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ABSTRACT: Ensemble forecasting is a method to faithfully describe initial and model uncertainties in a weather forecasting system. Initial uncertainties are much more important than model uncertainties in the short-range numerical prediction. Currently, initial uncertainties are described by the ensemble transform Kalman filter (ETKF) initial perturbation
method in Global and Regional Assimilation and Prediction Enhanced System–Regional Ensemble Prediction System
(GRAPES-REPS). However, an initial perturbation distribution similar to the analysis error cannot be yielded in the ETKF
method of the GRAPES-REPS. To improve the method, we introduce a regional rescaling factor into the ETKF method
(we call it ETKF_R). We also compare the results between the ETKF and ETKF_R methods and further demonstrate how
rescaling can affect the initial perturbation characteristics as well as the ensemble forecast skills. The characteristics of the
initial ensemble perturbation improve after applying the ETKF_R method. For example, the initial perturbation structures
become more reasonable, the perturbations are better able to explain the forecast errors at short lead times, and the lower
kinetic energy spectrum as well as perturbation energy at the initial forecast times can lead to a higher growth rate of
themselves. Additionally, the ensemble forecast verification results suggest that the ETKF_R method has a better spread–
skill relationship, a faster ensemble spread growth rate, and a more reasonable rank histogram distribution than ETKF.
Furthermore, the rescaling has only a minor impact on the assessment of the sharpness of probabilistic forecasts. The above
results all suggest that ETKF_R can be effectively applied to the operational GRAPES-REPS.
KEYWORDS: Kalman filters; Forecast verification/skill; Probability forecasts/models/distribution; Ensembles; Model
initialization; Numerical weather prediction/forecasting

