AR, R AU FR R IR O R 18
BRI I STITIE B & 1 Y S B L TTI s N O b A Ri°d
A AR AL B i . WiV K 2% (ZIU-AERO; Xie, et
al, 2023 ) B BR B ren A% FR A LI 531, K5 K BEW)



A BUER S BURGOR R L 4 4 Je 5 e B

B HBCSR T B OG22 R R R A A ST T R IR
WL 552, AT LA AR BRS04 AR BROE AR 345 K B
Yk ¥

3.2.2  EHLEIRHORHRfL

A2 1] UL 55 A B 2L ) R R 8 NS Bl )
AIE, Shy Mo I I 0 I RO R AR T T B
(F/NIE, 20035 J7 554K 46, 2005; Liang, 2007; %%
%, 2008; Sun, et al, 2020b) . & iAFR KA RIALAH
XTI, BB A Rk 38 X I N RE 43 A RRT I AR G Y
Wi S H: (Gao, et al, 2004; Xiao, et al, 2005; Li, et
al, 2012; MR %, 2014; Zhu, et al, 2014; Shao, et
al, 2016; PRREE25, 2018; SEEEEL4E 2019),

AT A58 1) XU, 2 58 258 B 7 ) A AR X B Ry &2
%o BT, Ik R R AR ik E W
2 HAERA AR L R Al . 4 Rl Ak A R
PO BN 25 [|), DA TT B2 LB st 3 MWL i)
SP N v e N i (B TR 0 M 1 o TS U Y 87 R 0 o
Yo I8 RT3 A 10 B WAL S T B 1
LA (Sun, et al, 1997; Tong, et al, 2005; Xiao, et
al, 2005; BEH A4, 2006; Gao, et al, 2012) .

SR, 78 43 [F] 4k 42 1Rl Ak B 35 S 5 38 Y i A7
FEPREL: 8 53 oK EEY & BT, A A pR AR
T UL I T A B R, A AR N Ak R T VA A R
S, TR B AR 2 B S 2R PR 00 B LA A B
& WK BEY 5 BT AN 8 BE (Sun, et al, 1997; Wang,
et al, 2013; Liu, et al, 2019) . & EX 1972853 [F 1k
T 2ok 22 UROAIMIE B o A S S 3 DR 00 AR A IR
ebEm g, (ARSI A . MR TS T
%, T HEE KR 2088 5 R R A a2k
eI 35T (=M1 %%, 2010a, 2010b; Yussouf,
et al, 2010), 7E£ & & 2 ) 2 72 i 58 =X b A 4L
W AL 7R 8 R 5 R R O A P O B AN
T 2B G R R 1 e 0T 1R 2 40 A AR, 1T
PR AL A, 8 ) 2 % A 1% i A 2 1 7 TR L, [R] e
A RIR 8B L 52 B R AE 5% 22 AR AR 22 1 52
M (Liu, et al, 2020) .

T o 1% 22 Wb O 25 0 6 Ui RUBE R[] b v i B
BVER, A 18 M iR 25 U 25 AT LAAS 20 5 DR A Y
43137 (Chen, et al, 2013; BRI HE 2, 2022; Zheng,
etal,2023). Wang Y M 45 (2021)FF & T L% 7K &k
P AR R AT IR E D, IR HRSE =
WM IT 25 MR GG B HESR, X ARy
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TSR ARG SR E D 2. A, A
5 3 B 22 A8 A OC K BE TS iR 22 22 ()
O TR I8 TR T RE 6 BH B s A Bl ) SRR AN 5
[ 04 (Zheng, et al, 2023) .

SRy 3k A B [ A I I Sk 5 PR A 2 v L i 45
TP R PRI R 22, B RN 205 Rl
35 Hhid w7 R 8] 42 W) Ak J7 2k ] 4k 75 35 Bz 5 3 A
+, BOAE [ Ak aok A2 v e i 38 I i 38 A S5 3 A A
AR L, FL3E T 5 i R 0 2 ST K B ) g 2
K A, SR 5 B A4k S v T A i AR 48 1 (Wang, et
al, 2013a, 2013b) . A B 5T H& i — BT (7 15 54O
PEOKEEY) S 7 s, B TS 5 3 R R S )
B 18] 42 [F) Ak oK BE ) 2 70 K E A9, 45 8 1 R B R
B A AL RO . Bk T R AR AR (Chen, et al,
2020,2021; BEEE, 2022) . AL Tl o TRy
iz v R o R = R R 7 5 i M e o= N S
2 T AR R EIOR A 0 807 2548, 1) B oA A AR R
B AR A, L) 32 B T 45 2808 58 Ak 45
(JE/K BB A%, 2013; 5KkiHUE %, 2019; Lai, et al, 2020) .
3.2.3 AR I8 5ORHA] 4k

ARk, AL HE i ELAE N 2 A B SRR T R A T
XU I B 35 B A3 ) T4 (W, et al, 2018) o AU 4R
By 15 18 T VA 1 U K R ) A AR REAE, RUMRG i T ik
LI 5 6 1 A8 AR FH AT A A o (R T 4 v Y K
W) 5 ) BEAT 46 IR 25 ( Zhao, et al, 2019) o XA
P T I UL 1 [R) AR ATE 9 2 4R A5 0 J, v [ 2 35 A
T AT XS 7 58 0 AU e A 08 0 35, )
FHEE A R 7K 2 8 U5 422 (W) Ak XUDi i 75 3 A A5 400008
il (Jung, et al, 2008a, 2008b; Xue, et al, 2010),
—#5, Putnam % (2019) #E 47 T WU 4= 75 15 B 500
A R S U8 R4k, 25 5 26 W i 4 L) £ 119
[F] Ak e 38 1 i 4 i B 0 AT RN S, BRAR T IE R
1 L R] Ak 74 i i et SO0 3000 45 BIR 1 7K SF- iz 43 28 IR
2 km DA F B 2200 AR T

FH RRSUE T EZARES BAEEM
BRI, B A AL T35 g iR 25 D 5 22, I 1l I AR
FAEAN 6 B L 40 T 47 78 O P A L R R 2 A ) R
PR I 5 1 A8 3 7 3 1 50D i 7 38 19 7] 4 B 5 e A
YEJTRE . Li &5 (2017) 3 TAR Gk, #EAT 1 Rl AU
P T I8 TR A BRI X, 455 SR 2 B 45 A1 [R) 1k 22
53 B 2R R - R L 22 3 AR A, 1] DLt — 25 ol 3 i 4
b TN R R T s i I K o TR E DA
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P 41 UL £ g D) £k Ve B AR T, S A
PR U) 2 M55 5 R AE B 53§, Kawabata 45 (2018)
FAHE T 56 T W AFRE T 1 XU 418 SO0 300 58 SO 300 538 7 1y
P E S 7 ARG S T, Wang 25 (2019) 857 T 41
B VK ARRE 7 16 B 2K S /3 B 5 5 R 7 L 5
EORTIEE Ry IEE K= R
3.3 H YW &R

