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ABSTRACT

This review summarizes the scientific and technical progress in atmospheric modeling in China since 2011, including
the dynamical core, model physics, data assimilation, ensemble forecasting, and model evaluation strategies. In terms of the
dynamical core, important efforts have been made in the improvement of the existing model formulations and in exploring
new modeling approaches that can better adapt to massively parallel computers and global multiscale modeling. With regard
to model physics, various achievements in physical representations have been made, especially a trend toward scale-aware
parameterization for accommodating the increase of model resolution. In the field of data assimilation, a 4D-Var system has
been developed and is operationally used by the National Meteorological Center of China, and its performance is promising.
Furthermore, ensemble forecasting has played a more important role in operational forecast systems and progressed in many
fundamental techniques. Model evaluation strategies, including key performance metrics and standardized experimental
protocols, have been proposed and widely applied to better understand the strengths and weaknesses of the systems, offering
key routes for model improvement. The paper concludes with a concise summary of the status quo and a brief outlook in
terms of future development.
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Article Highlights:

• Recent scientific and technical progress in numerical atmospheric modeling in China is summarized.
• The review is structured based on the components of a typical weather and climate modeling system, including the dynam-

ical core, model physics, data assimilation, operational ensemble forecasting techniques, and model evaluation strategies.

1. Introduction
Numerical atmospheric/meteorological models have be-

come fundamental tools for operational weather forecast-
ing, climate prediction and projection, and research model-
ing. The performance of atmospheric models reflects the core
strength of meteorological technology. With the ongoing en-
hancement of computational techniques and resources, the
role of numerical models will certainly become increasingly
important in both research and operational applications.

As numerical modeling has gradually advanced, the de-
velopment of atmospheric models has been pushed forward
along two complementary routes: the increase in model res-
olution and the increase in model completeness. These two
routes loosely correspond to two major applications of at-
mospheric models: numerical weather prediction (NWP) and
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climate modeling. The need for highly accurate forecasts in
the NWP community leads to pursuing higher model reso-
lutions, which are beneficial for resolving more fine-scale
structures associated with atmospheric motion. Global non-
hydrostatic modeling will become a routine rather than an
exceptional choice as the horizontal resolution of NWP mod-
els approaches the typical nonhydrostatic regime (Bauer et
al., 2015). For earth/climate system modeling as a whole, it
is more important to obtain an adequate statistical state that
covers a relatively long time duration. This approach typi-
cally requires a detailed description of different component
processes, which increases the model complexity. While the
resolution of global climate models has also increased sub-
stantially in the few past decades (e.g., Yu et al., 2016), at-
mospheric modeling applications will still be largely oper-
ated on the hydrostatic regime, especially when it comes
to a fully coupled system. However, at the regional scale,
convection-permitting climate modeling has already become
popular (e.g., Prein et al., 2017). Although these applications
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differ somewhat, the underlying science and techniques as-
sociated with these modeling strategies are similar. The ul-
timate solutions to these common issues may be shared by
various modeling groups with different purposes.

The development of numerical atmospheric modeling in
China dates back to the 1950s (e.g., Gu et al., 1957; Liao,
1958; Chou et al., 1963; Zeng, 1979; Zeng et al., 1985; Qian
and Zhong, 1986; Zhang, 1990; Li, 1994; Zhou and Wang,
1996; Wu et al., 1996). Some earlier reviews have been pre-
sented by Tao et al. (2003), Xue (2004), and Xue and Liu
(2007). Based on these past achievements, weather and cli-
mate modeling activities have prospered in China. In the field
of weather forecasting, the Global/Regional Assimilation and
Prediction System (GRAPES) has been operationally used
for delivering global and regional forecasts (e.g., Shen et

al., 2017). The performance of this operational system has
approached those of some leading global forecast systems.
Figures 1a and b present the forecasting skill in terms of
the root-mean-square error of sea level pressure over Asia,
and the anomaly correlation coefficient of geopotential height
at 500 hPa over the Northern Hemisphere, respectively. For
the Asia region, GRAPES-GFS (the global version) already
shows competitive performance with other models. How-
ever, for the entire Northern Hemisphere, there are still some
gaps compared with other leading global forecast systems.
In terms of daily operational weather forecasting for China,
GRAPES-GFS also exhibits competitive performance with
the systems developed in Europe and Japan (Fig. 1c).

With regard to global climate modeling, the major efforts
have been devoted to climate prediction and projection. Cli-

_MESO

Fig. 1. (a) Forecasting skill in terms of the root-mean-square error of sea level
pressure forecasts for Asia. (b) Forecasting skill in terms of the anomaly correla-
tion coefficient of geopotential height at 500 hPa for the Northern Hemisphere.
(c) Equitable Threat Score (ETS) of precipitation over China averaged in the
period 1 July to 31 October 2018. Results from various forecasting systems
(ECMWF, NCEP, Russia, GRAPES, JMA, and UK) are compared.
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mate models developed in China were used for phases one,
three and five of the Coupled Model Intercomparison Project
(CMIP). Four modeling groups (Bao et al., 2013; Li et al.,
2013a; Ji et al., 2014; Wu et al., 2014) made important con-
tributions to the last program, i.e., CMIP5. Presently, there
are around 10 climate modeling groups all over the country
(Zhou et al., 2014b), and these groups will play a more ac-
tive role in the upcoming CMIP6. Meanwhile, subseasonal-
to-seasonal prediction has attracted the attention of both the
weather and climate modeling communities. The Beijing Cli-
mate Center (BCC) Climate System Model at the China Me-
teorological Administration (CMA) has participated in the
Subseasonal-to-Seasonal Project (e.g., Jie et al., 2017; Liu
et al., 2017a), which targeted the building of a common
database (cf., Vitart et al., 2017) for research in this field,
as well as helping to improve the performance of operational
systems.

This review seeks to summarize the scientific and tech-
nical progress in the field of numerical atmospheric model-
ing in China since 2011. As shown in Fig. 2, a typical atmo-
spheric modeling system can be described by several major
components from the perspective of the system function, in-
cluding the dynamical core that handles the resolvable-scale
fluid structures; model physics that represents the bulk effects
of the non-resolvable-scale processes by using parametric re-
lationships of the prognostic variables; and the data assimi-
lation system that provides an optimal estimate of the initial
state. Given proper boundary conditions prescribed by exist-
ing datasets or provided by an interactive component model
in the earth system (e.g., land and ocean), a unified modeling
framework may be used for multiple meteorological appli-
cations, such as weather forecasting, climate prediction, or
climate projection. Scientific and technical advances associ-
ated with these modeling system components for NWP and
climate modeling are the major focus of this paper.

Meanwhile, it is also useful to mention what this review
does not include. This review does not include all atmo-
spheric modeling issues in a broad sense. The forcing mech-
anisms for conventional atmospheric models, such as the
coupling between atmospheric models and other earth sys-
tem component models and their interactions, are beyond the
scope of this review. The roles played by aerosol and chem-
ical species in the atmosphere are important but are also not
considered here. In addition to the science and techniques
associated with the modeling system itself, the progress in
model application and evaluation strategies, including oper-
ational ensemble forecasting and model evaluation, are also
described. These aspects have become an indispensable part
of numerical modeling of the atmosphere. They help people
to better utilize the system in a more skillful manner and help
in understanding the strengths and weaknesses of the system,
thus offering key routes for performance improvement.

The remainder of this review is organized as follows. Sec-
tions 2 and 3 describe advances in the fields of the dynami-
cal core and physical processes, respectively. Progress in data
assimilation is documented in section 4. Sections 5 and 6 re-
view studies associated with ensemble forecasting and model
evaluation, respectively. A summary and future outlook are
provided in the final section.

2. Dynamical core
The dynamical core deals with the resolvable-scale fluid

evolution in a model. In this section, research advances as-
sociated with the dynamical core are reviewed with respect
to three aspects: (i) the horizontal and vertical discretization
techniques developed for existing models; (ii) the techniques
developed for the new generation of global models on quasi-
uniform meshes; and (iii) the impact of the dynamical core
on model performance.

Dynamical Core
(Basic dynamics + Passive transport)

Model Physics
(Bulk effects of non-resolvable 

processes to the resolvable scale)

Data 

Assimilation

Verification + Understanding

Correction + Improvement

Observations

3D-Var/4D-Var/

EnKF

Model Evaluation

Coupled/Prescribed (Forces or Boundary)

Results

Weather Forecast

Climate Prediction

Climate Projection

Research Modeling

Fig. 2. Schematic diagram illustrating the typical components of an atmospheric modeling system,
including functions and applications.
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2.1. Horizontal and vertical discretization
A modern atmospheric dynamical core may be separated

into two parts: (i) the basic dynamical component that solves
the atmospheric governing equations (hydrostatic or nonhy-
drostatic, shallow or deep atmosphere), which determine the
evolution of mass, momentum and energy; and (ii) a pas-
sive transport component that handles the advection of mois-
ture and other passive tracer species. The basic dynamics
also contain many transport terms (e.g., mass, momentum,
heat), which are tightly connected with wave-like phenom-
ena. Hence, the transport solver usually has an important im-
pact on model performance. Transport methods are usually
categorized into Lagrangian and Eulerian types based on the
specification of the flow field. The (semi) Lagrangian ap-
proach solves the material time derivative equation by track-
ing the fluid trajectory. It is able to maintain numerical stabil-
ity when combined with large Courant numbers but requires
nontrivial effort to meet the conservation laws. The Eulerian
approach solves the local time derivative equation, and the
time step is usually limited by the Courant number, but the
flux-form Eulerian scheme can automatically guarantee con-
servation of mass. In practical modeling, the choice between
them is usually a tradeoff depending on the primary focus and
the target applications.

A semi-Lagrangian transport method (Bermejo and
Conde, 2002) is used by the GRAPES model, which was de-
veloped at the National Meteorological Center of the CMA.
The original semi-Lagrangian scheme effectively avoids the
time step restriction in the polar regions, but it does not
conserve mass or any mass-weighted quantity. The scheme
also does not resolve well the sharp gradient of the moisture
field, and thus may adversely impact model accuracy. To im-
prove model performance, Shen et al. (2011) and Wang et al.
(2011b) replaced the original semi-Lagrangian scheme with a
piecewise rational method advection scheme. This approach
reduces the numerical errors in both idealized transport tests
and realistic modeling experiments. The results associated
with water vapor distribution and heavy rainfall forecasting
were improved by this scheme due to a more accurate repre-
sentation of moisture transport. Su et al. (2013) further pro-
vided a flux-form implementation of this scheme for solving
the moisture transport equation in GRAPES.

For Eulerian transport schemes, the extremely short zonal
distance in the pole region is a problem that restricts their
applications in global models based on the regular latitude–
longitude or Gaussian grid. Several methods that can alle-
viate zonal Courant number restrictions have been proposed
(e.g., Leonard et al., 1996; Lin and Rood, 1996). In Zhang
et al. (2013c), a leaping-point difference variant of the two-
step shape-preserving advection scheme (TSPAS; Yu, 1994)
was established. The scheme helps to alleviate the time step
restriction, and does not create computational difficulties in
the polar regions, as confirmed by both idealized transport
tests and realistic climate modeling tests. Long-term sim-
ulation results (e.g., Yu et al., 2015b; Zhang and Li, 2016)
have demonstrated the robust performance of this modified

TSPAS when used in a global model (Community Atmo-
sphere Model, version 5; CAM5). Moreover, CAM5 with
TSPAS shows improved performance of summer rainfall sim-
ulations at the southern edge of the Tibetan Plateau (Yu et al.,
2015b). As shown in Fig. 3, artificial rainfall amounts (Fig.
3a) at the steep southern edge of the Tibetan Plateau are re-
duced in the model when TSPAS is activated (Fig. 3b). The
reason may lie in the restriction of multigrid moisture trans-
port that can easily occur in the original semi-Lagrangian
scheme. This transport scheme has been implemented to the
Chinese Academy of Meteorological Sciences climate sys-
tem model (Rong et al., 2018), which will participate in
CMIP6.

Another research activity associated with the transport
solver is the development of fully Lagrangian advection
schemes (e.g., Dong and Wang, 2012; Dong et al., 2014,
2015). Fully Lagrangian schemes do not discretize the space,
as done by a finite-difference/volume scheme. Instead, these
schemes discretize the total fluid mass into a number of
small pieces and track the trajectory of each fluid unit. Thus,
these schemes do not necessarily assume the underlying mesh
shape. The proposed fully Lagrangian scheme is inherently
shape-preserving and shows good performance in terms of

Fig. 3. Differences in summer (June–July–August) mean pre-
cipitation amount (shading; units: mm d−1) (a) between CAM5
and TRMM 3B42 and (b) between M-CAM5 (with TSPAS)
and CAM5. Black contours indicate orographic height (shown
for 200, 500, 2000 and 4000 m). [Reprinted from Yu et al.
(2015b)].
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transporting the sharp gradient field. The scheme also pro-
duces quite small range-preserving unmixing, which is po-
tentially important for transporting the chemical species. For
practical application of this scheme, the major challenge is to
establish a parallel framework, because the fluid unit may go
to any place on the sphere.

In the vertical direction, the atmospheric equations may
be cast into either height-based or mass-based governing
equations (Laprise, 1992), and some alternative choices are
also available (e.g., Bleck, 1974; Randall et al., 2000). For
nonhydrostatic modeling, using height-based or mass-based
coordinates is physically similar, while the numerical tech-
niques could be different. Mass-based coordinates are a nat-
ural extension of the pressure-based coordinates that have
been used by most hydrostatic models. Their applications
in nonhydrostatic modeling are also widespread. The Ad-
vanced Regional Eta-coordinate Model (Yu and Xu, 2004),
which was originally a hydrostatic primitive equation model,
was upgraded to include the nonhydrostatic effect using a
mass-based coordinate (Cheng et al., 2018). The nonhydro-
static formulation is able to reproduce the hydrostatic solu-
tions when nonhydrostatic effects are trivial. This is a desir-
able feature for simulating large-scale flow because the phys-
ical constraints demand a hydrostatic balance. Yang et al.
(2015) implemented a hybrid finite-element finite-difference
vertical discretization for a global nonhydrostatic spectral
model based on a mass coordinate. In this approach, a finite-
difference scheme that satisfies the set of constraints is ap-
plied to the linear components, and a cubic finite-element
scheme with high-order accuracy is applied to the nonlinear
components. A deep atmosphere extension for this model is
further described in Yang et al. (2017).

At the bottom, the model surface is usually arranged to
follow the topography, and the coordinate levels are grad-
ually transformed to pure pressure or pure height levels at
the model top. These hybrid coordinates have been widely
adopted because they alleviate the rise and fall of the pure
sigma coordinate at the upper level. Li et al. (2012) compared
several types of hybrid coordinates for GRAPES, which uses
a height-based terrain-following vertical coordinate. The re-
sults suggested that among four selected coordinates, the one
that has the minimal rise and fall at the upper level leads to
the optimal performance. Zhang et al. (2015c) implemented
a height-based hybrid vertical coordinate (Klemp, 2011) in
the GRAPES model. The scheme reduces numerical errors
associated with the pressure gradient force term and leads
to improved model performance. Li et al. (2014b) proposed
an orthogonal terrain-following coordinate system and tested
it using idealized advection tests. This scheme helps to re-
duce advection errors compared with the corresponding hy-
brid sigma coordinate, while the convergence of grid lines
over orography also restricts the time step and increases nu-
merical errors.

2.2. Modeling on the quasi-uniform grids
The next-generation of weather and climate models will

largely depend on massively parallel computers to obtain de-

sirable computational performance. A large amount of model
development effort has been directed on quasi-uniform grids
(e.g., Staniforth and Thuburn, 2012). The regular latitude–
longitude grid has a well-known polar problem that restricts
its parallel efficiency, and this problem worsens as the hor-
izontal resolution increases. Quasi-uniform grids facilitate
the use of localized discretization methods for global mod-
els that have a high-resolution modeling requirement. Mean-
while, the nonhydrostatic effect will become significant as the
horizontal resolution increases above certain thresholds (e.g.,
< 10 km for the atmosphere). Global modeling at such resolu-
tions would require a nonhydrostatic dynamical formulation
such that motions at various scales can be better resolved.
This section provides a review of research activities in this
regard.

For the GRAPES model, a Yin-Yang grid variant has
been developed in recent years (Li et al., 2015b). The Yin-
Yang grid is a combination of two regular latitude–longitude
grids with some overlapping regions (Kageyama and Sato,
2004). Because of the regular and orthogonal line structure, a
Yin-Yang grid model can largely inherit its regular latitude–
longitude grid counterpart (e.g., the semi-implicit semi-
Lagrangian technique of GRAPES). The elliptical equation
is solved by the generalized conjugate residual solver, and
bicubic Lagrangian interpolation is used to provide Dirichlet-
type boundary conditions between the subdomains. Long-
term integration under different sea surface temperature con-
ditions was carried out on an aqua planet (Li and Peng,
2018), and the simulations of precipitation and large-scale
circulation generally showed reasonable performance. A ma-
jor challenge when developing a Yin-Yang grid model is
that the overlapping regions will require special treatment
to meet mass conservation requirements (e.g., Peng et al.,
2007). However, this problem is not urgent for the Yin-Yang
GRAPES model because its semi-Lagrangian transport does
not conserve mass.