1. Introduction
Due to the chaotic nature of atmospheric dynamics, numerical weather prediction (NWP) systems are sensitive to
initial and model errors. These kinds of small errors will grow
with forecast lead times and finally render complete loss of
forecast skill (Lorenz 1963). Ensemble forecasts are designed
to address the initial and model uncertainties existing in deterministic forecasts. By integrating multiple initial conditions
or adopting multiple models, ensemble forecasts can estimate
the uncertainty of forecast states in the form of probability
distribution (Leith 1974; Steven Tracton and Kalnay 1993;
Palmer 1999; Saito et al. 2012).
Compared with a good description of model uncertainties,
an accurate representation of initial uncertainties is much more
important for short-range ensemble forecasts (Raynaud and
Bouttier 2016). Initial uncertainties are described by initial
perturbation methods. Two characteristics are desirable for the
initial perturbation representation. One characteristic is that
the initial perturbations are able to sample uncertainties in the
analysis field, which ensures that the perturbed initial conditions can represent the distribution of true states of atmosphere
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(Ehrendorfer 1994). The other characteristic is that the initial
perturbation can properly describe the evolution of initial errors (the predictability of the atmosphere) with time. This
characteristic helps ensemble forecast members capture the
fastest error growing modes that are compatible with the uncertainties (Palmer 1993; Magnusson et al. 2008). Therefore,
the reasonable initial perturbation structures and growth
characteristics are essential for the initial perturbation
representation of ensemble forecast systems (EFS) (Molteni
et al. 1996).
NWP centers have developed kinds of initial perturbation
methods for representing initial state uncertainties. These
methods can be classified into three categories according to
their perturbation properties. The first kind contains the
breeding vector (BV) method of the National Centers for
Environmental Prediction (NCEP) and the singular vector
(SV) technique of the European Centre for Medium-Range
Weather Forecasts (ECMWF). The BV utilizes dynamically
cycled forecasts to generate perturbations representing atmospheric dynamic structures (Toth and Kalnay 1993, 1997),
while the singular vector method uses a mathematical calculation to achieve the maximum perturbation growth rate over a
given optimization time (Lorenz 1965; Palmer 1993; Buizza
and Palmer 1995; Buizza et al. 2005; Feng et al. 2014; Duan and
Huo 2016). The first kind of method can capture the fastest
error growth mode in phase space. However, they ignore the
analysis error uncertainties modulated by assimilating observation data. The second kind, such as the perturbed observations
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(PO) method of the Meteorological Service of Canada (MSC),
is used to represent the uncertainties of observation data. In
the PO method, a new analysis field is obtained by adding
random perturbations to the observations and rerunning the
assimilation system (Houtekamer et al. 1996). The advantages
of the PO method over SV and BV were shown by Talagrand
et al. (2007). However, the PO method is time consuming due
to its dependence on the data assimilation system (Magnusson
et al. 2009), and it contains both fast growing and neutral/decaying
perturbation patterns (Wei et al. 2008). The last kind of initial
perturbation methods cannot only sample fast growing error
directions, but also take the observation uncertainties into
account. The ensemble transform (ET) technique, the ET with
rescaling (ETR) and ET Kalman filter (ETKF) methods are
included. ET and ETR are improved versions of the BV
method and new NCEP techniques. ETKF has already
been operational used at the Met Office (UKMO), Korea
Meteorological Administration (KMA), and China Meteorological
Administration (CMA). The ET and ETR techniques transform forecast perturbations to be orthogonal with respect to
the analysis error variance (Bishop and Toth 1999; Wei et al.
2005, 2008), and the ETKF generates perturbations orthonormal in the observational space (Wang and Bishop 2003;
Wang et al. 2004). The difference between ET(R) and ETKF
lies in the fields that are used to restrain the initial perturbations. In the ET method, analysis error variances from the best
data assimilation (DA) system are employed to restrain the
initial perturbations. In the ETKF, short time forecasts from
the last cycle and observations are used to restrain the initial
perturbations instead (Wei et al. 2008).
The ETKF initial perturbation method was first introduced
for adaptive observations by Bishop et al. (2001) and then used
for initial perturbation generation. Wang and Bishop (2003)
first applied the ETKF method to construct initial perturbations in an idealized observation framework and compared it
with a masked BV method. The results showed that the ETKF
and masked BV ensemble variances at the analysis time have
reasonable correspondences between the variance and observational density. The ETKF maintains comparable amounts of
variance in all orthogonal and uncorrelated directions spanning its ensemble perturbation subspace, while BV techniques
maintain variance in a few directions. Wei et al. (2006) further
extended ETKF to an operational environment with real
observations. Bowler et al. (2008) and Kay and Kim (2014)
studied the characteristics of the ETKF initial perturbation
method and illustrated the good agreement between its
initial perturbation horizontal structure and dynamical
unstable areas.
Since 2008, China Meteorological Administration (CMA)
has developed the GRAPES-REPS model based on the ETKF
initial perturbation method (Zhang et al. 2015). Numerous
studies on ETKF have been made using this system in recent
decades. Wang (2008) compared two kinds of initial perturbation schemes including BGM and ETKF using the
GRAPES-REPS model. The results indicated that ETKF
performs better in terms of rainfall area, although both
methods possess certain probabilistic forecast skills. Long et al.
(2011) studied the basic properties of ETKF initial perturbation
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method in GRAPES-REPS. The results showed that ETKF
initial perturbation distribution are reasonable, which could
reflect the spatial distribution of observation stations. Wang
et al. (2018b) revealed the characteristics of the initial perturbation structures and perturbation growth rates in GRAPESREPS by evaluating some verification metrics (e.g., initial
perturbation components, variance accuracy, kinetic energy
spectrum, perturbation energy evolution, ensemble spread,
and root-mean-square error). The results showed that the
ETKF initial perturbations can maintain even distribution to
the orthogonal and uncorrelated ensemble directions and the
perturbation field is mainly large scale with a flow-dependent
structure. In addition, the total energy of initial perturbation
and ensemble spread could keep appropriate growth rates at
all forecast lead times. Since 2014, the GRAPES-REPS system
based on the ETKF ensemble initialization scheme has been
transitioned into operational run (Zhang et al. 2014).
The ETKF initial perturbation method has matured in the
GRAPES-REPS model and has already generated a fast error
growing mode. However, the different model grids apply the
same inflation factor in the ETKF initial perturbation formulation, so the inflated ETKF initial perturbation magnitude
may be locally larger than the analysis error magnitude. This
means that the ETKF is unable to form an initial perturbation
distribution similar to the analysis error. In addition, Wang and
Bishop (2003) showed that ETKF ensemble with a small
number of members is not large enough to reliably resolve
even large-scale geographical fluctuations in observational
density; thus, some sorts of masking technique would have to
be applied to ETKF perturbation to reasonably represent the
effect of observational density fluctuations on the forecast error variance. So ETKF-generated initial perturbation should
not only generate a fast error growing mode, but also be representative of the analysis uncertainties and responsive to observation distributions. Therefore, the energy of the initial
perturbation needs to be redistributed. A regional rescaling
mask should be imposed to the ETKF method to suppress
high-amplitude perturbations in areas where the analysis uncertainties are relatively low. A regional rescaling mask can
ensure that the perturbation magnitude is restrained by the
analysis uncertainties, and then, a sufficient ensemble dispersion can be obtained (Toth and Kalnay 1997; Wang and Bishop
2003). Several studies (Wei et al. 2008; Ma et al. 2014) defined
the rescaling factor as the ratio of the mask to the square root
of the analysis perturbation kinetic energy norm, as in the
NCEP ETR method. Following the setup of the masked BV
method, the mask is computed using the square root of the
long-term averaged analysis error variance in the kinetic energy norm at the 500-hPa pressure level obtained from the
variational DA system (Szunyogh and Toth 2002; Wei et al.
2008). Magnusson et al. (2009) defined the rescaling factor as
the ratio of the square root of the vertically integrated analysis
error variance measured in the total energy to the square root
of the vertically integrated analysis perturbation total energy.
The two-dimensional mask was unable to represent the vertical
structure of the analysis uncertainties, so Feng et al. (2019)
constructed the ensemble transform with 3D rescaling (ET_
3DR) scheme. The total energy norm derived from the
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ensemble analysis from the NCEP hybrid 3DVar/EnKF system
(Wang et al. 2013) is used in the mask calculation. The results
showed that ET_3DR could represent the analysis uncertainties well with a faster ensemble spread growth and a better
forecast skill than ETR.
To address the issue that an initial perturbation distribution
similar to the analysis error cannot be generated in the ETKF
method of the GRAPES-REPS, a regional rescaling mask is
introduced into the ETKF method following the rescaling
factor of ETR and masked BV method (we call it ETKF_R).
We hope that the method can effectively describe the initial
perturbation structures and growing characteristics. To demonstrate how rescaling can affect the initial perturbation
characteristics as well as the ensemble forecast skills, we also
compare the simulation results between ETKF and ETKF_R
methods. The GRAPES-REPS is used in the comparison. The
model introduction and initial perturbation methods are described in section 2. In section 3 we compare the structures and
growth characteristics of the initial ensemble perturbations.
The qualities of ensemble forecasts (including ensemble spread
and probabilistic skill) are investigated in section 4, and finally,
we summarize the results in section 5.