B0 B2 A A Ry SR 2 AR AR A L
AW F Bz —, W DR 4 R 25 Bk A0 A i
PERA M B2 ME B, FEBIE 2006 4F 3L /Y W
TARL. HEEES AR BN R 4" (COSMIC)
by s 2GR R AR 55 B FH A T AR . X T
AR AL, S B [ R il A R g
RO B FAFAE— e o —EWIAE N . H AT 4Bk
Se kb 55 B0 T 0 1 TR 55 # E AL T M A
TORL, JF 3 W B BORHE EUE B R Ak R g8 ATk
/b iy H B 2H T 43 (Healy, et al, 2005; Poli, et al,
2009; Liu, et al, 2014) , CMA-GFS # = T 2009 4
Tl 55 [F) Ak 4 22 55, TR) Ak 2 R 2 4 399 %,, [F]
Ak B 1—50 km, CMA-GFS 355298 7 FY-3D
GNOS #2151 = FER Y [ 4k (Wang, et al, 2020) .
MR TEIZRBETR RS D —HREE
BVEH, 7 CMA-GFS Wi £ % 24 h Fil 4 15 22 19 51
R IR ZARFFAETT =00

KAIE 3K & (AMV) & B8R b i G HE 1)
TR Z —, B H A T2 B0k K & A R4k
ARG 5, AMV GERHE SCHEEUE F R R8OR H e 4R
AR A ] Z AL (Forsythe, et al, 2007) . ¥+ JL
Aok, TR = 5 AR R R AR R A5 00 R BURN /=
JE i o A 7 I EAS T S R R (VR RS, 2020), G
HEKNZRE DR =5 Wz s RSk
B 3 W 2 A T E 45 ek J5 (ol R 45, 2017)
HLAE 2011 4F, FY-2E 9 = 5 KR E ik 21 [ Br [
277 i 7K SF (Salonen, et al, 2015) . 244K, A xF HoAth
PRI F-BL, AMV (15 22475 B AR, Jo 2 2= 1 & B
REREM AMV ITRREMRTZ M EEARBRKR
MIRBE M . FY-4A @GSN (GIIRS) T H 7
] 1 85T 38 8 S = 4k K3 ) = BE S S R TR
L, AFFERW, =2 KT X3 ] DLAE I 25 RS 43
H = X ICF B A %07 i (Ma, et al, 2021; Li, et al,
2022b), I H =43 117 8005 BRI AL X & KU #%
& Ao B e HA B PE H (Meng, et al, 2024) .
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I JRUBICSR SR —F B R 35, B AT 1) 45 16
T A 5 1) 50T, Fh e AT LS e A AL ) AL
(Stoffelen, et al, 1997) . T EXF [F]— i 45 1Y
—ZH AR T [l B S 1) SO, AHAT DX B 22 AN [
)N ISRTTEZ R SR et = S < [ P P = i 1 i
XARGFER— IR SH T 53 WLA W] RE KU e
W — 5 R icEnn, a2 A A E K
1 AU [ B R4, 3k TR Ak 3R 58 A O AR i A %
2022 4F, CMA-GFS 4DVar f 2B T X o B0 7 —
5B (HY-2B) BUS H RBE R R A, B B4 & T
CMA-GFS 7€ V¥ [ b % 3 )2 I8 2 19 4 i 6 B
(Wang J C, et al, 2023) . 2018 4F, KRl 25 [H] )
(ESA) JIh & §F T 4k oy 2 4800 Mok ik T
£ ADM-Aeolus, B 7] #2& it 5 B 5 ¥R N 0.25—
2 km, MHBTAI 25 30 km =5 B8 AL (9 1 B 25 4y B %Ol
SEIF A ERAR 1 X . 2022 4F, 7E CMA-GFS X
SCEE Aeolus %R 45 1, R4k Aeolus %%} AE
/NG R R 2 BRI 1 2 T iR 25, FE I b
X443 Hri 22 (5 ERAS A1 F) Bl /I I B g 15 3]
10%. 7ERLA AR Jr m, XFAE2 3k . w2 2R
AT AT 3 d TR A R A R, TR AR M X TR
Tk .

AN, b T A 3G 0 A 2008 AR AN
W & &, 2 2023 4RI B2 7 T34 3l ¢ s T A 39 00 0
S A A 43 R M T ORI U R AR R CMA-
MESO % 4t [R] fk i) 25 22 000 58 A6 o U5 22—, {5 o [
I B 4%, A MR 7E 4000 m LA _EAY “ it AR
"7 T8 = R AN AR T 34 7E 1000—2000 m Y
=B IR o, DA O 2 A R R A,
A MR AE 1000 m DLF A B F1°F 5. Rtk AH
XoF - Vi ) A5 X b I 5 00 0 3l b T A7 AR — R Y
%, k95 % (2006, 2007, 2009) BUBIF 5T 48 H, A BE
A R PR AE S 5 LI S b T v B 25 S 4 o b T
BHREMEA R TUm g . PRI, AR 45 (2021, 2022)
BT X2 2 I R A9 2 m AR A 2 m AR VR
1k, 7£ CMA-MESO 3DVar & %4 i & & 1T Al ik 7
2, P TE T R TR A B RN T, e T M
BRI BURACR . [RIE, SR FH & 70 J7 B 455 A Hl 1w
S A A 7 28 AR A AR AF (2010) 1 HiTE <R
AN R AR 7 58, A A I T S R A R, TR st
SiFf TR T ot TR D0 5 K3 22, A K TR RO AR 2 1Y

i




A BUER PR FOR R L 4 4 Je 5 e B2

4 FARWLI 5w

Xif 1o B M KA CFE A (ISR K L B ) (1 T
5, B TARAT & B TR AN B K S T .
SR 00 5 AN R T A 2, R KRR 1 e 52 e R
FAR AT 82 8 . DR R, RABUR X KR
PRI B 0 78 50 R, T 6 XU i 52 i K A<
Tl T 4 B R 6 4 (Wang, et al, 2017), Qi faf 4 4k F)
FHE R, AR A B 1 ARk DX 3 1 A7 i 5 £ m 2 L
T, 8 Ay vy 5 Wi R A T4 I R UL S s, BP - H Ao
7 (Snyder, 1996) . FEBr 4 BRI R F A58 5 Af
TR R K (THORPEX) 1K1 28 A2 1 41 % UL ) 75
K, 488 T B AR WIAE 3 B KUK AR TR e 0 P Y
# ZAE F (Shapiro, et al, 2004) . IL43k, 1 E&F
R 2 TR DR/ 2 T4 1% s SO0 000 A 5t BRAS T R
B, RSN R A B TR, AR T
TSR (Duan, et al, 2023) .
4.1 BRINIES SRR

T FR 4 4R ) THORPEX 38, Hi %

FAY = i 1—14 d A g 52 e K T 0 1 1t %,

B 1o 5 W) R AT 14 IR 55 BP0, sk 6 2 4 1Y
T 77 & B8 0 & PR AL 2 2 U N R ER, IR SS T4t
43, THORPEX iHRI#&H T HAR WM " 24, 1F K
FORLIR L[ B X PR A ROk T, il AT RS s
LI 35 2%, L Sl e B (EL B R R i A X 3 3 o Ol
DU, Rl /) 33K 48 DX 38K 114 70 2 5 2 38 7 400 o) 1 41 1R 2
K

7 THORPEX iR 4z T, H A5 Wil #5371
U9 7E A 2k Bl R e . KPS ¥ -THORPEX [X I
K (A-TReC) F 2003 4Bk 2= I 4 St , Wik Tk
YL 2B O TR, S PR T 1—3 d XA RESY