A multimoment finite-volume technique (e.g., Ii and
Xiao, 2007) has been developed for atmospheric applications
on quasi-uniform grids in recent years. This technique has
been applied to modeling 2D advection problems on a sphere
(e.g., Chen et al., 2012; Li et al., 2013b), global nonlin-
ear shallow water waves (e.g., Chen et al., 2014; Li et al.,
2015c), and nonhydrostatic dynamics on a 2D transect (Li et
al., 2013c). The basic idea of this method (an earlier proto-
type also known as constrained interpolation profile; Yabe
et al., 2001; Xiao and Ikebata, 2003) is to use more than
one type of prognostic variable (e.g., point value, derivative
value, and cell-averaged value, two types are typically used)
for model integration. The multimoment finite-volume ap-
proach defines both cell-averaged values and point values as
independent prognostic variables. In contrast, conventional
finite-volume/finite-difference methods only define the cell-
averaged or point value in a single-moment sense. The ad-
ditional moment increases the local degree of freedom and
helps to enhance the numerical accuracy by using high-order
local reconstructions. A parallelized multimoment nonhydro-
static atmospheric dynamical core has been constructed re-
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cently. The model has both global and regional configura-
tions, and exhibits good performance in several idealized nu-
merical benchmark experiments (X. L. Li, 2019, personal
communication). Ongoing efforts have been carried out to
build an NWP model based on this dynamical core.

A new modeling approach based on an unstructured mesh
is currently being explored at the Chinese Academy of Mete-
orological Sciences, in collaboration with the National Super-
computing Center in Wuxi. The unstructured mesh does not
assume the underlying mesh shape and can be used for both
global quasi-uniform and regional-refinement applications in
a consistent way. The quasi-uniform application starts from a
subdivided icosahedron, which is a semistructured geodesic
grid that has two types of neighboring relations. The local line
segments on an icosahedral grid can be arranged to be either
orthogonal (e.g., Heikes and Randall, 1995) or nonorthogo-
nal (e.g., Tomita et al., 2001). The orthogonal approach (re-
ferred to as the Voronoi polygon) is used because it pro-
vides beneficial properties for staggering finite-volume meth-
ods (Weller et al., 2012), and naturally assimilates existing
variable-resolution techniques (e.g., Ringler et al., 2008). In
Zhang (2018), a global shallow water modeling framework,
which isolated most horizontal components of a 3D model,
was developed and tested. The model shows comparable re-
sults with reference solutions in various 2D idealized bench-
mark tests. In particular, the importance of potential vorticity
transport on the modeling behavior was described and em-
phasized in that study. Some numerical methods for solving
the transport equation have also been developed and evalu-
ated (e.g., Zhang et al., 2017; Zhang, 2018).

Recently, a global nonhydrostatic dynamical core has
been further established on an unstructured mesh (Zhang et
al., 2019a). An added-value of this model is that the variable-
resolution capability is able to resolve more fine-scale fluid
structures without a uniform increase in the global resolu-
tion. Figure 4 shows the simulated baroclinic waves using
this newly developed global nonhydrostatic framework. In
the variable-resolution modeling with resolution from ∼70
km to ∼30 km (Fig. 4a), the model is able to resolve the
fine-scale structure of the relative vorticity field over the re-
finement region, better than the quasi-uniform ∼60 km result
(Fig. 4b) and closer to the ∼30 km simulation (Fig. 4c). More
importantly, the model does not show evident performance
deterioration in the mesh transition zone. Future work should
extend the present framework to a fully-fledged atmospheric
general circulation model (AGCM).

2.3. Impact of the dynamical core on model performance
Once a dynamical core is constructed, it is usually diffi-

cult to isolate the impact on model performance of changing
the dynamical core. The impact of the dynamical core on
model performance is sometimes overlooked. Some recent
studies have suggested that such an impact is not small.
Zhang et al. (2013b) investigated the sensitivity of the sim-
ulated climate to two atmospheric dynamical cores coupled
with the same model physics: the Institute of Atmospheric
Physics (IAP) AGCM and CAM3.0. The authors showed that

Fig. 4. Simulated dry baroclinic waves from a newly developed
global nonhydrostatic atmospheric dynamical core using (a)
variable-resolution from ∼60 km to ∼30 km, (b) quasi-uniform
modeling with a quasi-uniform ∼60 km resolution, and (c) as
in (b) but using a resolution of ∼30 km. Results are com-
pared for the relative vorticity (units: 10−5 s−1) at the model
level near 850 hPa after 10 simulation days. The black contours
in (a) denote the refinement region centered at (35◦N, 180◦E).
[Reprinted from Zhang et al. (2019a)].

the model with the IAP core simulated a colder troposphere
than that with the CAM3.0 core, reducing the original warm
bias of CAM3.0 in the tropical and midlatitude troposphere
(using the same model physics at a similar resolution). How-
ever, when the two dynamical cores were used in the ideal-
ized dry Held–Suarez test, the IAP core simulated a warmer
troposphere than that using the CAM3.0 core. These results
suggest that interactive physical processes can change the ef-
fect of the dynamical core on climate simulations. Zhang et
al. (2015d) compared the simulations of deep stratus clouds
over continental East Asia between two CAM5 versions with
a grid point finite-volume core (CAM-FV) and a spectral
transform core (CAM-EUL). They showed that CAM-FV
tends to produce an artificial low-value center on the east-
ern periphery of the Tibetan Plateau. This problem, which is
not found in CAM-EUL (also not found in the low-resolution
CAM-FV; Zhang et al. (2014c)), leads to a significant deficit
in the shortwave cloud radiative forcing. The reason is at-
tributed to the artificial low-level divergence around the steep
terrain, which creates subsiding motion that limits the gener-
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ation of stratus clouds. This problem might be related to the
artificial response to the better-resolved steep topography in a
high-resolution configuration (at least as configured as in that
study). These findings demonstrate that the dynamical envi-
ronment produced by the numerical solver can have a strong
impact on the simulations of cloud physical features.

3. Model physics
3.1. Moist convection and turbulence

The moist convection and turbulence are small-scale at-
mospheric phenomena. The associated dynamical processes
would be resolved provided that the model resolution is high
enough. For typical global weather and climate models, the
collaborative effects of these processes on the resolvable scale
need to be parameterized. The absence of a parameterization
of these effects may result in significant model biases (e.g.,
Chen et al., 2016c).

Cumulus convection is central to the hydrological cy-
cle, and the cumulus scheme is usually crucial to model
performance. Some studies have explored the sensitivity of
simulated precipitation to deep convection parameterization.
Wu (2012) proposed a mass-flux cumulus parameterization
scheme based on a bulk-cloud approach for large-scale at-
mospheric models. This scheme shows good performance
in both single-column and global simulations when used by
the BCC climate model (Wu et al., 2014). Wang and Zhang
(2013) investigated the impact of different closure and trig-
gering parameterizations of deep convection on the single-
column simulations of tropical convection by CAM4 and
CAM5. Rainfall amounts associated with different precipita-
tion types in the model are sensitive to these choices, but the
total precipitation amount may be insensitive because of com-
pensation by different parameterization components. These
results highlight the need for multiple datasets for constrain-
ing models, as well as treating different parameterizations as
an integrated system. Xu et al. (2014a) applied a modified
simplified Arakawa–Shubert scheme to the GRAPES-Meso
model, and found that the new scheme improves the predic-
tion of typhoon tracks.

The importance of shallow convection has also been rec-
ognized. Shallow convection is more tightly connected with
boundary layer processes and has a strong impact on the
global hydrological and energy cycles. A shallow convection
mass flux scheme has been used in the GRAPES model to
replace the original vertical turbulent mixing and diffusion
approach (Liu et al., 2015). The results show that the precip-
itation distribution in the tropics is improved, with reduced
spurious precipitation. The improvement is attributed to the
more reasonable shallow convective heating rates. Wan et al.
(2015) improved the trigger function of the shallow convec-
tion scheme in the GRAPES-Meso model by relating the trig-
ger function to the distribution of temperature and humidity
in the convective surface layer. As more shallow convection
is triggered, the model presents better performance of 24-
hour forecasts of accumulated precipitation and surface air

temperature. Kang et al. (2016) further incorporated a com-
pensation parameterization of cloud cover and hydromete-
ors from shallow convection based on this scheme. The re-
sults exhibit an improvement in the cloud cover and surface
total solar radiation based on a one-month forecast experi-
ment. Furthermore, a recent global climate modeling study
also suggested that a better representation of the transition
from shallow to deep convection may help to delay the peak
time of continental rainfall in the afternoon (Zhang and Chen,
2016), although this study used a completely different subgrid
parameterization framework (see section 3.4).

As the resolution of global NWP models approaches be-
low ∼10 km, the model dynamics needs to resolve nonhy-
drostatic effects more effectively. The under-resolved dynam-
ical processes under the previous coarse resolution regime
will be partly resolved, and more atmospheric energy will
be captured by grid-scale dynamics. Moreover, below certain
resolution thresholds, clouds can be fully represented by the
model grid (sometimes in an approximate way), and explicit
cloud microphysics will thus more tightly interact with grid-
scale dynamics. Meanwhile, research has also pointed out
that there are dynamical difficulties of gray-zone modeling
the convective boundary layer, because convection under this
regime is artificially governed by the grid resolution rather
than the natural state of the flow (Zhou et al., 2014a). Devel-
oping parameterization schemes that can adequately blend ef-
fects from both resolved and under-resolved scales (so-called
scale-aware schemes) has become an important subject in
recent years, and thus a unified approach can be used for
multiscale modeling applications. Some basic research has
been devoted to this aspect. In terms of convection parame-
terization, Huang et al. (2014) developed a subgrid convec-
tive cloud parameterization scheme that is suitable for gray-
zone resolutions. The new scheme is automatically adaptive
to variation in grid size, and accounts for microphysical pro-
cesses consistently with resolved clouds. Numerical experi-
ments of an idealized tropical cyclone showed that this new
scheme has a positive impact on the intensity and precip-
itation distribution of tropical cyclones owing to the effect
of subgrid clouds on the total diabatic heating. Huang et al.
(2018) compared an idealized supercell large-eddy simula-
tion with coarse resolution simulations. They suggested that
the nondimensional subgrid vertical flux of the moist static
energy may vary with the subgrid fractional cloudiness ac-
cording to a function of fractional cloudiness, regardless of
the box size. Based on these results, these authors are cur-
rently developing a subgrid mass flux transport parameter-
ization to include the impact of the subgrid cloud fraction,
and will apply it to a convection parameterization scheme (W.
Huang et al., 2018, personal communication).

For boundary layer parameterization, Zhang et al.
(2018b) developed a 3D turbulent kinetic energy subgrid mix-
ing scheme for the Weather Research and Forecasting (WRF)
model to address the gray-zone problem in the subgrid tur-
bulent mixing parameterization. This scheme combines hori-
zontal and vertical subgrid turbulent mixing into a single en-
ergetically consistent framework and is self-adaptive to the
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mesh space variation from the typical large-eddy simulation
resolution (a few hundred meters) to the typical mesoscale
resolution (a few kilometers). For the convective boundary
layer, Zhou et al. (2017) examined several conventional hor-
izontal mixing schemes and pointed out they all have certain
limitations. They then used the gradient-diffusion framework
for parameterizing the turbulent horizontal mixing and ob-
tained improved performance. The proposed schemes are not
strictly scale-aware but can also be used in the gray zone as a
working solution.

For the development of convection schemes, another im-
portant issue is the parameterization of small-scale in-cloud
processes and the reduction of their uncertainty. Wang and
Zhang (2014) studied the bulk budgets of in-cloud vertical ve-
locity and evaluated its parameterization for different plumes
in the shallow cumulus environment. Their results suggest
that shallow convection may require specifically parameter-
ized vertical velocity schemes for different types of plumes.
Lu et al. (2016) examined the relations between entrainment
rate and various quantities (e.g., vertical velocity, buoyancy,
and turbulent dissipation rate) and suggested that using a
combination of multiple variables, rather than using a sin-
gle variable fitting, may lead to a better representation of the
entrainment rate.

Furthermore, the importance of incorporating stochas-
tic effects in the convection scheme for reducing uncer-
tainty has been recognized. Wang and Zhang (2016) imple-
mented a stochastic deep convection parameterization (Plant
and Craig, 2008) in CAM5. In this scheme, the total cloud
base mass flux is a random variable at a given time step and
grid point location. The ensemble mean cloud base mass flux
is determined from the deterministic convection scheme us-
ing spatially and temporally averaged temperature and mois-
ture profiles. The results showed that when stochastic pro-
cesses are incorporated, deep convection will be suppressed,
while shallow convection will be enhanced, leading to im-
proved cloud and precipitation simulations.

3.2. Cloud parameterization
In an atmospheric model, the term “cloud scheme” usu-

ally denotes the parameterization of cloud physical features
(e.g., cloud amount, cloud microphysics), although the dy-
namical processes are certainly integral parts of the cloud
processes in nature. The cloud scheme in a numerical model
is important for several reasons, and the relevant studies are
briefly described as follows.

First, cloud microphysical processes are directly related
to precipitation, which impacts the entire hydrological cycle.
Some cloud microphysical parameters (e.g., effective radii of
droplets and cloud ice) also have important implications for
cloud radiative properties, which affect the global energy bal-
ance. The microphysical scheme generates the local tendency
from various microphysical processes for different hydrome-
teor species. For meso- to cloud-scale models that can explic-
itly resolve the cloud fraction and provide more appropriate
dynamics, the microphysical scheme can be applied in a rela-
tively straightforward manner. For example, Gao et al. (2011)

implemented a two-moment bulk microphysical scheme in
the WRF model. A new approach for parameterizing hetero-
geneous droplet activation was developed in this scheme. The
scheme performs well in terms of modeling the microphysics
of clouds and precipitation. Lin and Colle (2011) proposed a
new parameterization of heterogeneous droplet activation. A
flexible and self-consistent framework was developed to rep-
resent the physical properties of precipitating ice, such as fall
speed and density. The scheme has been adopted in the WRF
model and shows good performance.

For large-scale models that have scale separation between
the convective and stratiform cloud systems, the cumulus
cloud parameterization usually adopts a highly simplified mi-
crophysical scheme, although more advanced microphysical
strategies may also be adopted to improve performance (e.g.,
Xu et al., 2014b). In contrast, stratiform clouds are usually
treated using more comprehensive microphysical schemes.
In this regard, Zhao et al. (2017) modified the MG (Morrison
and Gettelman, 2008) microphysics of CAM5 by combining
ice and snow into one single variable (called total ice). The
justification for doing so was that ice and snow are not well
separated in nature as cloud droplets and raindrops because
ice and snow share basically the same growth paths. More-
over, the division between ice and snow in GCMs is quite
empirical and artificial, and has been largely treated as a tun-
ing procedure. The single ice scheme not only reduces the
uncertainty in the ice to snow autoconversion process (be-
cause eight microphysical processes are no longer needed),
but also improves tropical high-cloud simulation with im-
proved shortwave and longwave cloud forcing.

A cloud macrophysical scheme is usually used in
large-scale global models for generating the subgrid frac-
tional cloud amount and large-scale condensation, which
are important inputs for the microphysical and radiation
schemes. Wang et al. (2015c) evaluated three cloud frac-
tion schemes based on numerical simulations from high-
resolution cloud-resolving models. Among the investigated
schemes, a semiempirical scheme and a probability-density-
function-based statistical scheme performed better than a
relative-humidity-based scheme. Qin et al. (2018) proposed
a diagnostic probability-density-function cloud scheme and
tested it in CAM5. The scheme diagnoses the subgrid scale
variance of a combined variable of total water and liquid wa-
ter potential temperature from the shallow convection and
boundary layer turbulence schemes. Compared to the default
relative humidity cloud fraction scheme, the new scheme im-
proved marine low-cloud simulation, especially for shallow
cumulus clouds. Ma et al. (2018) implemented an explicit
prognostic cloud cover scheme in the GRAPES model. It
adds an additional prognostic equation for the cloud frac-
tion in a similar manner as Tiedtke (1993). The cloud frac-
tion is governed by both the grid-scale and subgrid-scale ten-
dencies. Their simulations showed improved cloud fraction
and radiative flux over the original diagnostic cloud scheme.
Meanwhile, Li et al. (2014a) showed that enhanced stratiform
condensation and evaporation can improve the simulations
of optically and hydrologically important moisture and cloud
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properties, which lead to reduction in the biases of shortwave
cloud radiative forcing and rainfall performance.

3.3. Radiation transfer scheme
The radiation process is one of the best-understood as-

pects of atmospheric science (Liou, 2002). However, build-
ing radiative transfer parameterizations remains a challeng-
ing task because the primary focus is to achieve a balance be-
tween accuracy and efficiency. The traditional two-stream ap-
proximation used in most weather and climate models has ac-
ceptable accuracy in a clear-sky atmosphere, but may lead to
larger errors under cloudy-sky conditions. Thus, higher-order
schemes may be considered. Zhang et al. (2013a) developed
a four-stream doubling–adding discrete ordinates method
based on the invariance principle. Zhang and Li (2013) fur-
ther developed an analytical doubling–adding algorithm for
the four-stream spherical harmonic expansion method. These
methods could potentially improve the radiation performance
in a global model.

Radiation transfer is tightly connected with the cloud and
aerosol properties (e.g., cloud fraction, optical depth, ge-
ometric location), and the treatment of these properties in
the radiation code deserves special attention (e.g., Barker et
al., 1999). In this regard, Zhang et al. (2014a) implemented
the BCC radiative transfer code (RAD) to the BCC climate
model. The BCC-RAD model is coupled with the Monte
Carlo independent column approximation (McICA; e.g., Pin-
cus et al., 2003) method to treat subgrid cloud variability.
The results showed that the inclusion of a cloud-type depen-
dent function for the cloud fraction decorrelation length and
the horizontal inhomogeneity of cloud condensation leads to
improved shortwave and longwave cloud radiative forcing.
Moreover, the treatment of cloud overlapping in the radiation
module also affects cloud radiation simulations. Zhang and
Jing (2016) provided an overview of this issue in their study.