2. Model and methodology
a. GRAPES-REPS regional ensemble prediction system
GRAPES-REPS employed in this study is a regional version
of the Global and Regional Assimilation and Prediction
Enhanced System (GRAPES). The system was developed at
the NWP Center of the CMA (Chen et al. 2008; Wang et al.
2018a; Chen et al. 2020). The GRAPES-REPS has 15 ensemble
members (1 control and 14 perturbed members) with a horizontal resolution of 10 km and 51 vertical levels (the model top
is 10 hPa). The initial and boundary conditions of the control
forecast are provided by the NCEP global forecast system. The
initial perturbation of the GRAPES-REPS is generated from
the ETKF method (Wang et al. 2018b). Model perturbation is
considered by applying stochastically perturbed parameterization tendency schemes (SPPT) (Buizza et al. 1999; Yuan
et al. 2016) and single physics schemes. The model physics
includes Rapid Radiative Transfer Model (RRTM) longwave
radiation (Mlawer et al. 1997), Dudhia shortwave radiation
(Dudhia 1989), the Weather Research and Forecasting singlemoment 6-class (WSM-6) microphysics (Hong and Lim 2006),
Noah land surface model (Mahrt and Ek 1984), MediumRange Forecast (MRF) planetary boundary layer (PBL)
scheme (Hong and Pan 1996), Monin–Obukhov surface layer
scheme (Noilhan and Planton 1989), and Kain–Fritsch (new
eta) convective parameterization scheme (Kain 2004).
Moreover, the boundary uncertainty is derived from the
GRAPES Global Ensemble Prediction System (GRAPESGEPS). We retrieve the perturbation fields of perturbed
members from the control forecast of the GRAPES-GEPS and
add the perturbations to the control forecast boundary of the
GRAPES-REPS to form the boundary conditions of different
members. The uncertainty of the typhoon vortex center location is described by conditional typhoon vortex relocation
(CTVR) (Kurihara et al. 1995; Wu et al. 2020). A cloud analysis

scheme is introduced to obtain more accurate cloud initial
fields, and the scheme applies a nudging technique to assimilate cloud hydrometeors (Zhu et al. 2007). GRAPES-REPS
runs twice a day, initialized at 0000 and 1200 UTC, respectively, out to a 72-h forecast lead time. The model integration
step is 60 s.