W R 14 1 52 0 K AT AR B Bt 1 R A B (Rabier,

et al, 2008) . 2006 4, F FH b I+ F1-F A ERHE T 11
BRZSAL, AE M X5 3 T & XF P AR R K L 4R XU T

R B s W A5 37 i 5 ( Agusti-Panareda, et al,

2010) o 7 R W K TFFBUR I, R 1 42 5

T 02 2 BOA% B 22 B AR S AL L P R BRI K

Ml v A 3t DX Bk B R B R A 5, A R S i

55 7€ 2007— 2009 4F fifi 22 JF J& ( Wulfmeyer, et al,

2008; Prates, et al, 2009; Jansa, et al, 2011) , & K
0 Y H AR I Ah 37535 56 T 2008 4 7E K Hb X
(T-PARC) JEJF, T-PARC X 56 78 5 2 J& ] v [l 4%
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G WU Bl g 2 FnT 14 v A 1) B, 4G B KUY 2R
B TERE AR XTI Ui b 2 R b XX AR Y 5
i (Elsberry, et al, 2008 ) & ; 7 2% 2= J& 1 v ] i)
TCHL AR AR R T 42 3 d J5 Al REs2 b 56 b
X BRI RGE IR LI AT Ak, H AR 4h
i g 55 7 A X (IPY; Irvine, et al, 2011) .
4.2 BV R

A 0000 2 3K A K B A AR X 35, S it %5 A W
T, T 8 ) R 7 o e, 4R e s e R AR Y
TR ST H AR UL SR e 3220 R, —
FEBE T AT U, Dy — 28 D) 5 T 00 0 e e

A3 W RO T vk 220 1T AR AN B T (TR R
22) X5 3 BT G AN R B e 2l (R0 R 152 22 ) 1 S i
FE o BUSE R, RUNZA B W R DR S G R
KB FHR 2% . P, %078 B A B A UL I i) %
DX o 33X 2Ty 1 3 AL A 1 B O A T % (Bergot,
1999; Wu, et al, 2007) . &7 a5 (Singular Vectors,
SVs) J7 ¥ ( Palmer, et al, 1998) | % & F it % K
(Bishop, et al, 1999) 45, TEX 277 ik, 14 i f /%
PEJ7 R SVs Jr g iz i H T B FRou il sk 37 15
% (40 T-PARC, IPY %),

FURIUES: =2 oo S LU T DN VNP K S R e 5 N
38 3 VEAS AEAS R A7 B 5 ) A B A1 B XL I X6 T i i3 25
4 5 1) S A o I A LI P SRR X AR T A o7
FE 1% T 22 b ok /)N 0T 1 152 25 104 A7 28 4 TR0 Sk R X
X2 B9 A Hessian SVs J7 ¥ ( Barkmeijer,
1998) FI4E & 4~ /R = 3 J% (Bishop, et al, 2001),
M5 5 #) z # E HT H AR LI A1 37120 5 (40 A-
TReC. T-PARC. IPY 4§). %I T-PARC HZEWIHY
Hhyi g6 2 B, R 3R H AR UL 55 R, T NCEP
I [ SR T 0l 5% PR =, A e 6 A2 1 T3
AR ZE W T 20%—40%, N H T ECMWF I H 4
SGEIT B 55 TR A U, 4 2R iR B i 72 h,
W) HRHT ST A T4 1Y 03 AN W R (Weissmann,
etal,2011),

R R DX 5 YA TS (A R B S
TR, MR s HAIEL R E . Mu 55
(2009) #& H T AR Hi8 S5 R JE Lk SR AR 48 3 (M, et al,
2003 ) 75 ¥ TR E A 00 0 BH0RR DX S B, B A TR
P CNOP ] 46 152 22 45 % 25 [8] 45 +4 1 BT 76 1 3047 &
B e B b LI 50 DX, 1 T e 2 3% DXk 52 it % A1
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SR TN, /I YOI 157 2 R R AR TR 18 25 BT B R o K
HOW RGeS R W, 75 CNOP Jrik iR ny H
P WL U DX P ) A B8k, X i e AV SO I A2 T
e H 1 BA SR, HARTEAL ST 15 SVs UMY
TR DX P ] Ak 5 R 0T i A P Y B B B
(Qin, et al, 2012, 2023; Chen, et al, 2013; Feng, et
al, 2022; Chan, et al, 2023) . I 4FE 3K, CNOP J5 %
WA G B e T v I U T VA O A B TR Y H
o XL B 38 B 5 F0 A0 S5 a0, X v 9 8 4 K - 1) £
S T B B AR (Liu, et al, 2021) . CNOP IE %
T 8 A PR DR AR T B AR 6 R AR TR B
i WL R X AT 2 A R T7 5 (M, et al, 2017;
Duan, et al, 2018; Jiang, et al, 2022, 2024; Yang, et
al, 2022, 2023), H BLARRHG H & JE A A | K
L AT KCE B 55 T Be (B 2) .
4.3 HEMNBFEMMNELEERG RS

2009 4F, hAe N RAEFE B F R AT #HE
B, EAR G R, ERE B G E R 3 TR
Bhd E G K 10 a 8 S5 (LTCRP) o 1
R 55 A Ry BRI L FOR KR 3 W0y, B AE
Jinag R £ AR il ok B A PR, 2k B XU A L R
R 51 K B i XURI R 7K 43 A (4 B4 44 75 ( Duan, et
al, 2019) . 2008—2018 4f-, LTCRP i &1 X} 24 4~ #k
WA e T AR, AR A T S, TRAGA
T BB 5 KB A2 454 (Zhang T A, et al,
2011, 2015; Ming, et al, 2014, 2018; Bi, et al,
2015; Tang, et al, 2015; Zhao Z K, et al, 2015;

JEJ7H:: SVs. ETKF%:, 2tk

BT CNOP, 5E4xdktk

y & B B wWOML w o

CNOPJZK  ja sk j& ¥ % % W <

AR R e i Wom MR

AT a TR OB R
e 03 m i
7 "

2 CNOP Jr ¥k fid B AR R A A Y
N

Fig. 2 Development of the CNOP and its application in
extreme weather and climate events
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Wang, et al, 2016, 2018; Zhang X H, et al, 2017;
Zhao K, et al, 2017; Wen, et al, 2018; Wu, et al,
2018), [RI Bt AR i T8 A9 R AL B AR | I T4
24 . SR R 1Y & B (Cha, et al, 2013; Wen, et
al, 2017; Li, et al, 2018; Liu, et al, 2018; Lu, et al,
2018; Chen HY, et al, 2019),

2013 4F, GRAPES il i s 8 T ] SVs Jr ik
U A 08 000 8% DX (X A RE 5, 20135 2% I i) 55
2019), JF R & KU B9 B A5 0 0 5k 37 128 5
GRAPES-SVs T T 56 {4 Y X 30 3 56 v [ w7 K
T3 4 IX K 4B 3T ¥4 (10°—35°N, 105°—125°E; X
K HFE%, 2019; Zhang, et al, 2019) . £ %01 5 FIR
WFERAL A AE T 2020 4EFF 4R Hl CNOP J7 ik U 4ty
S TiE B B W A 37 128 56 1 RO DX (B e A5, 20225
Duan, et al, 2023), Jf-XJ #4f7 S e =5 B7 (2020) |
955 (2020) . Al (2020) . BE AR (2021) il #B
(2021) . AR22(2022) %)t 1AM 7S, 715 T 5
RORL, W E P T B OKF (Feng, et al, 2022;
Chan, et al, 2023; Qin, et al, 2023),

LTCRP 1% Z J5, #A S 0E B br 0L 45 37 i
WAL RE . 2016 4FE 24, i EAFHER CE X
m b By RO SOBETT R R 8RS W i 5
(Chan, et al, 2018) . 2020 4%, FEHAI L ILH
I s 2H 20T 6 O AU AR v (2020) 19 TS AL
AP W B o 3 S LI R A B i T G e D
FE R W 1 & A= S A (Chen, et al, 2021; Tang,
et al, 2021), [AIB A RCHE & 1 Rl S I 2 A o i
MW T . UL KICIR e (2020) 4 6, X 1R 46
CNOP H 51 (4 S50 IR X P /0 18 48 22 A S 0 46 75 < e
SR B T R 22 el /N AR 5 TR AR T AT T B S 0L
MIRCRAE Y .