3.4. Super parameterization
The super parameterization (SP; Grabowski and Smo-

larkiewicz, 1999; Khairoutdinov and Randall, 2001) model-
ing approach has received growing attention in recent years.
For global models, the SP framework provides a more consis-
tent treatment of various subgrid physical processes in a sys-
tematic manner, and reduces the artificial and empirical as-
sumptions associated with conventional convection parame-
terizations. Wang et al. (2015a) extended an early-developed
SPCAM version (Wang et al., 2011a) with a high-order turbu-
lence closure scheme, so as to improve the simulation of ma-
rine boundary low clouds. The results showed that when the
high-order closure is used, cloud fraction and cloud radiative
forcing over the marine boundary layer region become more
realistic. The added-value of SPCAM with regard to climate
modeling of precipitation over continental East Asia was an-
alyzed in Zhang and Chen (2016). The SP model improves
the frequency–intensity spectrum of rainfall, and shows a de-
lay of the rainfall peak in the afternoon, which is related
to more abundant shallow convection before intense rainfall
starts. Zhang et al. (2019b) further showed that the noctur-

nal and early-morning rainfall peaks over East Asia can be
more realistically simulated by the SP model provided that
the resolvable-scale flow becomes more favorable, highlight-
ing the importance of correctly representing multiscale dy-
namical and physical effects for the climate simulation of
the diurnal cycle of rainfall. The SP approach has also been
explored in the regional GRAPES-Meso model. Zhu et al.
(2015) developed a 2D cloud-resolving model and used it
for constructing SP-GRAPES-Meso. Unlike SPCAM, which
adopts a filtered anelastic model for small-domain cloud–
scale simulations, SP-GRAPES-Meso uses a simplified com-
pressible model as the embedded cloud model, and the target
application is weather forecasting rather than climate mod-
eling. Preliminary tests suggest that the adoption of SP into
GRAPES-Meso helps to improve the rainfall forecast.

3.5. Coupling between dynamics and physics
In addition to individual physical schemes, the coupling

of dynamics and physics is also key, and has become an
increasingly important issue in recent years (e.g., Gross et
al., 2018). Normally, coupling is established during the early
stages of model development. However, due to suboptimal
work in the early stages, some further adjustments are needed
to optimize model performance. For example, the GRAPES
model uses a Charney–Philips vertical staggering grid. How-
ever, the model physics still operates on a Lorenz grid. In-
terpolation is needed to perform the dynamics–physics cou-
pling from one grid to another, which can lead to increased
numerical error. Recently, a boundary layer scheme that di-
rectly operates on a Charney–Philips grid was developed for
the GRAPES model (Chen et al., 2017). After the modifi-
cation, the model showed improved forecasting skills owing
to the absence of vertical temperature and moisture interpo-
lation. This reminds us that the physics–dynamics coupling
procedure should be carefully considered in the early stage
of model development, as its errors may overwhelm the im-
provement of other parts. The coupling issue will become
more important when conventional global models extend
their resolution to the nonhydrostatic regime, as convective-
scale models usually require a different coupling approach to
coarse-resolution global GCMs (e.g., Giorgetta et al., 2018).

4. Data assimilation
4.1. Variational and ensemble data assimilation

Data assimilation is an integral part of NWP systems.
Current data assimilation frameworks may be categorized
into two types: variational and ensemble methods (Gustafs-
son, 2007; Kalnay et al., 2007). Research activities along
these two lines are reviewed in this section.

Variational methods have a solid root in many operational
centers. Some centers have switched from conventional 3D-
Var to 4D-Var, which is computationally more expensive but
also more accurate. The 4D-Var system has the ability to han-
dle flow-dependencies developing during the time window of
the assimilation and may assimilate the observations at multi-
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ple time points. At the National Meteorological Center of the
CMA, a 3D-Var system was developed in which a dynamic
balance equation was defined on isobaric surfaces during the
early development stage of GRAPES (Zhuang et al., 2005;
Ma et al., 2009). Afterwards, improvements were made to es-
timate dynamic balance constraints, and perform calculation
at model levels for the 3D-Var system. In the new formula-
tion, the regression coefficients between streamfunction and
dimensionless pressure were used, and the balance relation-
ship of rotational wind with divergent wind was considered.
The experiments revealed that the new scheme could bring
significant benefits to not only the accuracy of the analysis but
also the performance of forecasts, especially over the tropics
(Wang et al., 2012, 2014, 2015b). This improved 3D-Var sys-
tem, which is the basis of the GRAPES 4D-Var system, was
operationally used between January 2016 and June 2018. Re-
cently, a 4D-Var-based system has replaced 3D-Var for oper-
ational forecasts. Several new techniques were developed for
the 4D-Var system (e.g., Liu et al., 2017b; Zhang and Liu,
2017), including:

(1) An improved computational strategy for the back-
ground potential temperature profiles that does not depend
on the thickness of the model layer and possess greater accu-
racy;

(2) An improved incremental analysis technique that uses
multiple outer loops to alleviate strong nonlinear impacts;

(3) A conjugate gradient algorithm based on the Lanczos
iterative method to improve the accuracy and efficiency of
the minimization procedure of the target function (Liu et al.,
2018);

(4) A global tangent linear and adjoint framework for
GRAPES-GFS;

(5) A number of linear model physics schemes to allevi-
ate analytical error;

(6) A digit filter to improve the 4D-Var system;
(7) An improvement of the parallel efficiency.
The use of the 4D-Var system leads to improved per-

formance of global medium-range forecasts when compared
with the 3D-Var system (Fig. 5), especially for results in the
Southern Hemisphere.

Compared with 4D-Var, the Ensemble Kalman Filter
(EnKF) approach (see Houtekamer and Zhang, 2016 for a
recent review) is relatively easier to implement and is model
independent. This approach also provides optimal initial en-
semble perturbations and automatically filters out fast pro-
cesses. The main disadvantage of EnKF is that it tends to in-
troduce sampling errors in the estimation of the background
error covariance because of the low dimensionality of the en-
semble (Kalnay et al., 2007). The EnKF approach has been
used to build a hybrid rapid refresh forecasting system (Pan et
al., 2018). Liu et al. (2013b) also studied ocean–atmosphere
coupled data assimilation based on the ensemble approach.
The analysis produced with EnKF may be dynamically in-
consistent and contain unbalanced modes. The incremen-
tal analysis update (IAU) is widely used to control these
unbalanced modes in EnKF analysis. A 4D-IAU was de-
veloped by Lei and Whitaker (2016) to take into account the

Fig. 5. Anomaly correlation coefficient of global annual mean
geopotential height (500 hPa) forecasts by the GRAPES 4D-Var
and 3D-Var systems.

propagation of the analysis increment during an assimilation
window. The model constructs time-varying analysis incre-
ments by applying all observations in an assimilation win-
dow to state variables at different times during the assimila-
tion window. Furthermore, some research has attempted to
combine the strengths of 4D-Var and EnKF. Tian and Feng
(2015) proposed a nonlinear least-squares enhanced proper
orthogonal decomposition-based 4D-Var algorithm for non-
linear ensemble-based 4D-Var. The scheme was further up-
graded to reduce the computational and implementation com-
plexity (Tian et al., 2018). For ensemble-based assimilation
(and forecasting) systems, a balance between the ensemble
size and the ensemble resolution is useful given limited com-
putational cost, and the solution usually depends on the spe-
cific forecast metric (e.g., Ma et al., 2012; Lei and Whitaker,
2017).

4.2. Satellite data assimilation
In addition to the development of a data-assimilation

framework, a proper assimilation of satellite data may lead to
improved forecasting skill. He et al. (2011) examined the im-
pact of assimilating Advanced Microwave Sounding Unit-A
(AMSU-A) data over land, and suggested that using proper
surface temperature is quite important to improve radiance
and temperature forecasts when assimilating AMSU-A lower
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sounding channels. Qin et al. (2013) suggested that assim-
ilating Geostationary Operational Environmental Satellites
Imager Radiance Data leads to better quantitative precipita-
tion forecasts. Zou et al. (2015) showed that the direct as-
similation of satellite microwave and infrared radiance ob-
servations with an appropriately high model top can help
to improve the track and intensity of tropical storms. Lei
et al. (2018) improved the performance of EnKF in assimi-
lating radiance observations by using model space localiza-
tion. Chen et al. (2018) demonstrated that the assimilation
of Feng-Yun-3B satellite microwave humidity sounder data
over land, based on the dynamically retrieved emissivity, has
a neutral to slightly positive impact on the five-day forecast.
Xia et al. (2019) assimilated aerosol optical depth data from
the Fengyun-3A and MODIS meteorological satellites using
the Gridpoint Statistical Interpolation 3D-Var data assimila-
tion system. They showed that the assimilation of satellite
aerosol optical depth observational data can significantly im-
prove model aerosol mass prediction skills.

Meanwhile, the assimilation of all-sky satellite radiances
has received growing attention in recent years. In this regard,
some important issues related to assimilation techniques were
reviewed in Li et al. (2016). Chen et al. (2015) extended
the WRF data assimilation system to assimilate cloud liq-
uid and ice water path based on the Geostationary Gridded
Cloud products, and obtained improved forecast performance
in terms of various metrics. Yang et al. (2016) examined the
assimilation of all-sky radiances from Advanced Microwave
Scanning Radiometer 2 data in the forecast of Hurricane
Sandy. They found that the all-sky assimilation case gener-
ated better track and central sea level pressure forecasts than
the clear-sky case for all forecast lead times, due to a better
analysis in the tropical cyclone core areas. Zhang and Guan
(2017) suggested that the direct assimilation of cloud-affected
AMSU-A data can effectively adjust the structure of large-
scale temperature, humidity and wind analysis fields due to
the assimilation of more AMSU-A observations in typhoon
cloudy areas.

At the National Meteorological Center, some major im-
provements have been made in the field of operational satel-
lite data assimilation, including the establishment of a com-
prehensive data quality control system with improved assim-
ilation methods and an efficient utilization of various satellite
datasets. Some important contributions are listed as follows:

(1) The development of a constrained bias correction
method for the satellite radiance assimilation in the presence
of model biases, especially for the stratosphere where the
model biases are relatively large (Han and Bormann, 2016);

(2) The application of a background error estimate and
a quality control technique to improve the background error
associated with the brightness temperature, which helps to
significantly increase the accuracy of analysis in the upper
stratosphere in the Southern Hemisphere (Wang et al., 2016);

(3) The assimilation of global navigation satellite radio
occultation observations to improve global forecasts, espe-
cially for reducing the root-mean-square errors and bias er-
rors in the upper troposphere and stratosphere (Liu and Xue,

2014);
(4) The assimilation of hyperspectral infrared satellite

data, microwave temperature data and humidity sounder data
(Li and Liu, 2016);

(5) The development of a data control system for assimi-
lating the FY-3C data that helps to improve the forecast skill
(Li and Zou, 2014).

For operational analysis and forecasts, research has
clearly demonstrated that satellite observations have a posi-
tive impact. Zhang et al. (2018a) suggested that the refrac-
tivity data from Global Navigation Satellite System (GNSS)
radio occultation (GNSS-RO), satellite radiance, and atmo-
spheric motion vector data had significant influence on the
predication skill (Fig. 6). Low-impact observation points
were located in data-rich areas, whereas high-impact obser-
vation points were located in data-poor areas. In the South-
ern Hemisphere, where conventional observations are sparse,
the contribution of GNSS-RO increases with height to more
than 60% above 500 hPa. The AMSU-A measurements con-
tributed with a minimum value higher than 20%. For the
Northern Hemisphere, the contribution of AMSU-A data was
about 15% at all isobaric levels. The results from observing
system experiments (Liu and Xue, 2014) and other verifi-
cation methods (Liu et al., 2016) demonstrate that GNSS-
RO data are the most important observation types for the
GRAPES data assimilation system, exerting a significant in-
fluence on forecasts. These results suggest that using multiple
satellite observational data clearly makes a positive contribu-
tion to NWP skill.

4.3. Rapid updating cycle analysis
For meso- to convective-scale data assimilation, research

and operational analysis methods include variational methods
(3D-Var and 4D-Var), ensemble methods (EnKF), and a hy-
brid of the two (3DEnVar and 4DEnVar). Doppler weather
radar reflectivity and radial wind data, wind profiler data,
dense surface observations, and geostationary satellite image
data all play an important role in convective-scale analysis.
The quality of forecasts using initial data from rapid updating
cycle (RUC) analysis is significantly better than the quality
of forecasts from the simple downscaling of larger-scale ini-
tial data (Gustafsson et al., 2018). The major challenges for
RUC analysis lie in the wide range of spatial and temporal
scale, flow-dependent background error covariance, and in-
sufficient observation information and data coverage for the
analysis domain.

At the National Meteorological Center, a 3D-Var analysis
method with a three-hourly updated analysis cycle is used for
the operational regional model GRAPES-Meso. Hydrome-
teors are initialized by the 3D cloud analysis scheme, which
uses Doppler weather radar 3D mosaic reflectivity data, geo-
stationary meteorological satellite data, and surface observa-
tion data (Zhu et al., 2017b). The 3D cloud analysis fields are
incorporated into GRAPES-Meso by the nudging technique.
Recent improvements to the GRAPES-Meso 3D-Var system
include:

(1) A more efficient and accurate background error
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Fig. 6. Percentage of temperature error variance reduction (ver-
tical axis) compared with the total variance reduction at various
isobaric surfaces due to different observation subsets at 0000
UTC throughout June 2014 in (a) the Southern Hemisphere, (b)
the equatorial region, and (c) the Northern Hemisphere. TEMP:
observations from radiosondes; SYNOP: surface pressure from
land stations and ships; AIREP: wind data from aircraft mea-
surements; GNSS-RO: refractivity data of radio occultation
from the Global Navigation Satellite System (GNSS); AMV:
atmospheric motion vector; and AMSU-A, satellite microwave
sounder radiances. [Reprinted from Zhang et al. (2018a)].

covariance structure for the mesoscale analysis;
(2) A blending method to merge the global analysis with

the mesoscale analysis to address the problem of accumu-
lated meso-scale analysis errors after a period of continuous
cycling;

(3) Intensive observation and geostationary satellite ra-
diance data assimilation, such as Fengyun 4A hyperspectral
infrared sounding and infrared image radiance data;

(4) Doppler radar reflectivity data quality control and in-
gestion of more data in the cloud analysis scheme (Huang et
al., 2017).

Hao et al. (2011) compared 3-h/1-h RUC analysis with
the operational cold-start analysis by using the GRAPES-
RUC analysis. The three-month experiments for the flood
season showed that the RUC analysis is able to more effec-
tively assimilate the multi-time observation data such that the
rapidly changing severe convective weather system can be
better captured. Both threat and bias scores were improved
by its contribution [e.g., Fig. 11 in Hao et al. (2011)].

Similar 3D-Var analysis methods combined with cloud
analysis schemes and nudging techniques are also utilized at
some regional centers of the CMA, with more frequent up-
dating analysis cycles and higher horizontal analysis resolu-
tion than those of the GRAPES-Meso system (Chen et al.,
2013). In addition, there are data-assimilation research and
testing activities at regional centers that: (i) utilize a more
efficient data assimilation method, such as the regional 4D-
Var method, EnKF ensemble method, or hybrids of the two
(Chen et al., 2016b; Zhu et al., 2017a); (ii) include 10-minute
period RUC analysis, now-casting up to 2 h by extrapolation,
and blending with km-scale high-resolution model results in
a 2–6-h forecast range only for rapid updating of grid fore-
casts of 0–12 h [which include, for instance, the Rapid Mul-
tiscale Analysis and Prediction System of the Beijing Meteo-
rological Center (http://www.bjmb.gov.cn/info/842/3988671.
html)]; (iii) include hydrometeor variables initialized by 3D
cloud analysis schemes that are coherent with model cloud
physics (Li et al., 2017); and (iv) include extracting and as-
similating more hydrometeor variable information from dual
polarization Doppler radar data (Wang et al., 2018a).

5. Ensemble forecasting

Ensemble forecasting produces a set of forecasts to esti-
mate the range of possible future states of the atmosphere. At
the National Meteorological Center of the CMA, the devel-
opment of the GRAPES ensemble forecasting system began
in 2009, which included both global (GRAPES GEPS) and
regional (GRAPES REPS) applications.

With regard to global ensemble forecasts, several major
achievements have been made in recent years. First, a sin-
gular vector (SV)–based initial perturbation method was im-
plemented. This is coupled with linear tangent and adjoint
models with greatly enhanced parallel efficiency. The spa-
tial distribution of the total energy in GRAPES-SV and its
components (kinetic energy and potential energy) shows that
GRAPES-SV is able to represent the uncertainty of growth
characteristics of baroclinic instability at the different lev-
els in the troposphere at the mid–high latitudes (Liu et al.,
2013a). Second, a dynamical upscaling method of the initial
values from the analysis resolution (0.25◦) to the ensemble
forecast resolution (0.5◦) was developed using a 3D interpo-
lation scheme for pressure based on the hydrostatic balance
equation. The results showed that the noise of the initial con-

http://www.bjmb.gov.cn/info/842/3988671.html
http://www.bjmb.gov.cn/info/842/3988671.html
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ditions of geopotential height and temperature could be re-
duced (Huo et al., 2018).

With these recent achievements, GRAPES GEPS has
since been achieving better forecasting skill than its predeces-
sor, T639 GEPS. In a set of parallel experiments, the valuable
forecast days of GRAPES GEPS were 0.3, 0.8 and 0.5 longer
than those of T639 GEPS for the Northern Hemisphere,
Southern Hemisphere, and East Asia region, respectively (Ta-
ble 1). In terms of the Brier Score of the precipitation proba-
bility, results clearly demonstrate that GRAPES GEPS out-
performs T639 GEPS for short-to-medium-range forecasts
under different precipitation thresholds (Fig. 7).

For regional ensemble forecast systems (e.g., Zhang et
al., 2014b), a multiscale hybrid initial perturbation method
and an Ensemble Transform Kalman Filter (ETKF) perturba-
tion method at the model level have been developed (Zhang et
al., 2015a). The multi-scale blending (MSB) technique gen-
erates initial perturbations by combining small-scale compo-
nents from the regional ensemble forecast system and large-
scale components from the global ensemble forecast system.
The regional ensemble forecast system using the MSB and
ETKF techniques shows improved performance. The MSB
technique has been used operationally in the GRAPES REPS
system since March 2016. A 3D bias correction method has
also been developed to reduce forecasting errors (Wang et al.,
2018b). Results show that the quality of the ensemble forecast
is quite sensitive to systematic model errors. The bias correc-
tion method can effectively improve the ensemble forecast
skill and reduce forecast error.

Moreover, both the stochastic perturbation of physical
tendency (SPPT) and the stochastic kinetic energy backscat-
ter (SKEB) methods have been developed to describe un-
certainty in both the GRAPES-GFS and GRAPES-Meso
models. The random fields in the SPPT and SKEB schemes
were built by a first-order Markov process with time-related
characteristics and a Gaussian distribution (Yuan et al.,
2016). Experimental results of the SPPT scheme for the
GRAPES REPS system indicate that the skill of heavy rain-
fall forecasts can be improved significantly. The impacts of
SPPT on GRAPES REPS are also related to the amplitude
of the random perturbation field and time correlation scale
(Yuan et al., 2016). The SPPT scheme was put into oper-
ation in the GRAPES REPS system in March 2016. The
SKEB scheme was employed to estimate the uncertainty of
local kinetic energy dissipation rates caused by numerical
diffusion. The stochastic stream forcing function was built to
simulate local kinetic energy dissipation rates. Experiments

Table 1. The valuable forecast days of the operational GRAPES
GEPS and T639 GEPS systems.

Northern Southern
Ensemble mean Hemisphere Hemisphere Asia

GRAPES GEPS 8.275 7.670 8.872
T639 GEPS 7.957 6.925 8.365
Leading days of

GRAPES GEPS
0.3 0.8 0.5

Fig. 7. Comparison of the Brier Score (lower value indi-
cates better prediction) of precipitation probability produced by
GRAPES GEPS and T639 GEPS over the 10-day forecast pe-
riod: (a) 24-h accumulated precipitation higher than 0.1 mm;
(b) as in (a) but for precipitation higher than 25.0 mm.

with SKEB show that forecasts of atmospheric kinetic energy
spectra and the error-spread relationship of GRAPES-GFS
have been improved, especially in tropical regions (Peng et
al., 2019). Meanwhile, some recent studies have employed
such stochastic perturbation techniques for local fine-scale
forecasts. Based on the Advanced Regional Prediction Sys-
tem (Xue et al., 2000), Qiao et al. (2017) developed a stochas-
tically perturbed parameterization tendency scheme for the
diffusion process, and suggested that the resultant ensemble
forecasts of an idealized supercell match the truth run better.
By further perturbing both microphysics and diffusion pro-
cesses, Wang et al. (2019) suggested that such techniques
help to improve the low-level vortex intensity forecast as-
sociated with a tornadic supercell. In general, these studies
have indicated the benefits of stochastic physics perturbation
in the ensemble forecast, while the physical basis behind such
stochastic approaches may need further exploration.

6. Model evaluation
Model evaluation is an indispensable part of the model

development processes. Model evaluation provides key in-
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formation to help identify model biases and guide the routes
for improving model formulations. For weather and climate
modeling, model evaluation strategies can be shared by each
other. For example, many operational centers routinely per-
form long-term climate simulations with their NWP models
as an assessment of systematic model errors (e.g., Jung et al.,
2010). For climate models, utilizing short-term NWP experi-
ments is also a helpful approach for diagnosing certain model
errors (e.g., Rodwell and Palmer, 2007). Because model eval-
uation is a broad term, we focus on studies that are more rel-
evant to model development, tuning and performance. Some
such studies have already been described in sections 2 and 3,
since developing model techniques often include substantial
evaluation efforts. Recent studies that offer new performance
metrics will also be described.

As model resolution increases, some new verification
methods have been employed in NWP models (Casati et al.,
2008), which pay more attention to the comparison of spatial
scales between forecasts and observations. Zhao and Zhang
(2018) employed a neighborhood spatial verification method
for the evaluation of precipitation forecasts, which gives a
more objective and reasonable assessment than the conven-
tional Threat Score. Pan et al. (2017) compared the object-
oriented MODE (Method for Object-based Diagnostic Eval-
uation) method and the neighborhood method with the Threat
Score method to validate the performance of the ECMWF
high-resolution precipitation forecast. They suggested that
the new spatial verification methods are more skillful in quan-
tifying the spatial scale at which the model possesses a bet-
ter forecast performance, thus providing more information on
forecasting performance from various perspectives.

In terms of climate modeling, most studies have focused
mainly on evaluation of the long-term mean state and climate
variability. Zhou et al. (2016) proposed a series of standard-
ized experimental protocols for evaluating and understand-
ing the performance of monsoon simulation and projection,
which has been selected as an endorsed program for CMIP6.
Moreover, some studies have employed the weather forecast
or transposed-AMIP (T-AMIP) approach to quantify the ori-
gins of key model errors (e.g., Zhang et al., 2015d; Zhang
and Li, 2016; Li et al., 2018). By initializing a climate model
with observed/reanalyzed atmospheric states, this approach
integrates the model in a relatively short duration but with
multiple samples. This approach helps to isolate model er-
rors (especially those from fast moist physics) in the modeled
climate while avoiding continuous long-term integration. By
using the T-AMIP setup, Li et al. (2018) evaluated the model
capability of reproducing the severity of a heavy rainfall event
and the model dependence on the resolution, which empha-
sized the importance of evaluating rainfall processes for un-
derstanding the model biases. For model development, si-
multaneously running multiple model realizations in a lim-
ited time duration saves a lot of time and computational re-
sources. The model developers can quickly grasp the impact
of changing model components on model performance and
make a response. The ensemble of model outputs also con-
stitutes a constrained climate background, which may help to

quantify specific model errors that are sensitive to the large-
scale atmospheric state (e.g., Zhang et al., 2015d).

The definition of performance metrics is important for ob-
jectively quantifying model performance and providing use-
ful guidance for the model evaluation. Several methods that
help to evaluate broad model performance have been recently
proposed. Xu et al. (2016) proposed a vector field evaluation
diagram, which is an extension of the widely used Taylor di-
agram (Taylor, 2001), for evaluating model performance in
simulating vector fields. A more comprehensive integrated
multivariable evaluation method that can summarize multi-
ple metrics of model performance in terms of multiple vari-
ables was further given by Xu et al. (2017b). These diagnostic
metrics concentrate simulation results and concisely evaluate
model performance.

Fine-scale rainfall features, such as diurnal variation,
frequency–intensity structure and duration-related features,
provide a new objective metric to evaluate model perfor-
mance in terms of rainfall-related processes. Yu et al. (2014)
summarized recent progress in studies of diurnal varia-
tion of precipitation over contiguous China and transformed
these features into useful metrics for model evaluation. Yuan
(2013) employed diurnal variation metrics to evaluate the
simulations of CMIP5 models and suggested that present
models have large errors in terms of simulating the diurnal
cycle. Lu et al. (2017) evaluated the diurnal variation of pre-
cipitation in the Beijing RUC forecast system and suggested
that modification of near-surface temperature may improve
the model performance. Xu et al. (2017a) analyzed the diur-
nal cycle of precipitation with GRAPES-Meso at convection-
permitting resolutions and suggested that explicit simulation
of cloud and precipitation processes is a key reason for the
improved precipitation forecast. Li and Yu (2014) proposed a
new method for evaluating rainfall frequency–intensity distri-
butions in a linear manner. A two-parameter double exponen-
tial function is formulated and fitted to the hourly rainfall ob-
servations at each station, which represents key information
on the rainfall frequency–intensity spectrum. This method
exposes the model ability in terms of rainfall frequency–
intensity simulations (Li et al., 2015a). As shown in Fig. 8,
the benefit of increasing horizontal resolution from T42 to
T266 in the improvement of the frequency–intensity relation
can be clearly revealed by this metric. The two-parameter
space effectively extracts key information in the frequency–
intensity spectrum. Yu et al. (2015a) defined a regional rain-
fall event (RRE) and a regional rainfall coefficient (RRC) to
quantify the spatiotemporal variation of rainfall events. This
RRC parameter helps to explore a more complete spatiotem-
poral organization and evolution of RREs. The method has
been used to compare hourly rainfall between station obser-
vations and satellite products over east-central China (Chen et
al., 2016a), and can potentially be used for objectively evalu-
ating operational forecasts.

Model parameter optimization is often related to evalua-
tion as a way to quantify and reduce simulation errors. Con-
ventional parameter tuning is often regarded as a gray tech-
nique that largely depends on subjective judgements. This has
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Fig. 8. A rainfall performance metric used to evaluate the frequency–intensity simulation of a global model: (a) the
averaged double logarithm of precipitation frequency distributed by intensity over East Asia from TRMM (black), T42
(red), T106 (green), and T266 (blue); (b) the distribution of averaged parameter values (α,β) over East Asia (solid
circles), the plain area of eastern China (right-half solid circles) and the steep terrain area in the southeastern part of the
Tibetan Plateau (left-half solid circles) on the α− β space. Black, red, green, and blue circles represent TRMM, T42,
T106, and T266, respectively. [Reprinted from Li et al. (2015a)].

inspired the use of objective tuning techniques. A multiple
very fast simulated annealing method was used in Yang et al.
(2012) and Zou et al. (2014) to give the optimal parameters
for convection schemes. Some alternative methods are also
available (e.g., Yang et al., 2013; Guo et al., 2015), and the se-
lection of parameters can also be formulated in an automatic
way (e.g., Zhang et al., 2015b). These methods typically se-
lect parameter values based on the modeling skill scores of
certain aspects to minimize the simulation bias. In general,
fine-tuned model performance can be improved in certain as-
pects. Moreover, such an approach may also be viewed as a
sensitivity analysis tool for understanding the uncertainty as-
sociated with model parameters (e.g., Yang et al., 2013; Guo
et al., 2014), helping to facilitate the development of various
modeling components.

7. Summary and outlook
We have reviewed recent progress in numerical atmo-

spheric modeling in China from the perspective of modeling
system components. In recent years, important advancements
have been achieved to improve the existing model formula-
tions, to develop advanced data assimilation techniques, to
optimize the parameterization schemes, to better understand
model behavior, to assess the strengths and weaknesses of
model performance, and to explore new dynamic cores for
the next generation of global models. The status quo and fu-
ture trends are summarized as follows.

With regard to the dynamical core, the importance of dy-
namical formulation on model performance has been well
recognized. The change in certain dynamical formulations
(e.g., the transport term) may have a substantial impact on
simulated clouds and precipitation. The dynamical core itself
may also cause quite different physical performance, and the

resultant difference is not small. These results suggest that the
dynamical core should not be treated as a black box when one
tries to understand the reasons that are responsible for model
flaws. Furthermore, there is a trend for model development to
switch to quasi-uniform grids to better benefit from massively
parallel computers, which are indispensable for global high-
resolution modeling under the nonhydrostatic regime. Due
to local irregularities, quasi-uniform grids generally require
special treatment in terms of the discretization technique and
technical implementation. Thus, such a switch should not be
conducted at the cost of model performance. This outcome
has inspired several modeling groups to take important steps
in developing different types of quasi-uniform grid models.
Because the issue of model scalability for adapting the evolu-
tion of supercomputer architectures is of a much greater mag-
nitude, the development of nonhydrostatic models on quasi-
uniform grids may be an important effort along this trend.

In terms of physical parametrization, many important ad-
vances have been achieved in the field of improving convec-
tion parameterizations, scale-aware parameterizations, small-
scale in-cloud parameterizations, stochastic parametrizations,
cloud parameterizations in terms of macrophysics and mi-
crophysics, SPs, high-order radiation transfer formulations,
and improved treatments of cloud and aerosol radiative prop-
erties. These are fundamental issues and deserve continuous
improvement. As model resolution continues to increase, de-
veloping scale-aware parameterizations and combining these
physical processes into a more unified framework will be-
come increasingly important for atmospheric modeling. The
interaction between model physics and dynamics also de-
serves more attention as the errors in this part may over-
whelm the improvement of other parts. As the scale sepa-
ration between dynamics and physics becomes increasingly
vague in future global high-resolution models, a tighter col-
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laboration of developers with different backgrounds would be
instrumental.

In the field of data assimilation, progress has been made
at both operational and research centers. A 4D-Var system
has been operationally used by the GRAPES model, and its
improvement over the 3D-Var system is promising. Achieve-
ments have also been made in terms of satellite data assim-
ilation, which includes some improved techniques. For re-
gional fine-scale forecasting, RUC analysis has been devel-
oped with improved performance, owing to the more fre-
quent updating cycle and higher resolution. The development
of new techniques for optimally utilizing various observa-
tional satellite data by advanced assimilation systems is a
particularly essential direction for the development of data
assimilation in the future. Furthermore, ensemble forecast-
ing plays a more important role in both global and regional
NWP systems. The developments are associated with some
fundamental techniques, such as singular vector–based initial
perturbation methods, multiscale hybrid initial perturbation
methods, stochastic perturbation of physical tendency meth-
ods, and stochastic kinetic energy backscatter methods. These
techniques have shown benefits for reducing the forecast er-
rors and help to improve the forecast skills.

With regard to model evaluation, some novel perfor-
mance metrics have been proposed to quantify various as-
pects of model biases. These metrics concisely summarize the
strengths and weaknesses in modeling skill, and have been
used for evaluating model performance in both weather fore-
casting and climate modeling applications, as well as helping
users and developers better understand and improve mod-
els. Moreover, by utilizing standardized and well-designed
experimental protocols, the model evaluation procedure may
be performed in a dynamic way. Such strategies typically re-
quire both sensitivity experiments and performance diagnos-
tics to better understand model behaviors. In the future, these
procedures should be formulated in a more normalized and
concise fashion, serving as standardized routines for model
evaluation.

Finally, it is suggested that development and evaluation
procedures cannot be separated. These components should
work together and form a close loop. Each incremental ad-
vance in the development stage should be accompanied by
a detailed assessment and documentation to understand the
isolated impact of specific technical changes. A hierarchy of
models would be helpful in this regard because the knowl-
edge gained from simplified model configurations may in-
form decision and choice in a more complex environment.
The entire process of development should be a repeat of mul-
tiple loops that gradually advance modeling performance.

Acknowledgements. This work was supported by the National
Key R&D Program of China (Grant No. 2017YFC1502202), the
National Science Foundation of China (Grant Nos. 41675075 and
41875135), and the National Key R&D Program of China (Grant
No. 2016YFA0602101). The authors gratefully acknowledge help-
ful input from Tongwen WU, Xueshun SHEN, Qiying CHEN, Yan-
luan LIN, Wei HUANG, Xiaohan LI in the compilation of this re-

view. We appreciate the comments from two anonymous reviewers
and the editor, which helped to improve the original manuscript.

REFERENCES

Bao, Q., and Coauthors, 2013: The flexible global ocean-
atmosphere-land system model, spectral version 2: FGOALS-
s2. Adv. Atmos. Sci., 30, 561–576, https://doi.org/10.1007/

s00376-012-2113-9.
Barker, H. W., G. L. Stephens, and Q. Fu, 1999: The sensitivity of

domain-averaged solar fluxes to assumptions about cloud ge-
ometry. Quart. J. Roy. Meteor. Soc., 125, 2127–2152, https://
doi.org/10.1002/qj.49712555810.

Bauer, P., A. Thorpe, and G. Brunet, 2015: The quiet revolution
of numerical weather prediction. Nature, 525, 47–55, https://
doi.org/10.1038/nature14956.

Bermejo, R., and J. Conde, 2002: A conservative quasi-monotone
semi-lagrangian scheme. Mon. Wea. Rev., 130, 423–430,
https://doi.org/10.1175/1520-0493(2002)130<0423:ACQMSL>
2.0.CO;2.

Bleck, R., 1974: Short-range prediction in isentropic coordi-
nates with filtered and unfiltered numerical models. Mon.
Wea. Rev., 102, 813–829, https://doi.org/10.1175/1520-0493
(1974)102<0813:SRPIIC>2.0.CO;2.

Casati, B., and Coauthors, 2008: Forecast verification: Current sta-
tus and future directions. Meteorological Applications, 15, 3–
18, https://doi.org/10.1002/met.52.

Chen, B. D., X. F. Wang, H. Li, and L. Zhang, 2013: An
overview of the key techniques in rapid refresh assimila-
tion and forecast. Advances in Meteorological Science and
Technology, 3(2), 29–35, https://doi.org/10.3969/j.issn.2095-
1973.2013.02.003. (in Chinese with English abstract)

Chen, C. G., J. Z. Bin, and F. Xiao, 2012: A global multimoment
constrained finite-volume scheme for advection transport on
the hexagonal geodesic grid. Mon. Wea. Rev., 140, 941–955,
https://doi.org/10.1175/MWR-D-11-00095.1.

Chen, C. G., X. L. Li, X. S. Shen, and F. Xiao, 2014: Global shal-
low water models based on multi-moment constrained finite
volume method and three quasi-uniform spherical grids. J.
Comput. Phys., 271, 191–223, https://doi.org/10.1016/j.jcp.
2013.10.026.

Chen, H. M., R. C. Yu, and Y. Shen, 2016a: A new method to com-
pare hourly rainfall between station observations and satellite
products over central-eastern China. J. Meteor. Res., 30, 737–
757, https://doi.org/10.1007/s13351-016-6002-5.