2016 4F 12 H, FY-4A B3y 5, Sk H AR L 4
Y u $E A TR L 5 A 1 I - B (Han, et al,
2023) . 2018—20214F, FY-4A 5ZJi T 9 ¥k H kWi
WA 75, Hor 8 Yk #ao AUle/ & KU CE /g 4%,
2019; Meng Z Y, et al, 2019; Han, et al, 2025) ., Ll
P B A (2018) A1, FY -4A F 43 45 e 42
{52 15 min, X HB4 = S0 G T8 AN B kA B T
B4 220 1 5 AU BB R A5 4 (Yin, et al, 2021) .
Feng %5 (12022) ) B 5% & B i 1 FY-4A 3K 1% 1)
CNOP SR IX N 11 B A VLI X $s SE  42 T4 1
M, EFR K KT 2.5 de E N W, 1F 3—



TR BUER PR GOR R L 84 4 Jie 5 e B

3.5 d A% WU R 22 08N 2 50%, Tt HAE & XUADNES
(2021) {356 rh, X BRI 42 1% 5 WK 78 P 1 5
VA g, Rk B RS OIS ) TR ) B A KT
ASAETE GV, 5903,

2021 4F 6 A, FY-4B WU & S I B @ A HAx
S A1 7 3 56 08 BA R . 2022— 2023 4%, FY-
4B St T 3 YR H AR LI A1 37156 (445 P A o =
e/ AR o PAE KA 22 (2022) R, FY-4B WA
RS Tz B KBS AR | 5 B R 5| R R K 4 AR 7K
F-(Chan, et al, 2023) . 7EA R4k B Fr U0 £ 45 (1)
i, & WK 22 DLpadb 478 i o B8N 2 5,
FY-4B H b5 W8 24 04 18] £k Pl 4t 65 KUK 22 2675
FTE AL Bk AR, 5500t 3o — 3.

gi b, A E G RCE BRI IO T 5 B
Wesh T & KBS 00 Y B sl SEBL T Sk X 51
(3R 2 M D7 YA 9% 5 2 B A0 L S BRI 25 4, S
Je 2 3 DA Aty 8 52 ) SR A 3 TR Y E A 00
AR IR S T PRI LAk AR B

5 ENE S BUE PR GOR R AL R 5t

50 WEHEMKRELRZLRNIE

S TE B RN 5 1 A b A OB R] 1k R g R
b 55 B TR 2R G B H BEAL G A3, B R AL L
0 52 I 25 U e | UL T Ak B AR G MR AL T &
G, A%l 2 LI B o e g R AR DT = .
20 fit 42 80 AN E A, i [ Ml 55 BUE il R 4L
AW K i, BRI 95 R ge 22 1 il fig 2
Sk, NG F3) A ERF R YA 2 (8] 3) .

CMA-MESO 3Dvar

30 km7K P-4 B 15 km7K P43 10 kmzK P43 Hk,
3 hiEFR
25 kmZK P43 25 km7K 53 R
3DVar ADVar
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e [ 5 B 19l 55 F(E TR AR 2 1980 4F 7 H
FE 46 K A AL B IR G 5 FE 3 2 AR (HD A B ) 0
1982 4F 2 H Rk %532 47 1Y e 4 7 B b3k 5 )2
FEECCED BAEC) o 4B 4[] Ak th 08 43 #r, R
BN TR BB D TT IEJ7 58, TR AR A UL L 0 ¢ )
Sy, A ALTORHHAF AR A (48, 1984)

M 20 42 80 AEAR T I, IR I b &
T MR BT 1991 4F 8 A 45 i A /9 LAFS
(Limited Area Forecast System) # 2 Fll 1996 4F 5
A ER0 %3217 H9 HLAFS (High-Resolution LAFS)
B, [RIBT ST XA AR Rl Ak, R T RRA T
ek R NCEP Wy e R4 (E 77 58, LR B L Rk =
At 2270 1 43 B, AH X BE Ol = 4R R w4 AT, O H
fit FH T AR 4 PR OE FBE W (E Ak Ty 5 CRE 22 5 5
1992), g [F] {b 3 0GR T A IS | 3 . =6
AR B BTk (S0 2855, 1995) o 76 “ JLH" )
], B K40 IF R 4 L 36 5 NCAR 5] #E Y
MMS5 H RUEE B ) R G2 9 SE R 17, i R4k
FHZ AT IE T 48, Ja >k 308 R 3l J sk it 75 22, Il 4k
B L GERL (e, 2010) .

FEX AP B, HEAR S R 513 ECMWE 355
LT E Ak R SRBUE RO 5 R G
5 1991 4F 6 A 1E 204 Ak 55 (4 F (1) T42L9 R 48,
1993 4F 10 H -t Ae b [E A A7 B 09 B A S LR
W1 A7 T63L16 R 48, 1997 4F 7 H 1 CRAY
C92 5#ik 532170 T106L19 & 48, 2002 49 A
1IER0 5584709 T213L31 R 4 (B i, 2010) .
E SRR RTE T R4 BR b 0 ol 55 & g8 v i sr

SKMACEAM B, LkmACEAM R,

3 hEFk 1 hfEzh

125 kmACEAHER 12,5 kmukK B4R
4DVar En4DVar

K3 HEAR R A B0 BBE R R 55 176 2 58 % 1 D
Fig. 3 History of the NWP operational data assimilation system independently developed at CMA
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TR T RARE R 2R R R R 5, JFH
KT AR Lk E BRI E AL, Al A 1 45 2R 5 1
A =R P A [ b T OR300 6 [ G 1 £ I R
GTS LHE: KA E (MRS, 1992; 2RV,
1994) . 7E 2009 TR HT E Ol 5524719 T639L60
Z 45| 3E T NCEP (1) GSI 28 23 WS R R4k R 48, 52
BT R i S5 DL AR {7 %8 17 3D Var [F] 4k )5 28 1Y
g AR, W DL ] A b B T i e R AL %
BECE %, 2008) .

20 4ok 2 21 22w, HESZ R Tk
R BE R A TR 55 & JR 4 R B2 ok 5 it oy 5%
HHFEFERNEMERIGK, KETER%EAC
() 3wt 2 5 — AR 22 RO 3 9 R IR 1k 5 B0 R
SR R % —— GRAPES (B 20 3% %, 2008; L2
% ,2020) . 20064F 7 H, 30 km /K - 43 HE R
GRAPES X 3 #1 . & 4 ( GRAPES-MESO 2.0 )it )
EERIL 0N %IE1T, B/& GRAPES (K&
H—AN %5 R G, B 45 X 845 K 1/ 3D Var [F4L T &
Gr, — R A 3, R A E SO 58k, 2008 4
I A7, GRAPES-MESO W % & 4t F+ % 5 2.5 WL,
IR HE R AR T B 15 km, [F] RS2 BT X B =X
3DVar [Al 4k, 2010 4, 3£ F GRAPES-MESO & Ji#
1) GRAPES-RAFS( Rapid Analysis and Forecast
System; #AL 5 4, 2013) R G tn ikl 55 is 17, iF
17 3 hIa] B@ Y 4> B 0 4 0@ 26 . 2014 4F 7 H
GRAPES-MESO 4.0 It |4k, 7K 2 B R T+ 9 R
10 km, 3 7 = o A, [RS8 T GPS/PW,
FY-2E = § .. GNSS/RO %5 % ) iy [A] 4k )37 FH (3
A 2017; T4, 2020) . 2020 4F 6 H, CMA-
MESO 5.0 it 1E 20k 55 2 17, A1k & Ge th bl 2 T+ 2%
Sy E X33 km 43 BES Y 3D Var [ 4k, 3 h 23 Hr
G PR (BN P55, 2022) o

GRAPES 4 BR 8 X R 48 19 5 — 4~ IE LR A
GRAPES-GFS 1.0 W7t 2009 45 P MH eV 551217, H
4 PR 45 R T 3D Var [A] £ & 4t 42 it 4 3k =X i W)
flH. 2016 4%, 25 km 7K V-4 #F % 1) GRAPES-GFS
2.0 MIE 0k 553217, 4Bk 45 [T 3D Var [k &4t
O oA 4Bk 3D Var [k R4, ke T L4
M AR =0 L =2 ] ) 2 [ 475 1B AR 2 A e 51 A Y
BAMR 2, BT R IRE O 2 (F &5,
2014), [FRIBF e T TR BORHRIE 2 ORRAL (E 4
i %%, 2015, 2016; Han, et al, 2016) , GRAPES-
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GFS 43R4 2 1 3D Var 193 1 BE 35 Bl 545 17
BOR (F4 M4, 2017). 2018 4E 7 H, GRAPES-GFS
2.2 W SE B %535 47, A Ak & 48 B 3DVar FH 4 Hy
4DVar (Zhang, et al, 2019) ., GRAPES 4> Bk i 475
g1 TRlAE & GE 0l 55 38 47 bR i B H EDIE 55 BUE RS
T R A AR A bR Se i 4780, ik BB L 2%k
A A F 0 & A 55 0 D9 4E A48 4y W] 4k R 480
YR O Z — (P25, 2020) . 2021 4,
GRAPES-GFS fll. GRAPES-MESO 73 3 ¥ 4 &
CMA-GFS FICMA-MESO. 2023 45 H,CMA-GFS
4.0 B4 Ak 45 I, 42 BR 4D Var Al 1k & 48 19 7K -
Ay FEFN 25 km #2525 F) 12.5 km, [7) TR [F] Ak fdi
FH A B SH A 5 4% i 5 5K N RTTOV 3 38 oy & ™
ARMS, X S — AN B 8, k55 WA R 42
B E AR B BTG T X824 R4E WMo
52K B0 R M, YEER 500 hPa & E R . ALK BRI
FAEC R E(ACC, B 1) D5 sl AR R RN 5 5%, K0
AR ZCHE . T LIE ], CMA-GFS £ 5kl % Wi &
e AR ACR AR T, B bR BRI 22 A
N, Horh, 855 KAb 2P Bk 500 hPa i 3% ACC
M 2010 4 9 H (14 0.695, T+ 2015 4F 9 H 19 0.768,
202349 ACTHE 0.846 (X IEEE, 2024) .

2024 4E 6 1, CMA-MESO 6.0 iz 7 [E 1 km 43
AR R G058 o 55 ARV, IR AT SERTL 5547
R, 3DVar [AlfL R G TR 1 km 7K 50 HF K
1 h ] B& 40 A7 941 96 248 . 5 06 W] #F, CMA-GFS
4.2 it 423k 4DVar J+ 4 h 4 K EndDVar, &0 4 5%
BT 1 a g IR S, 43 B T d AR K T &R etk
T 42 Bk 4DVar k. 55 & 48 19 45 21, 2024 4F 12 H
31 Hik %117
52 EHRMNETHEHRISZRES

4DVar #& 3DVar 7ERTEIZE RGP R, BTl 3DVar
7] fbAE 22 /& 4D Var [a] fL HE 42 1Y BE il . CMA-GFS
423K 3/4DVar [A{LHEZE R It R &L, E 1187 174 38 32
B R 19 TG 1 A0SR AL RRAE A A B AR = T
P S RNTC 99O 7B Al ok 3 ) M ge it
S A B R . oA Hr AR & 2 AR A
MST Y, T LAXT I 08 75 55 37 158 22 B J7 2 B 02 X A
FEFE . ZEDCELAN b, AR o i KO AR DGR SR H
B B 105 A O BRI, AR S 38 1 U8 Ok T, K
S 6 R R Al LR DG 4B B AT 2 AR G HEAR S
RN
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[ i}, CMA-GFS 4Bk 3/4DVar [a] 1k HE 42 52 i
TR R, 154 BR 4D Var H 8 0L
PR3 e 0 B TR A 2, A /N A e S st R 431
O3 BER D) SRR SR Rl AR X, N H L B I T AR
B R R, T L RE S = H bRz sk /ME
IR %

23R )M R AR B AR 202 22 35Kk 4D Var [
RGO BB . CMA-GFS 4Bk ) 26 A6 =X Al
PR A AR H bR 5 — AN FE 2 8K 4D Var [F 4kl 55
290 R A AR 7 4 BRD) 2 M AR 2 A R
T LW 488 2K ) g A 230 43 A 0 T B e ] A 4
BRI AL B I HESR Y 3 A5 22 A7, Tk R R IR
5o BRI Z AN, CMA-GFS 4> BRI 4 v 455 X A £ b
B A TR Z R LTy R, mihE Y
R UK A 1T S 80k . R RUBE ik 45 FR it S 804k
SRR AR, 2019; XK, 2019) .

CMA-GFS 23k 4DVar Al bl 55 R4 0E & T
A T8 5 5 fE A9 Lanczos-CG & ¥ fil L-BFGS &
o B BCE ] Lanczos-CG B 3, B 1 W S
S, WS B AR . i L-BFGS Bk 0 R 5
BE ST, BT LAY Lanczos-CG 2 AU ST IY 55
R 2x A BV L-BFGS Hvk .