Chen, J., Z. S. Ma, and Y. Su, 2017: Boundary layer coupling to
Charney-Phillips vertical grid in GRAPES model. Journal of
Applied Meteorological Science, 28, 52–61, https://doi.org/

10.11898/1001-7313.20170105. (in Chinese with English ab-
stract)

Chen, K. Y., N. Bormann, S. English, and J. Zhu, 2018: Assimi-
lation of Feng-Yun-3B satellite microwave humidity sounder
data over land. Adv. Atmos. Sci., 35, 268–275, https://doi.org/

10.1007/s00376-017-7088-0.
Chen, M. X., F. Gao, J. Z. Sun, X. Xiao, L. Liu, and Y. C. Wang,

2016b: An analysis system using rapid-updating 4-D Vari-
ational radar data assimilation based on VDRAS. Journal
of Applied Meteorological Science, 27(3), 257–272, https://
doi.org/10.11898/1001-7313.20160301. (in Chinese with En-
glish abstract)

Chen, Q. Y., X. S. Shen, J. Sun, and K. Liu, 2016c: Momentum
budget diagnosis and the parameterization of subgrid-scale

https://doi.org/10.1007/s00376-012-2113-9
https://doi.org/10.1007/s00376-012-2113-9
https://doi.org/10.1002/qj.49712555810
https://doi.org/10.1002/qj.49712555810
https://doi.org/10.1038/nature14956
https://doi.org/10.1038/nature14956
https://doi.org/10.1175/1520-0493(2002)130$<$0423:ACQMSL$>$2.0.CO;2
https://doi.org/10.1175/1520-0493(2002)130$<$0423:ACQMSL$>$2.0.CO;2
https://doi.org/10.1175/1520-0493(1974)102$<$0813:SRPIIC$>$2.0.CO;2
https://doi.org/10.1175/1520-0493(1974)102$<$0813:SRPIIC$>$2.0.CO;2
https://doi.org/10.1002/met.52
https://doi.org/10.3969/j.issn.2095-1973.2013.02.003
https://doi.org/10.3969/j.issn.2095-1973.2013.02.003
https://doi.org/10.1175/MWR-D-11-00095.1
https://doi.org/10.1016/j.jcp.2013.10.026
https://doi.org/10.1016/j.jcp.2013.10.026
https://doi.org/10.1007/s13351-016-6002-5
https://doi.org/10.11898/1001-7313.20170105
https://doi.org/10.11898/1001-7313.20170105
https://doi.org/10.1007/s00376-017-7088-0
https://doi.org/10.1007/s00376-017-7088-0
https://doi.org/10.11898/1001-7313.20160301
https://doi.org/10.11898/1001-7313.20160301


954 REVIEW OF NUMERICAL ATMOSPHERIC MODELING IN CHINA VOLUME 36

orographic drag in global GRAPES. J. Meteor. Res., 30, 771–
788, https://doi.org/10.1007/s13351-016-6033-y.

Chen, Y. D., and Coauthors, 2015: Variational assimilation of
cloud liquid/ice water path and its impact on NWP. Jour-
nal of Applied Meteorology and Climatology, 54, 1809–1825,
https://doi.org/10.1175/JAMC-D-14-0243.1.

Cheng, R., R. C. Yu, Y. P. Xu, and B. Wang, 2018: Design of non-
hydrostatic AREM model and its numerical simulation Part
I: Design of non-hydrostatic dynamic core. Chinese Journal
of Atmospheric Sciences, 42(6), 1286–1296, https://doi.org/

10.3878/j.issn.1006-9895.1712.17200. (in Chinese with En-
glish abstract)

Chou, J. F., Z. D. Zhou, and X. Y. Du, 1963: A new com-
putational scheme for a barotropic prediction model. Acta
Meteorologica Sinica, 33, 484–493, https://doi.org/10.11676/

qxxb1963.051. (in Chinese with English abstract)
Dong, L., and B. Wang, 2012: Trajectory-tracking scheme in la-

grangian form for solving linear advection problems: Pre-
liminary tests. Mon. Wea. Rev., 140, 650–663, https://doi.org/

10.1175/MWR-D-10-05026.1.
Dong, L., B. Wang, and L. Liu, 2014: A Lagrangian advection

scheme with shape matrix (LASM) for solving advection
problems. Geoscientific Model Development, 7, 2951–2968,
https://doi.org/10.5194/gmd-7-2951-2014.

Dong, L., B. Wang, L. Liu, and Y. Huang, 2015: Lagrangian ad-
vection scheme with shape matrix (LASM) v0.2: Interparcel
mixing, physics–dynamics coupling and 3-D extension. Geo-
scientific Model Development, 8, 2675–2686, https://doi.org/

10.5194/gmd-8-2675-2015.
Gao, W. H., F. S. Zhao, Z. J. Hu, and X. Feng, 2011: A two-

moment bulk microphysics coupled with a mesoscale model
WRF: Model description and first results. Adv. Atmos. Sci.,
28, 1184–1200, https://doi.org/10.1007/s00376-010-0087-z.

Giorgetta, M. A., and Coauthors, 2018: ICON-A, the atmosphere
component of the ICON earth system model: I. Model de-
scription. Journal of Advances in Modeling Earth Systems,
10, 1613–1637, https://doi.org/10.1029/2017MS001233.

Grabowski, W. W., and P. K. Smolarkiewicz, 1999: CRCP: A
Cloud Resolving Convection Parameterization for modeling
the tropical convecting atmosphere. Physica D: Nonlinear
Phenomena, 133, 282–178, https://doi.org/10.1016/S0167-
2789(99)00104-9.

Gross, M., and Coauthors, 2018: Physics–dynamics coupling in
weather, climate, and earth system models: Challenges and
recent progress. Mon. Wea. Rev., 146, 3505–3544, https://
doi.org/10.1175/MWR-D-17-0345.1.

Gu, Z. C., J. P. Chao, and Z. Qu, 1957: A test for 24 and 48-HR
numerical forecasting with a quasi-geostophic two-parameter
model. Acta Meteorologica Sinica, 28, 41–62, https://doi.org/

10.11676/qxxb1957.004. (in Chinese with English abstract)
Guo, Z., and Coauthors, 2014: A sensitivity analysis of cloud prop-

erties to CLUBB parameters in the single-column Commu-
nity Atmosphere Model (SCAM5). Journal of Advances in
Modeling Earth Systems, 6, 829–858, https://doi.org/10.1002/

2014MS000315.
Guo, Z., and Coauthors, 2015: Parametric behaviors of CLUBB

in simulations of low clouds in the Community Atmosphere
Model (CAM). Journal of Advances in Modeling Earth Sys-
tems, 7, 1005–1025, https://doi.org/10.1002/2014MS000405.

Gustafsson, N., 2007: Discussion on ‘4D-Var or EnKF?’. Tellus
A: Dynamic Meteorology and Oceanography, 59, 774–777,
https://doi.org/10.1111/j.1600-0870.2007.00262.x.

Gustafsson, N., and Coauthors, 2018: Survey of data assimilation
methods for convective-scale numerical weather prediction at
operational centres. Quart. J. Roy. Meteor. Soc., 144, 1218–
1256, https://doi.org/10.1002/qj.3179.

Han, W., and N. Bormann, 2016: Constrained adaptive bias cor-
rection for satellite radiances assimilation in the ECMWF 4D-
Var. EGU General Assembly 2016, Washington, EGU, 783.

Hao, M., Z. F. Xu, S. W. Tao, L. J. Zhu, Y. Wang, and J. D.
Gong, 2011: Simulation study and application experiment of
GRAPES RUC system. Plateau Meteorology, 30, 1573–1583.
(in Chinese with English abstract)

He, W. Y., Z. Q. Liu, and H. B. Chen, 2011: Influence of surface
temperature and emissivity on AMSU-A assimilation over
land. Acta Meteorologica Sinica, 25, 545–557, https://doi.org/

10.1007/s13351-011-0501-1.
Heikes, R., and D. A. Randall, 1995: Numerical integration of

the shallow-water equations on a twisted icosahedral grid.
Part I: Basic design and results of tests. Mon. Wea. Rev.,
123, 1862–1880, https://doi.org/10.1175/1520-0493(1995)
123<1862:NIOTSW>2.0.CO;2.

Houtekamer, P. L., and F. Q. Zhang, 2016: Review of the ensemble
Kalman filter for atmospheric data assimilation. Mon. Wea.
Rev., 144, 4489–4532, https://doi.org/10.1175/MWR-D-15-
0440.1.

Huang, L. P., D. H. Chen, L. T. Deng, Z. F. Xu, F. Yu, Y.
Jiang, and F. F. Zhou, 2017: Main technical improvements of
GRAPES Meso V4.0 and verfication. Journal of Applied Me-
teorological Science, 28(1), 25–37, https://doi.org/10.11898/

1001-7313.20170103. (in Chinese with English abstract)
Huang, W., J.-W. Bao, and B. D. Chen, 2014: Parameterization of

subgrid deep convective cloud at gray-zone resolutions: Pre-
liminary results. Tropical Cyclone Research and Review, 3,
218–228, https://doi.org/10.6057/2014TCRR04.02.

Huang, W., J. W. Bao, X. Zhang, and B. D. Chen, 2018: Compari-
son of the vertical distributions of cloud properties from ideal-
ized extratropical deep convection simulations using various
horizontal resolutions. Mon. Wea. Rev., 146, 833–851, https://
doi.org/10.1175/MWR-D-17-0162.1.

Huo, Z. H., J. Chen, X. L. Li, Y. Z. Liu, L. Zhang, B. Zhao, F. Peng,
and H. Tian, 2018: Dynamical upscaling technique for ini-
tial fields of grapes operational global ensemble control fore-
cast. Meteorological Science and Technology, 46, 707–717,
https://doi.org/10.19517/j.1671-6345.20170311. (in Chinese
with English abstract)

Ii, S., and F. Xiao, 2007: CIP/multi-moment finite volume method
for Euler equations: A semi-Lagrangian characteristic for-
mulation. J. Comput. Phys., 222, 849–871, https://doi.org/

10.1016/j.jcp.2006.08.015.
Ji, D., and Coauthors, 2014: Description and basic evaluation of

Beijing Normal University Earth System Model (BNU-ESM)
version 1. Geoscientific Model Development, 7, 2039–2064,
https://doi.org/10.5194/gmd-7-2039-2014.

Jie, W. H., F. Vitart, T. W. Wu, and X. W. Liu, 2017: Simula-
tions of the Asian summer monsoon in the sub-seasonal to
seasonal prediction project (S2S) database. Quart. J. Roy. Me-
teor. Soc., 143, 2282–2295, https://doi.org/10.1002/qj.3085.

Jung, T., and Coauthors, 2010: The ECMWF model climate: Re-
cent progress through improved physical parametrizations.
ECMWF Technical Report.

Kageyama, A., and T. Sato, 2004: “Yin-Yang grid”: An over-
set grid in spherical geometry. Geochemistry, Geophysics,
Geosystems, 5, Q09005, https://doi.org/10.1029/2004GC

https://doi.org/10.1007/s13351-016-6033-y
https://doi.org/10.1175/JAMC-D-14-0243.1
https://doi.org/10.3878/j.issn.1006-9895.1712.17200
https://doi.org/10.3878/j.issn.1006-9895.1712.17200
https://doi.org/10.11676/qxxb1963.051
https://doi.org/10.11676/qxxb1963.051
https://doi.org/10.1175/MWR-D-10-05026.1
https://doi.org/10.1175/MWR-D-10-05026.1
https://doi.org/10.5194/gmd-7-2951-2014
https://doi.org/10.5194/gmd-8-2675-2015
https://doi.org/10.5194/gmd-8-2675-2015
https://doi.org/10.1007/s00376-010-0087-z
https://doi.org/10.1029/2017MS001233
https://doi.org/10.1016/S0167-2789(99)00104-9
https://doi.org/10.1016/S0167-2789(99)00104-9
https://doi.org/10.1175/MWR-D-17-0345.1
https://doi.org/10.1175/MWR-D-17-0345.1
https://doi.org/10.11676/qxxb1957.004
https://doi.org/10.11676/qxxb1957.004
https://doi.org/10.1002/2014MS000315
https://doi.org/10.1002/2014MS000315
https://doi.org/10.1002/2014MS000405
https://doi.org/10.1111/j.1600-0870.2007.00262.x
https://doi.org/10.1002/qj.3179
https://doi.org/10.1007/s13351-011-0501-1
https://doi.org/10.1007/s13351-011-0501-1
https://doi.org/10.1175/1520-0493(1995)123$<$1862:NIOTSW$>$2.0.CO;2
https://doi.org/10.1175/1520-0493(1995)123$<$1862:NIOTSW$>$2.0.CO;2
https://doi.org/10.1175/MWR-D-15-0440.1
https://doi.org/10.1175/MWR-D-15-0440.1
https://doi.org/10.11898/1001-7313.20170103
https://doi.org/10.11898/1001-7313.20170103
https://doi.org/10.6057/2014TCRR04.02
https://doi.org/10.1175/MWR-D-17-0162.1
https://doi.org/10.1175/MWR-D-17-0162.1
https://doi.org/10.19517/j.1671-6345.20170311
https://doi.org/10.1016/j.jcp.2006.08.015
https://doi.org/10.1016/j.jcp.2006.08.015
https://doi.org/10.5194/gmd-7-2039-2014
https://doi.org/10.1002/qj.3085
https://doi.org/10.1029/2004GC000734


SEPTEMBER 2019 YU ET AL. 955

000734.
Kalnay, E., H. Li, T. Miyoshi, S.-C. Yang, and J. Ballabrera-Poy,

2007: 4-D-Var or ensemble Kalman filter? Tellus A: Dy-
namic Meteorology and Oceanography, 59, 758–773, https://
doi.org/10.1111/j.1600-0870.2007.00261.x.

Kang, J. Q., J. J. Wang, L. P. Huang, and Z. W. Wan, 2016:
An improvement on the radiation effects of shallow con-
vective clouds in GRAPES-Meso mode. Acta Meteorologica
Sinica, 74, 715–732, https://doi.org/10.11676/qxxb2016.061.
(in Chinese with English abstract)

Khairoutdinov, M. F., and D. A. Randall, 2001: A cloud resolv-
ing model as a cloud parameterization in the NCAR Commu-
nity Climate System Model: Preliminary results. Geophys.
Res. Lett., 28, 3617–3620, https://doi.org/10.1029/2001GL
013552.

Klemp, J. B., 2011: A terrain-following coordinate with smoothed
coordinate surfaces. Mon. Wea. Rev., 139, 2163–2169, https://
doi.org/10.1175/MWR-D-10-05046.1.

Laprise, R., 1992: The euler equations of motion with hydro-
static pressure as an independent variable. Mon. Wea. Rev.,
120, 197–207, https://doi.org/10.1175/1520-0493(1992)120
<0197:TEEOMW>2.0.CO;2.

Lei, L. L., and J. S. Whitaker, 2016: A four-dimensional incremen-
tal analysis update for the ensemble Kalman filter. Mon. Wea.
Rev., 144, 2605–2621, https://doi.org/10.1175/MWR-D-15-
0246.1.

Lei, L. L., and J. S. Whitaker, 2017: Evaluating the trade-offs be-
tween ensemble size and ensemble resolution in an ensemble-
variational data assimilation system. Journal of Advances in
Modeling Earth Systems, 9, 781–789, https://doi.org/10.1002/

2016MS000864.
Lei, L. L., J. S. Whitaker, and C. Bishop, 2018: Improving assimi-

lation of radiance observations by implementing model space
localization in an ensemble kalman filter. Journal of Advances
in Modeling Earth Systems, 10, 3221–3232, https://doi.org/

10.1029/2018MS001468.
Leonard, B. P., A. P. Lock, and M. K. MacVean, 1996: Con-

servative explicit unrestricted-time-step multidimensional
constancy-preserving advection schemes. Mon. Wea. Rev.,
124, 2588–2606, https://doi.org/10.1175/1520-0493(1996)
124<2588:CEUTSM>2.0.CO;2.

Li, C., D. H. Chen, and X. L. Li, 2012: A design of height-
based terrain-following coordinates in the atmospheric nu-
merical model: Theoretical analysis and idealized tests.
Acta Meteorologica Sinica, 70, 1247–1259, https://doi.org/

10.11676/qxxb2012.105. (in Chinese with English abstract)
Li, J., and X. L. Zou, 2014: Impact of FY-3A MWTS radiances

on prediction in GRAPES with comparison of two quality
control schemes. Frontiers of Earth Science, 8(2), 251–263,
https://doi.org/10.1007/s11707-014-0405-3.

Li, J., and R. C. Yu, 2014: A method to linearly evaluate rain-
fall frequency–intensity distribution. Journal of Applied Me-
teorology and Climatology, 53, 928–934, https://doi.org/

10.1175/JAMC-D-13-0272.1.
Li, J., and G. Q. Liu, 2016: Direct assimilation of Chinese FY-

3C microwave temperature sounder-2 radiances in the global
GRAPES system. Atmospheric Measurement Techniques,
9(7), 3095–3113, https://doi.org/10.5194/amt-9-3095-2016.

Li, J., R. C. Yu, W. H. Yuan, H. M. Chen, W. Sun, and Y.
Zhang, 2015a: Precipitation over East Asia simulated by
NCAR CAM5 at different horizontal resolutions. Journal of
Advances in Modeling Earth Systems, 7, 774–790, https://

doi.org/10.1002/2014MS000414.
Li, J., P. Wang, H. Han, J. L. Li, and J. Zheng, 2016: On the as-

similation of satellite sounder data in cloudy skies in numeri-
cal weather prediction models. J. Meteor. Res., 30, 169–182,
https://doi.org/10.1007/s13351-016-5114-2.

Li, J., B. D. Chen, W. Huang, and X. Zhang, 2017: Cloud
physics initialization for convection-scale NWP: Scheme im-
provements and a case study. Acta Meteorologica Sinica,
75(5), 771–783, https://doi.org/10.11676/qxxb2017.059. (in
Chinese with English abstract)

Li, J., H. M. Chen, X. Y. Rong, J. Z. Su, Y. F. Xin, K. Furtado, S.
Milton, and N. N. Li, 2018: How well can a climate model
simulate an extreme precipitation event: A case study using
the transpose-AMIP experiment. J. Climate, 31, 6543–6556,
https://doi.org/10.1175/JCLI-D-17-0801.1.