GRAPES 43k 4DVar [alfklk 55 7 5t (4.0 Ji) (1)
FEAR BB ALK/ 385 0.125°/0.75° (AMEFR/ A
W), H)Z5 872, BB 4 2L K 300 /900 s
(OGRS AIE ), [P 0L 0 45 4 1 B 1) 7 4 3
6 h, WL ) 43 ] BE 30 min, i A% /N 2 Rk L
50 Ko R TS HT BUR OT HE RN SRR, is T — A
S AT ARG I RGN — M iR R G . BERE
T 4 R4 2R ADVar [Fl 4k, FIMLZEH G, A2 bR #E i)
ZIM R A, SR )5 PR X —RI{EEFT 10 d T

CMA-GFS 23k [ fb RGN HEM & T 1A %k
9 5T AR . R | w25 3T IE AF TR BEORHE Ak G
SEEE R, T H ST T AR PRk e A AR X
ARMS, Z T IR 5e i H A RTTOV, 7F T8 A 58k}
[ 4k 77 1l , CMA-GFS 4DVar M4 S2 B T X% FY #%
R TR RO R T (Xiao, et al, 2023a) .
1% 1L (Xiao, et al, 2020) . # & (Wang, et al,
2020). FY #1E54: TLELIAMNS G (Yin, et al, 2020,
2021; Han, et al, 2023) 2L 4b AL 1% A ( E A% 45,
2018) %, DL K HY-2B S 24 SMR (Li Z T, et
al, 2024) . B ITFFE T K(Wang J C, et al, 2023 ) %5

517

PR F AL . 764 T CMA-GFS 423k 4DVar &4
o AL ORI AT FE PR S L i . RHLIR . = SR
S A BT R, GPS AT [ K i . GNSS SR,
NOAA ., METOP. FY-3 fit i 3 7% B i1 . 41 4h i 0k
. GCOM fifl A AL . FY-2 BUAR A 25 %k, Horp
TR R S T I AR Y 80% 22 AT, TR 4T
BRI b ¥ T OCHAE .
53 XEBZHTHERNRIFZES

rh [ 55 XU T R B8 CMA-MESO (3
GRAPES-MESO) 3= % [f] ] F J¢ 7™ 1) 5 X 37 45 K
TR, Shy S B I 3 T R e R ST A AR A
T SZHE o R X s I R A e kR R,
Fe 0 R R L 23 40 B S 0 UL ) R B e A I A
KL 14> 2, X F 2l CMA-MESO T2k R
£ 3DVar REM = 3 R 5L M . CMA-MESO %
45 ok F PR TR Ak TR 0 B ORE R Y O 2B AT
2020 42 6 A, 3 km 28 ¥F% . 3 h BHi Y CMA-MESO
V5.0 R G5B 55 12 17 (k2% 5%, 20205 21N P
45,2022)520244F 6 H, 1 km 23 FE% | 1 h FH 1)
CMA-MESO V6.0 % %t i o Ml 55 16 37 #7, 2024 4F
10 Ak 553817,

CMA-MESO T >k R 3DVar L GRAPES 4=
B IX 38— A Ak AR 43 [m] ARHE 22 Ry B, TRT ) 5% 3 R
SRR AL A M SR IR T R XM K . TETRE
SIPTHESE b, XTI RUBE R Ge 1 30 I 22 R Ak R
TR IME AR A B, 5T AR S T RS 4
W, ST o A B b RCBE 3 B (B R AR
2024) [V, Shy 3 i R RUBE B0 A9 TE B 4 348, 34 B
BT ZRENPTE, 65 RHZ & RES N
7K R GRS s A Bk KRB A B 55 29 5 D S
MREFESERAREFGEMAMRS
(Blending) F % 4 (IF B2 4%, 2020; F I & 5%,
2021), T KRN J¥ 3DVar EEEH MK K. L. I8
SEAR B, = K W) AR G O = 4 A R 12 e B
B, I 38 i 5k ot 1@ 3 (Nudging) B9 77 251 A B =
Bl CRSZIE S, 2017) o 18 BV % &R G 3 ait
b, WERIFRIAE R T CMA-MESO = 4% 478 >
KA R Ak (En3DVar) &4, 52 33 4 8 W] 4k 437 .
HE—4, 7€ En3DVar HEZL HUET 3G T 2 7K W o 4 il AR
i, TR A R T T B R AR RS

7 S 9 R N 1, CMA-MESO T2k R
3DVar 7545 & ¥ 4 Bk /X 30— 1R Ak 28 45 36 1) 0l
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FEI P, BRI, = 5K, GNSS(4& Bk &
it ARG A Pr g3 L Wi R BT XUAE R
B B R AL . FE UL FERE I, CMA-MESO %
GERM K R | S Ay R GER R RAR R H . X T
TIRGORE, 72 1m KRR TR IS PORHE TR RUE 3D Var
oS I W AN, R R ORHE = o0 i R g h
SEPR R AN o R R E B — AR ER R R R R T
B FY-4A. FY-4B 4246 1% 55 1 L 25 43 B 500 ) 7%
B, TR R 3DVar th 52 80 B 42 W 4k v, FY-
2G LA = R = T R .
XoF A B S R b T B B G U, TR R
3DVar 4L 10 m X3, 2 mid . 2 m B .
b TS S A LN R A AR . BR TR b
TR UL 22 2R, M3 GNSS KA ] B K 2 %8 B 7E T
KRE 3DVar iP S BRI FH o 22 U8 95 kL [R] 4k
N & T CMA-MESO %R 4k 2 45 1% 0] R FH 5%
BRI B ZE, AT 0 R R 2GR B 17 P, 5
G % T KR E 3DVar Fl =201 R 40, s %ORHA
TERG e, e T RRE 3DVar ', FHik
A B o

T Ik YRR X F 4R IE CMA-MESO 3 km )
%5 Z G009 5 B AR i 28 G H B, A G Ok
FRGERL Y[R fh X 5 B K B TR TS BF 4 1T A 2%
S5—18 4~ H 4 r, A2 ) XA [ b tho i — 25 Bl 3 TR
2R o f o XUJEE £ B S 1 )k 07 FH L S 7 Rl ek
3 6 WU Y % A2 F e B (B 5, 2019) . T o
I3 AT E AR T 2 50 0C R, X I N B A U
H—Em R, FHit, #F CMA-MESO 1 km 44>
[Flfb R Ge, IF R T Bk R 348 3 Rl Ak, RUM 4k &
B A AR R (A K IR T CMA-MESO
En3DVar &%, JFE T 85 KR K 17K ) o [l 4k
AT o BRILZ A, 7 A0 b 3 38 0L 9 R} R
52 B 56, X B R AUH A AT R R T e
FHHRIREE L = HiAr =% 47E CMA-MESO
Azl T R AE .
5.4 BRI ZERE L

S5 R R A BRI 55 155 5K R G 0T R A
S E TR B BB W 2004 4, YT R T T213 4
BRI R R Tt ) LG WA BE TR A I T A R
JHE I 4% 3 5 43 H AR AR ) #H SRR A T R (B %
FE4E, 2009a, 2009b) ., 2014 4F, %75 & th W) 4R 08 ik
T R A RN 3 8 0 kA T A iR T A T X 37
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SR GORH R AL WIS AR, I T T639 4 Bk
B (BRZEHESE, 2016) . M 2018 4F 8L, B E HIE A
F &L ERBE R 55 CMA-GFS (4 H 25 iU, & 8
T —FEHF 4DVar REG0. 3 3h WIS AT K B e
& Bl 030 R0 0 SRS B 2k AR A BE B G R
BERI G T7 %8 (RE2EFE4E, 2022) o SEBrlk 45 07 FH 36
W, WA J7 50T LA B ek if CMA-GFS 2Bk %2
Vi 35 1% AT A S AR R 8 R AR RO . R SRR
F B W5, — 5 K R SR R RV (R Bl
FEAR DL I B G X3 1 5 152 2 S ) I A A
fiEs 53— 7 I, 5T EndDVar £ AR $2 & #ay S iE W
NURAY SX NSRS RN IR e N E et =R R
49 53 BT 0T 4

6  BORHRLR AR KR

6.1 ENES7TH#HE., KR EREL

BAH K AT — A 8 Ty ) 2 4 e B
AT PR, 3K 2307 ok B 2 A AR Ltk AR s B oA
s RUBE 3o T2 % g A5 [) B, SO R 42 1Y) K R A 25
KW HER W 2R HAEIN{E R (& 4) .
W, B2 N R B R ] Ak T i B A s 0 0
A b 22 FIZE BTl A FHE FH (Yano, et al, 2018) ¢
ER B ES R IR 2 U8 (Tterative Ensemble Kalman
Filter, IEnKF; Sakov, et al, 2012) F| FH B — £ T 1Y
S5 o AR M Tl 01, B g A R S 4 1 1R
WK 0, S RIEL P ITES LR,
£ 45 5 Hh 35 B IR 5 38 3% (Gaussian Mixture Filter;
Bengtsson, et al, 2003) | fx K Ul %% 4£ & I8 U
(Maximum Likelihood Ensemble Filter; Zupanski,
2005) . HE ¢ H 5 B UE I% (Rank Histogram Filter;
Anderson, 2010) , B:UCHECSE N (Lei, et al, 2011) | 43
57 B <F 1H 4 A U8 3% (Quantile-Conserving Ensemble
Filter; Anderson, 2022, 2023 ) 4,

WA —2 58 4 DU | AR 2P 1 R4k 325 02 kL
FJ€7% (van Leeuwen, 2009 ), Fr 5 3 & D1 i34
J5 95534, 3% A] DL i # R A (Bootstrap Sampling;
Gordon, et al, 1993; Douc, et al, 2005) . F] Z %
#£ (van Leeuwen, 2003; Robert, et al, 2004 ) % # &
Tt i 4 A B9 E 2 R B (Importance Sampling
with Proposal; Doucet, et al, 2000; Spiller, et al,
2008) ZE 5L AH KL U8 AR N T 4k Bh ) R 40
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Fig. 4 Prospect for the development of data assimilation
in NWP

Asf 1T IIfs 24 %% 3H 9E ( Curse of Dimensionality; Snyder,
et al, 2008) . i H T8 22 4 BOH FE Y Ik L A
25 A U8 U AT 19 B 3XOkE - U8 % (Chorin, et al,
2009) . IRAHEA RS IR KT (Santitissa-
deekorn, et al, 2015) , FEALH KL T-JE I (Ades, et al,
2015; Zhu, et al, 2016) S Ja i ki 5~ & 3% (Penny, et
al, 2016; Poterjoy J, 2016b) 55,

BE R AT 55— & T [l S A K 1 4
BF 250, DAY A /N T PR R Y R B 2R T AR
(Seasonal-to-Decadal s2d) Y T 4R B % (& 4) .
I, T EAR A KRS M BR R 5 rh 2218 728 Ak i 20
g1, AN Ve | BT . KR B4, X SE 5 BORHE] 4L
T EE L 559G R TE £ o R = R Ak A i
SN, ) FH R A A S 00 A5 B, ) 5 g 1 B XA
i# (Zhang, et al, 2007; Sugiura, et al, 2008; Saha, et
al, 2010; Laloyaux, et al, 2016) ., #t—2, 54 A
AT T L0 {5 2 [] B B8 25 43 B A 2K ( Sluka, et al,
2016; Sun, et al, 2020b) . AXF T 5585 G [F 1k, TR RS
A IR A R DL SR AT 57 19 43 M 3, 3 100 08/ 00 i Ak
ifr o 9F: 24 afF U4 (Smith, et al, 2015; Chen X C, et
al, 2019; Zhang, et al, 2020) .
6.2 RENFZFINENREL

Bl ) 2 GokHE AL . B AR T R0 Tt
Py ok TR ML, U IR 7R TR VA o UL I A5 A
AR R A Dy . BB R AL R PL AR 2= ) B R
AL, 3577 & AR 2 DUt 07 B8 R (9 2 18] 8 ( Geerr,
2021) o AR T AL GE 0 Bk R Ak, AL AS 27 2T 78 4 4
AL MEARRAE | T AR LM R G0 . b B UL I 45 4
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505 T EA U, I AL 2% > gk R Ak 45 5 )
REHEERREERE(E4) ., HESGIERE
FVGERE R4 AT R EH 5K Bl . R 2 T 1Y) T 4SS
BACEE R, 7E76 20 [F] 4k b AR A5 = T H B R 0 il
e FengWu-4DVar 4 FE T Z BI04 W 45 1 X 5
H5E 7Y 5 0 2 AR 43 25, WE R R A 7R 5 A5 e 4
i, SRR B 2 ) BEAL I 1 Bl 353 5. ) i B3R A
IO 2 A5 43 #5347 A ( Xiao, et al, 2024a) o AH Ll i,
T VIT (Vision Transformer) 8 £ [0 2% ZE ¥4 14 4>
BRRAHRAS ClimaX 5 R 4R & 7 8 R /R 208
WA 25 G, AT S BLAE 0 4R 5 BEORHE AL, [A] i 4R 5
B F AL 36 AT H T 12 W B TR R AR S i R AR A
(Kotsuki, et al, 2024 ) .

BL A% 7 >0 W] LA R T 9% ) ] 1k 09 45 41 18058
I3 o LI . K A8 AR 5 5 A SR 6 UL ) £ 3, R
DB I L PR AT B AR AR I, TR B2 2 > AT A A5
S B3 KR B i 2 PR B (Jacobian i FE) J5 &
B il 55 [6] 4k Hh 3t i 4 22 % (9 — B A B (Hassian
FE ), o R ST v B AR M 04 I ) 08 I B
(Storto, et al, 2021) . ILAk, FEFIRE T W T A
TR 55 7T LA A A% 455 =X, I m] g % T
A2 UL 5 kL AT I 22 T 1E (Liang, et al, 2023) . P4
AR 53 i it 0B BE RS X R A M B KL TR oK
1o, TR B 2 ) B AU AT B G0y, PR AT LRI TR
JERSEHU ) B2 B0 J7 S8R AT O B, T SR AS A 1
(9 D) P AR R P B A =X, JF W 35 4 i H B R
(Hatfield, 2021) . Jay ML/ R 7K S I8 PRI N
T 4 5h )1 R G000 Sk, (H 38 5 T 0 )= Hh Ak ok
B 22 Ry WA IE B 45 ) XEFR A, T 2 T IR B A 2T 9 Ja)
AN AT AR v PR HUCIE e MR 52 25 R AR, AR
XIFR . AR MR R AL R (Wang Z R, et al, 2023) .