Li, L. J., and Coauthors, 2013a: The flexible global ocean-
atmosphere-land system model, Grid-point Version 2:
FGOALS-g2. Adv. Atmos. Sci., 30, 543–560, https://doi.org/

10.1007/s00376-012-2140-6.
Li, L. J., B. Wang, and G. J. Zhang, 2014a: The role of nonconvec-

tive condensation processes in response of surface shortwave
cloud radiative forcing to El Niño warming. J. Climate, 27,
6721–6736, https://doi.org/10.1175/JCLI-D-13-00632.1.

Li, X. H., and X. D. Peng, 2018: Long-term integration of a global
non-hydrostatic atmospheric model on an aqua planet. J. Me-
teor. Res., 32, 517–533, https://doi.org/10.1007/s13351-018-
8016-7.

Li, X. H., X. D. Peng, and X. L. Li, 2015b: An improved dy-
namic core for a non-hydrostatic model system on the Yin-
Yang Grid. Adv. Atmos. Sci., 32, 648–658, https://doi.org/

10.1007/s00376-014-4120-5.
Li, X. L., X. S. Shen, X. D. Peng, F. Xiao, Z. R. Zhuang, and C.

G. Chen, 2013b: An accurate multimoment constrained finite
volume transport model on Yin-Yang grids. Adv. Atmos. Sci.,
30, 1320–1330, https://doi.org/10.1007/s00376-013-2217-x.

Li, X. L., C. G. Chen, X. S. Shen, and F. Xiao, 2013c: A multi-
moment constrained finite-volume model for nonhydrostatic
atmospheric dynamics. Mon. Wea. Rev., 141, 1216–1240,
https://doi.org/10.1175/MWR-D-12-00144.1.

Li, X. L., C. G. Chen, F. Xiao, and X. S. Shen, 2015c: A high-order
multi-moment constrained finite-volume global shallow-
water model on the Yin-Yang grid. Quart. J. Roy. Meteor.
Soc., 141, 2090–2102, https://doi.org/10.1002/qj.2504.

Li, Y., B. Wang, D. Wang, J. Li, and L. Dong, 2014b: An orthog-
onal terrain-following coordinate and its preliminary tests us-
ing 2-D idealized advection experiments. Geoscientific Model
Development, 7, 1767–1778, https://doi.org/10.5194/gmd-7-
1767-2014.

Li, Z. C., 1994: Medium-range numerical weather prediction sys-
tem at the national meteorological center of China. Acta
Meteorologica Sinica, 52, 297–307, https://doi.org/10.11676/

qxxb1994.038. (in Chinese with English abstract)
Liao, D. X., 1958: A simple two-layer model and its exten-

sion. Acta Meteorologica Sinica, 29, 162–175, https://doi.org/

10.11676/qxxb1958.018. (in Chinese with English abstract)
Lin, S.-J., and R. B. Rood, 1996: Multidimensional flux-

form semi-lagrangian transport schemes. Mon. Wea. Rev.,
124, 2046–2070, https://doi.org/10.1175/1520-0493(1996)124
<2046:MFFSLT>2.0.CO;2.

Lin, Y. L., and B. A. Colle, 2011: A new bulk microphysi-
cal scheme that includes riming intensity and temperature-
dependent ice characteristics. Mon. Wea. Rev., 139, 1013–

https://doi.org/10.1029/2004GC000734
https://doi.org/10.1029/2004GC000734
https://doi.org/10.1111/j.1600-0870.2007.00261.x
https://doi.org/10.1111/j.1600-0870.2007.00261.x
https://doi.org/10.11676/qxxb2016.061
https://doi.org/10.1029/2001GL013552
https://doi.org/10.1029/2001GL013552
https://doi.org/10.1175/MWR-D-10-05046.1
https://doi.org/10.1175/MWR-D-10-05046.1
https://doi.org/10.1175/1520-0493(1992)120$<$0197:TEEOMW$>$2.0.CO;2
https://doi.org/10.1175/1520-0493(1992)120$<$0197:TEEOMW$>$2.0.CO;2
https://doi.org/10.1175/MWR-D-15-0246.1
https://doi.org/10.1175/MWR-D-15-0246.1
https://doi.org/10.1002/2016MS000864
https://doi.org/10.1002/2016MS000864
https://doi.org/10.1029/2018MS001468
https://doi.org/10.1029/2018MS001468
https://doi.org/10.1175/1520-0493(1996)124$<$2588:CEUTSM$>$2.0.CO;2
https://doi.org/10.1175/1520-0493(1996)124$<$2588:CEUTSM$>$2.0.CO;2
https://doi.org/10.11676/qxxb2012.105
https://doi.org/10.11676/qxxb2012.105
https://doi.org/10.1007/s11707-014-0405-3
https://doi.org/10.1175/JAMC-D-13-0272.1
https://doi.org/10.1175/JAMC-D-13-0272.1
https://doi.org/10.5194/amt-9-3095-2016
https://doi.org/10.1002/2014MS000414
https://doi.org/10.1002/2014MS000414
https://doi.org/10.1007/s13351-016-5114-2
https://doi.org/10.11676/qxxb2017.059
https://doi.org/10.1175/JCLI-D-17-0801.1
https://doi.org/10.1007/s00376-012-2140-6
https://doi.org/10.1007/s00376-012-2140-6
https://doi.org/10.1175/JCLI-D-13-00632.1
https://doi.org/10.1007/s00376-014-4120-5
https://doi.org/10.1007/s00376-014-4120-5
https://doi.org/10.1007/s00376-013-2217-x
https://doi.org/10.1175/MWR-D-12-00144.1
https://doi.org/10.1002/qj.2504
https://doi.org/10.5194/gmd-7-1767-2014
https://doi.org/10.5194/gmd-7-1767-2014
https://doi.org/10.11676/qxxb1994.038
https://doi.org/10.11676/qxxb1994.038
https://doi.org/10.11676/qxxb1958.018
https://doi.org/10.11676/qxxb1958.018
https://doi.org/10.1175/1520-0493(1996)124$<$2046:MFFSLT$>$2.0.CO;2
https://doi.org/10.1175/1520-0493(1996)124$<$2046:MFFSLT$>$2.0.CO;2


956 REVIEW OF NUMERICAL ATMOSPHERIC MODELING IN CHINA VOLUME 36

1035, https://doi.org/10.1175/2010MWR3293.1.
Liou, K. N., 2002: An Introduction to Atmospheric Radiation. 2nd

ed. Academic Press.
Liu, K., Q. Y. Chen, and J. Sun, 2015: Modification of cumu-

lus convection and planetary boundary layer schemes in the
GRAPES global model. J. Meteor. Res., 29, 806–822, https://
doi.org/10.1007/s13351-015-5043-5.

Liu, X. W., and Coauthors, 2017a: MJO prediction using the sub-
seasonal to seasonal forecast model of Beijing Climate Cen-
ter. Climate Dyn., 48, 3283–3307, https://doi.org/10.1007/

s00382-016-3264-7.
Liu, Y., and J. S. Xue, 2014: Assimilation of global navigation

satellite radio occultation observations in GRAPES: Oper-
ational implementation. J. Meteor. Res., 28(6), 1061–1074,
https://doi.org/10.1007/s13351-014-4028-0.

Liu, Y., J. S. Xue, L. Zhang, and H. J. Lu, 2016: Verifica-
tion and diagnostics for data assimilation system of global
GRAPES. Journal of Applied Meteorological Science, 27,
1–15, https://doi.org/10.11898/1001-7313.20160101. (in Chi-
nese with English abstract)

Liu, Y. Z., X. S. Shen, and X. L. Li, 2013a: Researeh on the
singular vector perturbation of the GRAPES global model
based on the total energy norm. Acta Meteorological Sinica,
71(3), 517–526, https://doi.org/10.11676/qxxb2013.043. (in
Chinese with English abstract)

Liu, Y. Z., L. Zhang, and Z. Y. Jin, 2017b: The optimiza-
tion of GRAPES global tangent linear model and adjoint
model. Journal of Applied Meteorological Science, 28, 62–
71, https://doi.org/10.11898/1001-7313.20170106. (in Chi-
nese with English abstract)

Liu, Y. Z., L. Zhang, and Z. H. Lian, 2018: Conjugate gradient al-
gorithm in the four-dimensional variational data assimilation
system in GRAPES. J. Meteor. Res., 32, 974–984, https://
doi.org/10.1007/s13351-018-8053-2.

Liu, Z. Y., S. Wu, S. Q. Zhang, Y. Liu, and X. Y. Rong, 2013b: En-
semble data assimilation in a simple coupled climate model:
The role of ocean-atmosphere interaction. Adv. Atmos. Sci.,
30, 1235–1248, https://doi.org/10.1007/s00376-013-2268-z.

Lu, B., J. S. Sun, J. Q. Zhong, Z. W. Wang, and S. Y. Fan,
2017: Analysis of characteristic bias in diurnal precipitation
variation forecasts and possible reasons in a regional fore-
cast system over Beijing area. Acta Meteorologica Sinica, 75,
248–259, https://doi.org/10.11676/qxxb2017.021. (in Chi-
nese with English abstract)

Lu, C. S., Y. G. Liu, G. J. Zhang, X. H. Wu, S. Endo, L. Cao, Y. Q.
Li, and X. H. Guo, 2016: Improving parameterization of en-
trainment rate for shallow convection with aircraft measure-
ments and large-eddy simulation. J. Atmos. Sci., 73, 761–773,
https://doi.org/10.1175/JAS-D-15-0050.1.

Ma, J. H., Y. J. Zhu, R. Wobus, and P. X. Wang, 2012: An effec-
tive configuration of ensemble size and horizontal resolution
for the NCEP GEFS. Adv. Atmos. Sci., 29, 782–794, https://
doi.org/10.1007/s00376-012-1249-y.

Ma, X. L., Z. R. Zhuang, J. S. Xue, and W. S. Lu, 2009:
Development of 3-D variational data assimilation system
for the nonhydrostatic numerical weather prediction model-
GRAPES. Acta Meteorologica Sinica, 67, 50–60, https://
doi.org/10.11676/qxxb2009.006. (in Chinese with English
abstract)

Ma, Z. S., Q. J. Liu, C. F. Zhao, X. S. Shen, Y. Wang, J. H. Jiang, Z.
Li, and Y. Yung, 2018: Application and evaluation of an ex-
plicit prognostic cloud-cover scheme in GRAPES global fore-

cast system. Journal of Advances in Modeling Earth Systems,
10, 652–667, https://doi.org/10.1002/2017MS001234.

Morrison, H., and A. Gettelman, 2008: A new two-moment bulk
stratiform cloud microphysics scheme in the community at-
mosphere model, version 3 (CAM3). Part I: Description and
numerical tests. J. Climate, 21, 3642–3659, https://doi.org/

10.1175/2008JCLI2105.1.
Pan, L. J., C. F. Xue, H. F. Zhang, J. P. Wang, and J. Yao, 2017:

Comparison of three verification methods for high-resolution
grid precipitation forecast. Climatic and Environmental Re-
search, 22, 45–58, https://doi.org/10.3878/j.issn.1006-9585.
2016.16012. (in Chinese with English abstract)

Pan, Y. J., M. Xue, K. F. Zhu, and M. J. Wang, 2018: A pro-
totype regional GSI-based EnKF-variational hybrid data as-
similation system for the rapid refresh forecasting system:
Dual-resolution implementation and testing results. Adv. At-
mos. Sci., 35, 518–530, https://doi.org/10.1007/s00376-017-
7108-0.

Peng, F., X. L. Li, J. Chen, and H. Q. Li, 2019: A stochastic
kinetic energy backscatter scheme for model perturbations
in the GRAPES global ensemble prediction system. Acta
Meteorologica Sinica, 77, 180–195, https://doi.org/10.11676/

qxxb2019.009. (in Chinese with English abstract)
Peng, X. D., F. Xiao, and K. Takahashi, 2007: Conservative con-

straint for a quasi-uniform overset grid on the sphere. Quart.
J. Roy. Meteor. Soc., 132, 979–996, https://doi.org/10.1256/

qj.05.18.
Pincus, R., H. W. Barker, and J.-J. Morcrette, 2003: A fast, flex-

ible, approximate technique for computing radiative transfer
in inhomogeneous cloud fields. J. Geophys. Res. Atmos., 108,
4376, https://doi.org/10.1029/2002JD003322.

Plant, R. S., and G. C. Craig, 2008: A stochastic parameterization
for deep convection based on equilibrium statistics. J. Atmos.
Sci., 65, 87–105, https://doi.org/10.1175/2007JAS2263.1.

Prein, A. F., R. Rasmussen, and G. Stephens, 2017: Challenges and
advances in convection-permitting climate modeling. Bull.
Amer. Meteor. Soc., 98, 1027–1030, https://doi.org/10.1175/

BAMS-D-16-0263.1.
Qian, Y. F., and Z. Zhong, 1986: General forms of dynamic

equations for atmosphere in numerical models with topog-
raphy. Adv. Atmos. Sci., 3, 10–22, https://doi.org/10.1007/

BF02680042.
Qiao, X. S., S. Z. Wang, and J. Z. Min, 2017: A stochastic

perturbed parameterization tendency scheme for diffusion
(SPPTD) and its application to an idealized supercell sim-
ulation. Mon. Wea. Rev., 145, 2119–2139, https://doi.org/

10.1175/MWR-D-16-0307.1.
Qin, Y., Y. L. Lin, S. M. Xu, H. Y. Ma, and S. C. Xie, 2018:

A diagnostic PDF cloud scheme to improve subtropical low
clouds in NCAR community atmosphere model (CAM5).
Journal of Advances in Modeling Earth Systems, 10, 320–
341, https://doi.org/10.1002/2017MS001095.

Qin, Z. K., X. L. Zou, and F. Z. Weng, 2013: Evaluating added
benefits of assimilating GOES imager radiance data in GSI
for coastal QPFs. Mon. Wea. Rev., 141, 75–92, https://doi.org/

10.1175/MWR-D-12-00079.1.
Randall, D. A., R. Heikes, and T. Ringer, 2000: Global atmo-

spheric modeling using a geodesic grid with an isentropic
vertical coordinate. International Geophysics, 70, 509–538,
https://doi.org/10.1016/S0074-6142(00)80065-0.

Ringler, T., L. L. Ju, and M. Gunzburger, 2008: A multiresolution
method for climate system modeling: Application of spherical

https://doi.org/10.1175/2010MWR3293.1
https://doi.org/10.1007/s13351-015-5043-5
https://doi.org/10.1007/s13351-015-5043-5
https://doi.org/10.1007/s00382-016-3264-7
https://doi.org/10.1007/s00382-016-3264-7
https://doi.org/10.1007/s13351-014-4028-0
https://doi.org/10.11898/1001-7313.20160101
https://doi.org/10.11676/qxxb2013.043
https://doi.org/10.11898/1001-7313.20170106
https://doi.org/10.1007/s13351-018-8053-2
https://doi.org/10.1007/s13351-018-8053-2
https://doi.org/10.1007/s00376-013-2268-z
https://doi.org/10.11676/qxxb2017.021
https://doi.org/10.1175/JAS-D-15-0050.1
https://doi.org/10.1007/s00376-012-1249-y
https://doi.org/10.1007/s00376-012-1249-y
https://doi.org/10.11676/qxxb2009.006
https://doi.org/10.11676/qxxb2009.006
https://doi.org/10.1002/2017MS001234
https://doi.org/10.1175/2008JCLI2105.1
https://doi.org/10.1175/2008JCLI2105.1
https://doi.org/10.3878/j.issn.1006-9585.2016.16012
https://doi.org/10.3878/j.issn.1006-9585.2016.16012
https://doi.org/10.1007/s00376-017-7108-0
https://doi.org/10.1007/s00376-017-7108-0
https://doi.org/10.11676/qxxb2019.009
https://doi.org/10.11676/qxxb2019.009
https://doi.org/10.1256/qj.05.18
https://doi.org/10.1256/qj.05.18
https://doi.org/10.1029/2002JD003322
https://doi.org/10.1175/2007JAS2263.1
https://doi.org/10.1175/BAMS-D-16-0263.1
https://doi.org/10.1175/BAMS-D-16-0263.1
https://doi.org/10.1007/BF02680042
https://doi.org/10.1007/BF02680042
https://doi.org/10.1175/MWR-D-16-0307.1
https://doi.org/10.1175/MWR-D-16-0307.1
https://doi.org/10.1002/2017MS001095
https://doi.org/10.1175/MWR-D-12-00079.1
https://doi.org/10.1175/MWR-D-12-00079.1
https://doi.org/10.1016/S0074-6142(00)80065-0


SEPTEMBER 2019 YU ET AL. 957

centroidal Voronoi tessellations. Ocean Dyn., 58, 475–498,
https://doi.org/10.1007/s10236-008-0157-2.

Rodwell, M. J., and T. N. Palmer, 2007: Using numerical weather
prediction to assess climate models. Quart. J. Roy. Meteor.
Soc., 133, 129–146, https://doi.org/10.1002/qj.23.

Rong, X. Y., and Coauthors, 2018: The CAMS climate system
model and a basic evaluation of its climatology and climate
variability simulation. J. Meteor. Res., 32, 839–861, https://
doi.org/10.1007/s13351-018-8058-x.

Shen, X. S., M. H. Wang, and F. Xiao, 2011: A study of the
high-order accuracy and positive-definite conformal advec-
tion scheme in the GRAPES model I: Scientific design and
idealized tests. Acta Meteorologica Sinica, 69, 1–15, https://
doi.org/10.11676/qxxb2011.001. (in Chinese with English
abstract)

Shen, X. S., and Coauthors, 2017: Development and operation
transformation of GRAPES global middle range forecast
system. Journal of Applied Meteorological Science, 28, 1–
10, https://doi.org/10.11898/1001-7313.20170101. (in Chi-
nese with English abstract)

Staniforth, A., and J. Thuburn, 2012: Horizontal grids for global
weather and climate prediction models: A review. Quart. J.
Roy. Meteor. Soc., 138, 1–26, https://doi.org/10.1002/qj.958.