A5 108 2 2 T A 158 25 1 i S 2 LT A, R
LR Ak T S IR IR 22 ORI . LA 2= 2T AT L
AN [) 15 5 %) 501 S 400 v 2 20 15 3] fh B A 0K
fiE i M7 i = A2 B9 B LR 22 (Rasp, et al, 2018;
Bolton, et al, 2019; Gagne 1I, et al, 2020; Brajard,
etal, 2021) . N A& M 45 . TR #4825 F1 45 A1
Pt 28 ) 2% 25 N R RE 2R I AL 2 27 >, T B T 00 35
T i 3 AU 45 A B 2 B B AT R ] RO sl R 2tk
FRAERE 2R 22, 176 TEORHR) A6 b i T i 45 2 Xk
fiE #5512 22 ( Bonavita, et al, 2020; Farchi, et al,
2021a) o 2, I HAE PR %8R Ak, A& 2% > /]
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DL T 06 3 T 5 e 3 70 25 >0 I8 TE 58 22
(Farchi, et al, 2021b; Peng, et al, 2024 ), B¢ # il i
P 3009 5 B AE B ) Ak T X AR AR K S 80
%22 (Bocquet, et al, 2021; Malartic, et al, 2022)
12 48 R [R] Ak T I 1) — > Bk = R A s 4
FE R CHAH R B A b, AR L 0 T A TR AR A L4
! (Latent Assimilation; Binev, et al, 2017; Arcucci,
et al, 2019; Casas, et al, 2020), HAF R T HL#5# >
Y G B 2 ) T A 23 [ 64T BEORH AL, 455 HLAs 2%
> 1Y e T B RCR AN TR [R] Ak 19 A8 Ak S A 3 S5 AR
P AR I A G R R 2 IR AR B iR 2=
(=3[ FITTR A S - R E Nl o | =t W P R
25, PR A8 3 G i 2 5 78 23 O IR AHSE G, v RS
P F 15 50728 53 J7 i 9 f# (Xiao, et al, 2024b) . #f—
o, WldRE 2 e S AR KR IR DM S G, IR E R
IR S Y U 2% (Krishnan, et al, 2015, 2017) fil K /R &
A5 H Y% 15 %% (Fraccaro, et al, 2017) % . DiffDA
W JE T GraphCast it 28 W 45 , i) FH K /<0 Tl 452 780 il
F MR IO A ] (Y AR B, L8 7 A OB RIAK 23 BT
(Huang, et al, 2024) . 4k, Hls2¢ 0 HEH T A

52 RE AR 23 B A B LI ) 2% 947 B A R] A (Wang,

et al, 2022; Howard, et al, 2024 ) .
6.3 =ZDE. WRIREEFHENK

1E DR FORRN L7 1H, oL % R g Rk
RGBS LA 25 N (R I R 5O, R X R
AR R 3 M 55 I o BT 2 SR ek, A4
R KB Ik o RGO B T8 A 3 2l 3 B SR R b JE 4%
Ao LU A 14 (] Ak i 3 A RE B T o T ) M R R
GEREA R AL T, DR S e o A2 i 5 2 2 O e 4 i
B & 280 KA 18 = 061 R RZ i o &
TR, e T N TR BB Y T AL R T 2 48 1y R
A AL I AT DL G Bk R AR 2 R ok T8
B GEORER A T A — AR E A O, R R AL
A1 AT UL ORI 42 K 23[R A S 0 i R 1) 4
A R AL RS A 19 29 BT 1 (Schrottle, et al, 2020),
T8 3 R ST AL 2 R O R 1 A A
ALY, R BB IR AL TR £ 22 2 )2 52 W Y 41 A1 e 5 5T
ko RIS, SRS 4 Ay i T 2ok 2 ) 4 340 DT 165 o b
TG T Y R S R R A R R R . R
TN 58 e i o 80 R A9 i T OGO A WE
BERE, B2 H AT B R AU S 8 TR 2 1
B b HE Y S ) o R AR, LA R R
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RGNS WIAE S o R I AR BT 0 Rk
LT TR TR I 2R 4 S ok B A SR AR A &R g R
#hFE A TSRS, 2016) , ASAURT DL AR 5y B A5 1) =
YRS SR BRIAE B, TR 3 AT LS 3 F K
TRAB I IR I 4 K 28 AN TR) g B A3 7 i, R B
AL E Z B 3l 1 W5 S (Zhang, et al, 2021) .
T3 Ak, BT TR B 0 R A A R AR AR AL
UL DU 2 [ 9 I ) BS9SRI =
[ 79 B ) R B A5, 8] 20 A5 R 00 e T
. H (Di, et al, 2024) $£ T+ AL RCR, BAR T A%
R A Y T EE ST 1) .

Ik — Tl B A8 43 HE H A XU 4 75 ik
ML+ EZE . Li 45 (2017) 3 FAR 01k, #47
Tl XU R B A TR A A A R I, B 5 A
BN Rk 22 55 5T 3 KT F0 25 20 AHAS, 1T LA
HE— 25 M0 SR B A AT TR . A 4 Al 4k
7 e B AR 2 U e 08 0 2 1) 1) 4 M B T A Bl
S, O T A Y U2 M B T RN AR R AR T
Kawabata 55 (2018 ) #4 & 1 35 T A A 1) B i
SR 000 - OB, 00 B 1 D B8 7 RN A B OR T, Wang
85 (2019) WFE R 3 T 4 B VKAH B F 7E N 19 7K OF /26
NENE i 7S R VN Ry R ) - o= R A 1 K i AT
K BH A (2024) #E ST T — B JE TR EEY ¥ 0 A8
{14 XA 41 B 8 A8 A3 L4 TR Ak 7 58, LS 9 10 A
IF] £k K 7 41 32X 56 28 B XU 0 B T 38 Bk ) Ak e itk T
3T B A 3h ) R B A M REAE . b
T e U P B LI B R B B A F
5, S ORUYi B T 38 e 41 £ 19 28 43 TRl Ak TR SR 4L T 5
Bl 45 o BRI, BT 00U A B 3k U0 4k M RN A Bl R T
()52 2= Pk RN B B4k T 58 B AN S A, B A Ui
I 75 18 WL B AT T ik — 2 AT, U R A X vk
AR A RS B2 — A5 b 3
6.4 SEMNFZERERS

M, A AR A BRI 0 55 R AT
%55 CMA-GFS Fl CMA-MESO BEf 4 2 71k £
VESURIINAS S = RPN B E S Uk N i 83
TR HE T SR AR o AT 1) O A% B Bk R 42
BOE R AR TR, B A R B0 T HE S8 0 DA R oK .
H A B 32 2B U 0 1E 7 & R o 35 50 I A
AW RS, E AW I AE N T T — 1wk B Al
PR RS AR (L, et al, 2020) . i[5 T —fURE R 1)
e R BE T R KRR Ak 2R S R BIE R T AR JE i
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B, T—MRKARFME RS W LR B b 2 # L4
BRIV ZEAS 2y RO, AR/ X I — AR AL B 4R A A8 43R
HRACHESE . fEIEERE B, PRI SMEE . &
WX TR TR, ik PR AT XIEBRIE . W
T4 76 1K | FH 4 I TR A L b 3k o 0 JER S 22 U R R
1) [R) Ak 2 AR BF 9, 2 5 28000 00 3% ) 7y ol 55 1
5RO RN TR RO ik A £ VR B RLRI AL A
SRR A R AR5 o

T ) RSB A% 22 RO 1Y) TG 5% Bt Bk R G 8k
ERIE &0 O o 2 = N il i) =R DA IR 57 N
PIRRE BE Y S R TRIb 3R G0 Sl 4 1A - i - < -
VKEEA L R G0, SCE R 2 45 A ) P 2 22 5 9 oR)
1A R A, S ek 2 e A5 4R At R — S0y s
EYME. WE 4 FrR, LA 7R 4L 7 2 M B
14 & Je L Ails b 37 b 3K AR 490 B50{H T A S0 Y B
BEHFEEE 55 R 55
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