Su, Y., X. S. Shen, X. D. Peng, X. L. Li, X. J. Wu, S. Zhang, and
X. Chen, 2013: Application of PRM scalar advection scheme
in GRAPES global forecast system. Chinese Journal of At-
mospheric Sciences, 37, 1309–1325, https://doi.org/10.3878/

j.issn.1006-9895.2013.12164. (in Chinese with English ab-
stract)

Tao, S. Y., S. W. Zhao, X. P. Zhou, L. R. Ji, S. Q. Sun, S. T. Gao,
and Q. Y. Zhang, 2003: The research progress of the synoptic
meteorology and synoptic forecast. Chinese Journal of Atmo-
spheric Sciences, 27, 451–467, https://doi.org/10.3878/j.issn.
1006-9895.2003.04.03. (in Chinese with English abstract)

Taylor, K. E., 2001: Summarizing multiple aspects of model per-
formance in a single diagram. J. Geophys. Res.: Atmos., 106,
7183–7192, https://doi.org/10.1029/2000JD900719.

Tian, X. J., and X. B. Feng, 2015: A non-linear least squares
enhanced POD-4DVar algorithm for data assimilation. Tel-
lus A: Dynamic Meteorology and Oceanography, 67, 25340,
https://doi.org/10.3402/tellusa.v67.25340.

Tian, X. J., H. Q. Zhang, X. B. Feng, and Y. F. Xie, 2018: Nonlin-
ear least squares En4DVar to 4DEnVar methods for data as-
similation: formulation, analysis, and preliminary evaluation.
Mon. Wea. Rev., 146, 77–93, https://doi.org/10.1175/MWR-
D-17-0050.1.

Tiedtke, M., 1993: Representation of clouds in large-scale mod-
els. Mon. Wea. Rev., 121, 3040–3061, https://doi.org/10.1175/

1520-0493(1993)121<3040:ROCILS>2.0.CO;2.
Tomita, H., M. Tsugawa, M. Satoh, and K. Goto, 2001: Shallow

water model on a modified icosahedral geodesic grid by us-
ing spring dynamics. J. Comput. Phys., 174, 579–613, https://
doi.org/10.1006/jcph.2001.6897.

Vitart, F., and Coauthors, 2017: The subseasonal to seasonal (S2S)
prediction project database. Bull. Amer. Meteor. Soc., 98,
163–173, https://doi.org/10.1175/BAMS-D-16-0017.1.

Wan, Z. W., J. J. Wang, L. P. Huang, and J. Q. Kang, 2015:
An improvement of the shallow convection parameterization
scheme in the GRAPES-Meso. Acta Meteorologica Sinica,
73, 1066–1079, https://doi.org/10.11676/qxxb2015.071. (in
Chinese with English abstract)

Wang, H., N. G. Wu, Q. L. Wan, and T. Zhan, 2018a: Analysis

of S-band polarimetric radar observations of a hail-producing
supercell. Acta Meteorologica Sinica, 76(1), 92–103, https://
doi.org/10.11676/qxxb2017.083. (in Chinese with English
abstract)

Wang, J. C., J. D. Gong, and R. C. Wang, 2016: Estimation
of background error for brightness temperature in GRAPES
3DVar and its application in radiance data background quality
control. Acta Meteorologica Sinica, 74(3), 397–409, https://
doi.org/10.11676/qxxb2016.026. (in Chinese with English
abstract)

Wang, J. Z., J. Chen, J. Du, Y. T. Zhang, Y. Xia, and G. Deng,
2018b: Sensitivity of ensemble forecast verification to model
bias. Mon. Wea. Rev., 146, 781–796, https://doi.org/10.1175/

MWR-D-17-0223.1.
Wang, M., and Coauthors, 2011a: The multi-scale aerosol-climate

model PNNL-MMF: Model description and evaluation. Geo-
scientific Model Development, 4, 137–168, https://doi.org/

10.5194/gmd-4-137-2011.
Wang, M. H., X. S. Shen, and F. Xiao, 2011b: A study of the

high-order accuracy and positive-definite conformal advec-
tion scheme in the GRAPES model II: Continuous actual
rainfall prediction experiments. Acta Meteorologica Sinica,
69, 16–25, https://doi.org/10.11676/qxxb2011.002. (in Chi-
nese with English abstract)

Wang, M. H., and Coauthors, 2015a: A multiscale modeling
framework model (superparameterized CAM5) with a higher-
order turbulence closure: Model description and low-cloud
simulations. Journal of Advances in Modeling Earth Systems,
7, 484–509, https://doi.org/10.1002/2014MS000375.

Wang, R. C., J. D. Gong, and L. Zhang, 2012: Statistical estima-
tion of dynamic balance constraints in GRAPES variational
data assimilation system. Journal of Applied Meteorologi-
cal Science, 23, 129–138, https://doi.org/10.3969/j.issn.1001-
7313.2012.02.001. (in Chinese with English abstract)

Wang, R. C., J. D. Gong, L. Zhang, and C. B. Xue, 2014:
Numerical experiments on statistical estimation of dynamic
balance constraints in GRAPES-3DVAR with whole lay-
ers of model atmosphere. Journal of Tropical Meteorology,
30, 633–642, https://doi.org/10.3969/j.issn.1004-4965.2014.
04.004. (in Chinese with English abstract)

Wang, R. C., J. D. Gong, L. Zhang, and H. J. Lu, 2015b: Tropi-
cal balance characteristics between mass and wind fields and
their impact on analyses and forecasts in GRAPES system.
Part II: Application of linear balance equation–regression
hybrid constraint scheme. Chinese Journal of Atmospheric
Sciences, 39, 1225–1236, https://doi.org/10.3878/j.issn.1006-
9895.1412.14234. (in Chinese with English abstract)

Wang, S. Z., X. S. Qiao, J. Z. Min, and X. R. Zhuang, 2019: The
impact of stochastically perturbed parameterizations on tor-
nadic supercell cases in East China. Mon. Wea. Rev., 147,
199–220, https://doi.org/10.1175/MWR-D-18-0182.1.

Wang, X. C., and M. H. Zhang, 2013: An analysis of parameteriza-
tion interactions and sensitivity of single-column model sim-
ulations to convection schemes in CAM4 and CAM5. J. Geo-
phys. Res.: Atmos., 118, 8869–8880, https://doi.org/10.1002/

jgrd.50690.
Wang, X. C., and M. H. Zhang, 2014: Vertical velocity in shallow

convection for different plume types. Journal of Advances in
Modeling Earth Systems, 6, 478–489, https://doi.org/10.1002/

2014MS000318.
Wang, X. C., Y. M. Liu, Q. Bao, and G. X. Wu, 2015c: Com-

parisons of GCM cloud cover parameterizations with cloud-

https://doi.org/10.1007/s10236-008-0157-2
https://doi.org/10.1002/qj.23
https://doi.org/10.1007/s13351-018-8058-x
https://doi.org/10.1007/s13351-018-8058-x
https://doi.org/10.11676/qxxb2011.001
https://doi.org/10.11676/qxxb2011.001
https://doi.org/10.11898/1001-7313.20170101
https://doi.org/10.1002/qj.958
https://doi.org/10.3878/j.issn.1006-9895.2013.12164
https://doi.org/10.3878/j.issn.1006-9895.2013.12164
https://doi.org/10.3878/j.issn.1006-9895.2003.04.03
https://doi.org/10.3878/j.issn.1006-9895.2003.04.03
https://doi.org/10.1029/2000JD900719
https://doi.org/10.3402/tellusa.v67.25340
https://doi.org/10.1175/MWR-D-17-0050.1
https://doi.org/10.1175/MWR-D-17-0050.1
https://doi.org/10.1175/1520-0493(1993)121$<$3040:ROCILS$>$2.0.CO;2
https://doi.org/10.1175/1520-0493(1993)121$<$3040:ROCILS$>$2.0.CO;2
https://doi.org/10.1006/jcph.2001.6897
https://doi.org/10.1006/jcph.2001.6897
https://doi.org/10.1175/BAMS-D-16-0017.1
https://doi.org/10.11676/qxxb2015.071
https://doi.org/10.11676/qxxb2017.083
https://doi.org/10.11676/qxxb2017.083
https://doi.org/10.11676/qxxb2016.026
https://doi.org/10.11676/qxxb2016.026
https://doi.org/10.1175/MWR-D-17-0223.1
https://doi.org/10.1175/MWR-D-17-0223.1
https://doi.org/10.5194/gmd-4-137-2011
https://doi.org/10.5194/gmd-4-137-2011
https://doi.org/10.11676/qxxb2011.002
https://doi.org/10.1002/2014MS000375
https://doi.org/10.3969/j.issn.1001-7313.2012.02.001
https://doi.org/10.3969/j.issn.1001-7313.2012.02.001
https://doi.org/10.3969/j.issn.1004-4965.2014.04.004
https://doi.org/10.3969/j.issn.1004-4965.2014.04.004
https://doi.org/10.3878/j.issn.1006-9895.1412.14234
https://doi.org/10.3878/j.issn.1006-9895.1412.14234
https://doi.org/10.1175/MWR-D-18-0182.1
https://doi.org/10.1002/jgrd.50690
https://doi.org/10.1002/jgrd.50690
https://doi.org/10.1002/2014MS000318
https://doi.org/10.1002/2014MS000318


958 REVIEW OF NUMERICAL ATMOSPHERIC MODELING IN CHINA VOLUME 36

resolving model explicit simulations. Science China Earth
Sciences, 58, 604–614, https://doi.org/10.1007/s11430-014-
4989-y.

Wang, Y., and G. J. Zhang, 2016: Global climate impacts of
stochastic deep convection parameterization in the NCAR-
CAM5. Journal of Advances in Modeling Earth Systems, 8,
1641–1656, https://doi.org/10.1002/2016MS000756.

Weller, H., J. Thuburn, and C. J. Cotter, 2012: Computational
modes and grid imprinting on five quasi-uniform spherical
C grids. Mon. Wea. Rev., 140, 2734–2755, https://doi.org/

10.1175/MWR-D-11-00193.1.
Wu, G. X., H. Liu, Y. C. Zhao, and W. P. Li, 1996: A nine-

layer atmospheric general circulation model and its perfor-
mance. Adv. Atmos. Sci., 13, 1–18, https://doi.org/10.1007/

BF02657024.
Wu, T. W., 2012: A mass-flux cumulus parameterization scheme

for large-scale models: Description and test with observa-
tions. Climate Dyn., 38, 725–744, https://doi.org/10.1007/

s00382-011-0995-3.
Wu, T. W., and Coauthors, 2014: An overview of BCC climate sys-

tem model development and application for climate change
studies. J. Meteor. Res., 28, 34–56, https://doi.org/10.1007/

s13351-014-3041-7.
Xia, X. L., J. Z. Min, F. F. Shen, Y. B. Wang, and C. Yang, 2019:

Aerosol data assimilation using data from Fengyun-3A and
MODIS: Application to a dust storm over East Asia in 2011.
Adv. Atmos. Sci., 36, 1–14, https://doi.org/10.1007/s00376-
018-8075-9.

Xiao, F., and A. Ikebata, 2003: An efficient method for capturing
free boundaries in multi-fluid simulations. International Jour-
nal for Numerical Methods in Fluids, 42, 187–210, https://
doi.org/10.1002/fld.499.

Xu, C. L., J. J. Wang, and L. P. Huang, 2017a: Evaluation on QPF
of GRAPES-Meso4.0 model at convection-permitting resolu-
tion. Acta Meteorologica Sinica, 75, 851–876, https://doi.org/

10.11676/qxxb2017.068. (in Chinese with English abstract)
Xu, D. S., Z. T. Chen, G. F. Dai, S. X. Zhong, and Z. L. Yang,

2014a: The influence of an improved cumulus parameteriza-
tion scheme on typhoon forecast from GRAPES model. Jour-
nal of Tropical Meteorology, 30, 210–218, https://doi.org/

10.3969/j.issn.1004-4965.2014.02.002. (in Chinese with En-
glish abstract)

Xu, D. S., Z. T. Chen, S. X. Zhong, and G. F. Dai, 2014b:
Study of the coupling of cumulus convection parameteri-
zation with cloud microphysics and its influence on fore-
cast of typhoon. Acta Meteorologica Sinica, 72, 337–349,
https://doi.org/10.11676/qxxb2014.017. (in Chinese with En-
glish abstract)

Xu, Z. F., Z. L. Hou, Y. Han, and W. D. Guo, 2016: A diagram for
evaluating multiple aspects of model performance in simulat-
ing vector fields. Geoscientific Model Development, 9, 4365–
4380, https://doi.org/10.5194/gmd-9-4365-2016.

Xu, Z. F., Y. Han, and C. B. Fu, 2017b: Multivariable integrated
evaluation of model performance with the vector field evalu-
ation diagram. Geoscientific Model Development, 10, 3805–
3820, https://doi.org/10.5194/gmd-10-3805-2017.

Xue, J. S., 2004: Progresses of researches on numerical weather
prediction in China: 1999-2002. Adv. Atmos. Sci., 21, 467–
474, https://doi.org/10.1007/BF02915573.

Xue, J. S., and Y. Liu, 2007: Numerical weather prediction in
China in the new century -progress, problems and prospects.
Adv. Atmos. Sci., 24, 1099–1108, https://doi.org/10.1007/

s00376-007-1099-1.
Xue, M., K. K. Droegemeier, and V. Wong, 2000: The Advanced

Regional Prediction System (ARPS) – A multi-scale nonhy-
drostatic atmospheric simulation and prediction model. Part I:
Model dynamics and verification. Meteor. Atmos. Phys., 75,
161–193, https://doi.org/10.1007/s007030070003.

Yabe, T., F. Xiao, and T. Utsumi, 2001: The constrained interpola-
tion profile method for multiphase analysis. J. Comput. Phys.,
169, 556–593, https://doi.org/10.1006/jcph.2000.6625.

Yang, B., Y. Qian, G. Lin, R. Leung, and Y. Zhang, 2012: Some
issues in uncertainty quantification and parameter tuning: A
case study of convective parameterization scheme in the WRF
regional climate model. Atmospheric Chemistry And Physics,
12, 2409–2427, https://doi.org/10.5194/acp-12-2409-2012.

Yang, B., and Coauthors, 2013: Uncertainty quantification and
parameter tuning in the CAM5 Zhang-McFarlane convection
scheme and impact of improved convection on the global cir-
culation and climate. J. Geophys. Res.: Atmos., 118, 395–415,
https://doi.org/10.1029/2012JD018213.

Yang, C., Z. Q. Liu, J. Bresch, S. R. H. Rizvi, X.-Y. Huang, and
J. Z. Min, 2016: AMSR2 all-sky radiance assimilation and its
impact on the analysis and forecast of Hurricane Sandy with
a limited-area data assimilation system. Tellus A: Dynamic
Meteorology and Oceanography, 68, 30917, https://doi.org/

10.3402/tellusa.v68.30917.
Yang, J. H., J. Q. Song, J. P. Wu, K. J. Ren, and H. Z. Leng, 2015: A

high-order vertical discretization method for a semi-implicit
mass-based non-hydrostatic kernel. Quart. J. Roy. Meteor.
Soc., 141, 2880–2885, https://doi.org/10.1002/qj.2573.

Yang, J. H., J. Q. Song, J. P. Wu, F. K. Ying, J. Peng, and
H. Z. Leng, 2017: A semi-implicit deep-atmosphere spec-
tral dynamical kernel using a hydrostatic-pressure coordinate.
Quart. J. Roy. Meteor. Soc., 143, 2703–2713, https://doi.org/

10.1002/qj.3119.
Yu, R. C., 1994: A two-step shape-preserving advection scheme.

Adv. Atmos. Sci., 11(4), 479–490, https://doi.org/10.1007/

BF02658169.
Yu, R. C., and Y. P. Xu, 2004: AREM and its simulations on

the daily rainfall in summer in 2003. Acta Meteorologica
Sinica, 62, 715–723, https://doi.org/10.11676/qxxb2004.068.
(in Chinese with English abstract)

Yu, R. C., J. Li, H. M. Chen, and W. H. Yuan, 2014: Progress in
studies of the precipitation diurnal variation over contiguous
China. J. Meteor. Res., 28, 877–902, https://doi.org/10.1007/

s13351-014-3272-7.
Yu, R. C., H. M. Chen, and W. Sun, 2015a: The definition and char-

acteristics of regional rainfall events demonstrated by warm
season precipitation over the Beijing Plain. Journal of Hy-
drometeorology, 16, 396–406, https://doi.org/10.1175/JHM-
D-14-0086.1.

Yu, R. C., J. Li, Y. Zhang, and H. M. Chen, 2015b: Improvement
of rainfall simulation on the steep edge of the Tibetan Plateau
by using a finite-difference transport scheme in CAM5. Cli-
mate Dyn., 45, 2937–2948, https://doi.org/10.1007/s00382-
015-2515-3.

Yu, R., T. Zhou, T. Wu, W. Xue, and G. Zhou, 2016: Development
and Evaluation of High Resolution Climate System Models.
Springer. https://doi.org/10.1007/978-981-10-0033-1.

Yuan, W. H., 2013: Diurnal cycles of precipitation over subtropical
China in IPCC AR5 AMIP simulations. Adv. Atmos. Sci., 30,
1679–1694, https://doi.org/10.1007/s00376-013-2250-9.

Yuan, Y., X. L. Li, J. Chen, and Y. Xia, 2016: Stochastic parameter-

https://doi.org/10.1007/s11430-014-4989-y
https://doi.org/10.1007/s11430-014-4989-y
https://doi.org/10.1002/2016MS000756
https://doi.org/10.1175/MWR-D-11-00193.1
https://doi.org/10.1175/MWR-D-11-00193.1
https://doi.org/10.1007/BF02657024
https://doi.org/10.1007/BF02657024
https://doi.org/10.1007/s00382-011-0995-3
https://doi.org/10.1007/s00382-011-0995-3
https://doi.org/10.1007/s13351-014-3041-7
https://doi.org/10.1007/s13351-014-3041-7
https://doi.org/10.1007/s00376-018-8075-9
https://doi.org/10.1007/s00376-018-8075-9
https://doi.org/10.1002/fld.499
https://doi.org/10.1002/fld.499
https://doi.org/10.11676/qxxb2017.068
https://doi.org/10.11676/qxxb2017.068
https://doi.org/10.3969/j.issn.1004-4965.2014.02.002
https://doi.org/10.3969/j.issn.1004-4965.2014.02.002
https://doi.org/10.11676/qxxb2014.017
https://doi.org/10.5194/gmd-9-4365-2016
https://doi.org/10.5194/gmd-10-3805-2017
https://doi.org/10.1007/BF02915573
https://doi.org/10.1007/s00376-007-1099-1
https://doi.org/10.1007/s00376-007-1099-1
https://doi.org/10.1007/s007030070003
https://doi.org/10.1006/jcph.2000.6625
https://doi.org/10.5194/acp-12-2409-2012
https://doi.org/10.1029/2012JD018213
https://doi.org/10.3402/tellusa.v68.30917
https://doi.org/10.3402/tellusa.v68.30917
https://doi.org/10.1002/qj.2573
https://doi.org/10.1002/qj.3119
https://doi.org/10.1002/qj.3119
https://doi.org/10.1007/BF02658169
https://doi.org/10.1007/BF02658169
https://doi.org/10.11676/qxxb2004.068
https://doi.org/10.1007/s13351-014-3272-7
https://doi.org/10.1007/s13351-014-3272-7
https://doi.org/10.1175/JHM-D-14-0086.1
https://doi.org/10.1175/JHM-D-14-0086.1
https://doi.org/10.1007/s00382-015-2515-3
https://doi.org/10.1007/s00382-015-2515-3
https://doi.org/10.1007/978-981-10-0033-1
https://doi.org/10.1007/s00376-013-2250-9


SEPTEMBER 2019 YU ET AL. 959

ization toward model uncertainty for the GRAPES mesoscale
ensemble prediction system. Meteorological Monthly, 42(10),
1161–1175, https://doi.org/10.7519/j.issn.1000-0526.2016.
10.001. (in Chinese with English abstract)

Zeng, Q. C., 1979: The advance in atmospheric dynamics and
numerical weather prediction in China. Scientia Atmospher-
ica Sinica, 3, 256–269, https://doi.org/10.3878/j.issn.1006-
9895.1979.03.08. (in Chinese with English abstract)

Zeng, Q. C., C. G. Yuan, X. H. Zhang, and N. Bao, 1985: A test
for the difference scheme of a general circulation model. Acta
Meteorologica Sinica, 43, 441–449, https://doi.org/10.11676/

qxxb1985.056. (in Chinese with English abstract)
Zhang, F., and J. N. Li, 2013: Doubling–adding method for delta-

four-stream spherical harmonic expansion approximation in
radiative transfer parameterization. J. Atmos. Sci., 70, 3084–
3101, https://doi.org/10.1175/JAS-D-12-0334.1.

Zhang, F., Z. P. Shen, J. N. Li, X. J. Zhou, and L. M. Ma, 2013a:
Analytical delta-four-stream doubling–adding method for ra-
diative transfer parameterizations. J. Atmos. Sci., 70, 794–
808, https://doi.org/10.1175/JAS-D-12-0122.1.

Zhang, H., and X. W. Jing, 2016: Advances in studies of cloud
overlap and its radiative transfer issues in the climate mod-
els. Acta Meteorologica Sinica, 74, 103–113, https://doi.org/

10.11676/qxxb2016.009. (in Chinese with English abstract)
Zhang, H., M. H. Zhang, and Q.-C. Zeng, 2013b: Sensitivity of

simulated climate to two atmospheric models: Interpretation
of differences between dry models and moist models. Mon.
Wea. Rev., 141, 1558–1576, https://doi.org/10.1175/MWR-
D-11-00367.1.

Zhang, H., X. Jing, and J. Li, 2014a: Application and eval-
uation of a new radiation code under McICA scheme
in BCC AGCM2.0.1. Geoscientific Model Development, 7,
737–754, https://doi.org/10.5194/gmd-7-737-2014.

Zhang, H. B., J. Chen, X. F. Zhi, Y. L. Li, and Y. Sun,
2014b: Study on the application of GRAPES regional ensem-
ble prediction system. Meteorological Monthly, 40, 1076–
1087, https://doi.org/10.7519/j.issn.1000-0526.2014.09.005.
(in Chinese with English abstract)

Zhang, H. B., J. Chen, X. F. Zhi, Y. Wang, and Y. N. Wang, 2015a:
Study on multi-scale blending initial condition perturbations
for a regional ensemble prediction system. Adv. Atmos. Sci.,
32, 1143–1155, https://doi.org/10.1007/s00376-015-4232-6.

Zhang, L., and Y. Z. Liu, 2017: The preconditioning of mini-
mization algorithm in GRAPES global four-dimensional vari-
ational data assimilation system. Journal of Applied Meteoro-
logical Science, 28, 168–176, https://doi.org/10.11898/1001-
7313.20170204. (in Chinese with English abstract)

Zhang, L. H., J. D. Gong, and R. C. Wang, 2018a: Diagnostic anal-
ysis of various observation impacts in the 3DVAR assimila-
tion system of global GRAPES. Mon. Wea. Rev., 146, 3125–
3142, https://doi.org/10.1175/MWR-D-17-0182.1.

Zhang, S. B., and L. Guan, 2017: Preliminary study on direct
assimilation of cloud-affected satellite microwave brightness
temperatures. Adv. Atmos. Sci., 34, 199–208, https://doi.org/

10.1007/s00376-016-6043-9.
Zhang, T., L. Li, Y. Lin, W. Xue, F. Xie, H. Xu, and X. Huang,

2015b: An automatic and effective parameter optimization
method for model tuning. Geoscientific Model Development,
8, 3579–3591, https://doi.org/10.5194/gmd-8-3579-2015.

Zhang, X. H., 1990: Dynamical framework of IAP nine-level at-
mospheric general circulation model. Adv. Atmos. Sci., 7, 67–
77, https://doi.org/10.1007/BF02919169.

Zhang, X., W. Huang, and B. D. Chen, 2015c: Implementa-
tion of the Klemp height-based terrain-following coordinate
in the GRAPES regional model: Idealized tests and inter-
comparison. Acta Meteorologica Sinica, 73, 331–340, https://
doi.org/10.11676/qxxb2015.014. (in Chinese with English
abstract)

Zhang, X., J.-W. Bao, B. D. Chen, and E. D. Grell, 2018b: A three-
dimensional scale-adaptive turbulent kinetic energy scheme
in the WRF-ARW model. Mon. Wea. Rev., 146, 2023–2045,
https://doi.org/10.1175/MWR-D-17-0356.1.

Zhang, Y., 2018: Extending high-order flux operators on spheri-
cal icosahedral grids and their applications in the framework
of a shallow water model. Journal of Advances in Model-
ing Earth Systems, 10, 145–164, https://doi.org/10.1002/2017
MS001088.

Zhang, Y., and H. M. Chen, 2016: Comparing CAM5 and superpa-
rameterized CAM5 simulations of summer precipitation char-
acteristics over continental East Asia: Mean state, frequency–
intensity relationship, diurnal cycle, and influencing factors.
J. Climate, 29, 1067–1089, https://doi.org/10.1175/JCLI-D-
15-0342.1.

Zhang, Y., and J. Li, 2016: Impact of moisture divergence on sys-
tematic errors in precipitation around the Tibetan Plateau in
a general circulation model. Climate Dyn., 47, 2923–2934,
https://doi.org/10.1007/s00382-016-3005-y.

Zhang, Y., R. C. Yu, J. Li, and H. M. Chen, 2013c: An im-
plementation of a leaping-point Two-step Shape-Preserving
Advection Scheme in the high-resolution spherical latitude-
longitude grid. Acta Meteorologica Sinica, 71(6), 1089–1102,
https://doi.org/10.11676/qxxb2013.085. (in Chinese with En-
glish abstract)

Zhang, Y., H. M. Chen, and R. C. Yu, 2014c: Simulations of stra-
tus clouds over Eastern China in CAM5: Sensitivity to hori-
zontal resolution. J. Climate, 27, 7033–7052, https://doi.org/

10.1175/JCLI-D-13-00732.1.
Zhang, Y., H. M. Chen, and R. C. Yu, 2015d: Simulations of stratus

clouds over Eastern China in CAM5: Sources of errors. J. Cli-
mate, 28, 36–55, https://doi.org/10.1175/JCLI-D-14-00350.1.

Zhang, Y., R. C. Yu, and J. Li, 2017: Implementation of a con-
servative two-step shape-preserving advection scheme on a
spherical icosahedral hexagonal geodesic grid. Adv. Atmos.
Sci., 34, 411–427, https://doi.org/10.1007/s00376-016-6097-
8.

Zhang, Y., J. Li, R. C. Yu, S. X. Zhang, Z. Liu, J. H. Huang, and Y.
H. Zhou, 2019a: A layer-averaged nonhydrostatic dynamical
framework on an unstructured mesh for global and regional
atmospheric modeling: Model description, baseline evalua-
tion and sensitivity exploration. Journal of Advances in Mod-
eling Earth Systems, https://doi.org/10.1029/2018MS001539.

Zhang, Y., H. M. Chen, and D. Wang, 2019b: Robust nocturnal and
early morning summer rainfall peaks over continental East
Asia in a global multiscale modeling framework. Atmosphere,
10, 53, https://doi.org/10.3390/atmos10020053.

Zhao, B., and B. Zhang, 2018: Application of neighborhood spa-
tial verification method on precipitation evaluation. Torrential
Rain and Disasters, 37, 1–7, https://doi.org/10.3969/j.issn.
1004-9045.2018.01.001. (in Chinese with English abstract)

Zhao, X., Y. L. Lin, Y. R. Peng, B. Wang, H. Morrison, and A. Get-
telman, 2017: A single ice approach using varying ice par-
ticle properties in global climate model microphysics. Jour-
nal of Advances in Modeling Earth Systems, 9, 2138–2157,
https://doi.org/10.1002/2017MS000952.

https://doi.org/10.7519/j.issn.1000-0526.2016.10.001
https://doi.org/10.7519/j.issn.1000-0526.2016.10.001
https://doi.org/10.3878/j.issn.1006-9895.1979.03.08
https://doi.org/10.3878/j.issn.1006-9895.1979.03.08
https://doi.org/10.11676/qxxb1985.056
https://doi.org/10.11676/qxxb1985.056
https://doi.org/10.1175/JAS-D-12-0334.1
https://doi.org/10.1175/JAS-D-12-0122.1
https://doi.org/10.11676/qxxb2016.009
https://doi.org/10.11676/qxxb2016.009
https://doi.org/10.1175/MWR-D-11-00367.1
https://doi.org/10.1175/MWR-D-11-00367.1
https://doi.org/10.5194/gmd-7-737-2014
https://doi.org/10.7519/j.issn.1000-0526.2014.09.005
https://doi.org/10.1007/s00376-015-4232-6
https://doi.org/10.11898/1001-7313.20170204
https://doi.org/10.11898/1001-7313.20170204
https://doi.org/10.1175/MWR-D-17-0182.1
https://doi.org/10.1007/s00376-016-6043-9
https://doi.org/10.1007/s00376-016-6043-9
https://doi.org/10.5194/gmd-8-3579-2015
https://doi.org/10.1007/BF02919169
https://doi.org/10.11676/qxxb2015.014
https://doi.org/10.11676/qxxb2015.014
https://doi.org/10.1175/MWR-D-17-0356.1
https://doi.org/10.1002/2017MS001088
https://doi.org/10.1002/2017MS001088
https://doi.org/10.1175/JCLI-D-15-0342.1
https://doi.org/10.1175/JCLI-D-15-0342.1
https://doi.org/10.1007/s00382-016-3005-y
https://doi.org/10.11676/qxxb2013.085
https://doi.org/10.1175/JCLI-D-13-00732.1
https://doi.org/10.1175/JCLI-D-13-00732.1
https://doi.org/10.1175/JCLI-D-14-00350.1
https://doi.org/10.1007/s00376-016-6097-8
https://doi.org/10.1007/s00376-016-6097-8
https://doi.org/10.1029/2018MS001539
https://doi.org/10.3390/atmos10020053
https://doi.org/10.3969/j.issn.1004-9045.2018.01.001
https://doi.org/10.3969/j.issn.1004-9045.2018.01.001
https://doi.org/10.1002/2017MS000952


960 REVIEW OF NUMERICAL ATMOSPHERIC MODELING IN CHINA VOLUME 36

Zhou, B. W., J. S. Simon, and F. K. Chow, 2014a: The convec-
tive boundary layer in the terra incognita. J. Atmos. Sci., 71,
2545–2563, https://doi.org/10.1175/JAS-D-13-0356.1.

Zhou, B. W., K. F. Zhu, and M. Xue, 2017: A physically based hor-
izontal subgrid-scale turbulent mixing parameterization for
the convective boundary layer. J. Atmos. Sci., 74, 2657–2674,
https://doi.org/10.1175/JAS-D-16-0324.1.

Zhou, T. J., L. W. Zou, B. Wu, C. X. Jin, F. F. Song, X. L. Chen,
and L. X. Zhang, 2014b: Development of earth/climate sys-
tem models in China: A review from the Coupled Model In-
tercomparison Project perspective. J. Meteor. Res., 28, 762–
779, https://doi.org/10.1007/s13351-014-4501-9.

Zhou, T., and Coauthors, 2016: GMMIP (v1.0) contribution to
CMIP6: Global Monsoons Model Inter-comparison Project.
Geoscientific Model Development, 9, 3589–3604, https://
doi.org/10.5194/gmd-9-3589-2016.

Zhou, X. P., and D. H. Wang, 1996: Study on the very short-range
storm numerical forecasting model. Part I: Theoretical frame.
Scientia Atmospherica Sinica, 20, 1–11, https://doi.org/

10.3878/j.issn.1006-9895.1996.01.01. (in Chinese with En-
glish abstract)

Zhu, F., G. Q. Xu, X. H. Zheng, and Y. H. Wang, 2015:
Super-parameterization in GRAPES: The construction of SP-
GRAPES and associated preliminary results. J. Meteor. Res.,
29, 272–292, https://doi.org/10.1007/s13351-015-4074-2.

Zhu, L., Q. L. Wan, L. K. Liu, X. Y. Shen, and Y. D. Gao,

2017a: Impacts of the ensemble assimilation of Radar ra-
dial velocity on the intensity evolution of landfalling typhoon
Vicente(2012). Journal of Tropical Meteorology, 33(3), 345–
356, https://doi.org/10.16032/j.issn.1004-4965.2017.03.006.
(in Chinese with English abstract)

Zhu, L. J., J. D. Gong, L. P. Huang, D. H. Chen, Y. Jiang,
and L. T. Deng, 2017b: Three-dimensional cloud initial field
created and applied to GRAPES numerical weather predic-
tion nowcasting. Journal of Applied Meteorological Science,
28(1), 38–51, https://doi.org/10.11898/1001-7313.20170104.
(in Chinese with English abstract)

Zhuang, S. Y., J. S. Xue, G. F. Zhu, J. Zhao, and Z. S. Zhu, 2005:
GRAPES global 3D-var system–basic scheme design and sin-
gle observation test. Chinese Journal of Atmospheric Sci-
ences, 29, 872–884, https://doi.org/10.3878/j.issn.1006-9895.
2005.06.04. (in Chinese with English abstract)

Zou, L. W., Y. Qian, T. J. Zhou, and B. Yang, 2014: Parameter tun-
ing and calibration of RegCM3 with MIT–emanuel cumulus
parameterization scheme over CORDEX East Asia Domain.
J. Climate, 27, 7687–7701, https://doi.org/10.1175/JCLI-D-
14-00229.1.

Zou, X. L., F. Z. Weng, V. Tallapragada, L. Lin, B. L. Zhang, C.
F. Wu, and Z. K. Qin, 2015: Satellite data assimilation of
upper-level sounding channels in HWRF with two different
model tops. J. Meteor. Res., 29, 1–27, https://doi.org/10.1007/

s13351-015-4108-9.

https://doi.org/10.1175/JAS-D-13-0356.1
https://doi.org/10.1175/JAS-D-16-0324.1
https://doi.org/10.1007/s13351-014-4501-9
https://doi.org/10.5194/gmd-9-3589-2016
https://doi.org/10.5194/gmd-9-3589-2016
https://doi.org/10.3878/j.issn.1006-9895.1996.01.01
https://doi.org/10.3878/j.issn.1006-9895.1996.01.01
https://doi.org/10.1007/s13351-015-4074-2
https://doi.org/10.16032/j.issn.1004-4965.2017.03.006
https://doi.org/10.11898/1001-7313.20170104
https://doi.org/10.3878/j.issn.1006-9895.2005.06.04
https://doi.org/10.3878/j.issn.1006-9895.2005.06.04
https://doi.org/10.1175/JCLI-D-14-00229.1
https://doi.org/10.1175/JCLI-D-14-00229.1
https://doi.org/10.1007/s13351-015-4108-9
https://doi.org/10.1007/s13351-015-4108-9

	Introduction
	Dynamical core
	Horizontal and vertical discretization
	Modeling on the quasi-uniform grids
	Impact of the dynamical core on model performance

	Model physics
	Moist convection and turbulence
	Cloud parameterization
	Radiation transfer scheme
	Super parameterization
	Coupling between dynamics and physics

	Data assimilation
	Variational and ensemble data assimilation
	Satellite data assimilation
	Rapid updating cycle analysis

	Ensemble forecasting
	Model evaluation
	Summary and outlook