b. ETKF formulation
The ETKF initial perturbation method is developed based
on the Kalman filter theory. According to the theory, an
analysis error covariance can be rapidly estimated from the
ensemble forecast perturbation covariance and the observation
error covariance. We assume that the size of the ensemble
member is K, then, the forecast and analysis perturbation of the
ith ensemble member can be defined as zfi 5 xif 2 xf and
zai 5 xai 2 xa (i 5 1, 2, . . . , K), where xif and xai are the forecast
and analysis fields, respectively. The terms xf and xa are the
ensemble mean forecast and analysis from K members, respectively. The forecast perturbation vector Zf, analysis perturbation
vector Za, and their covariance metrics are expressed as follows:
1
T
Zf 5 pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ (zf1 , zf2 , . . . , zfK ), Pf 5 Zf (Zf ) ,
K21

(1)

1
Za 5 pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ (za1 , za2 , . . . , zaK ), Pa 5 Za (Za )T .
K21

(2)

The forecast perturbations can be transformed to analysis
perturbations by using the transform matrix T:
Za 5 Zf T:

(3)

The transform matrix T can be described as follows (Wang
et al. 2004):
T 5 C(G 1 I)21/2 CT ,

(4)

where C is the eigenvector of covariance matrix E. The matrix
G is a (K 2 1) 3 (K 2 1) diagonal matrix containing all the
eigenvalues. The covariance matrix E is the projection of
perturbation vector Zf in observation space, which is expressed
as follows:
E 5 (R21/2 HZf )T (R21/2 HZf ) ,

(5)

where R is the observational error covariance matrix, and H is a
linearized observation operator incorporating the observation
effects. The term HZf is the projection matrix of forecast perturbation vector Zf in observation space H. After applying the
square root of observation error covariance R to normalize
HZf, the normalized forecast perturbation vectors in observation space are orthogonal, ensuring the orthogonality of the
analysis perturbation. (G 1 I)21/2 is the scaling factor of the
eigenvector matrix. If the ensemble mean is the best estimate
of the true atmosphere, the sum of the initial perturbation
fields should be zero (Wei et al. 2006; McLay et al. 2008). By
applying the spherical simplex method, the initial ensemble
perturbations become unbiased (Wang et al. 2004).
As the ensemble size is smaller than the freedom degrees of
the atmosphere, the analysis perturbation covariance is smaller
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FIG. 1. Meridional and zonal wind vertical distributions of the GRAPES (CHN) and ECMWF (EC) analysis
fields at 0000 UTC 1 May 2019. (a),(b) At the respective point of the flat region (1108E, 358N), and (c),(d) at the
respective point of the high-altitude region (908E, 308N). (left) The vertical distributions of wind fields at pressure
levels, and (right) the vertical distributions of wind fields at model levels.

than the true analysis error covariance. To handle this problem, we introduce the inflation factor into the formula (Wang
and Bishop 2003). Denote n as the perturbation initialization
time and n 2 1 as the previous forecast cycle. In our experiment, the time interval between n and n 2 1 is 12 h. The
analysis perturbation at time n can be described as follows:
Zna 5 Znf Tn Pn ,

(6)

where the formula of inflation factor Pn is
pﬃﬃﬃﬃﬃ
Pn 5 Pn21 an ,

(7)

where the parameter a is described as
an 5

T
T
den den 2 N
de den 2 N
.
5 n K21
f
~ T)
~ H
trace(HP
n
å li
i51

(8)

In formula (8), den 5 R21/2 (yn 2 HXfn ) is the innovation vector, which is defined as the difference between the observation
value and model forecast verified at time n. The term yn represents the observation value at time n. The term Xfn is the
control forecast value, and N shows the number of observation
stations. The term li is the diagonal element of the covariance
matrix E. We can obtain the inflation factor at time n from the
inflation factor at time n 2 1by using formula (7). The inflation
factor ensures that the control forecast error matches the
spread of the ensemble forecast (Bowler et al. 2008, 2009).
Note that the same inflation factor is applied to different 3D
model grids, which makes the ETKF initial perturbation
magnitude locally larger than the analysis error.
In addition, the ETKF initial perturbation method applied
in the GRAPES-REPS employs a 12-h ensemble perturbation
cycle scheme. That is, the 12-h forecast perturbation of last
cycle is regenerated to the analysis perturbation at the present
time. The calculation variables of covariance matrix E use
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FIG. 2. The horizontal distributions of analysis uncertainties (MASK) in May 2019 at different model levels. (a) 13th model level (approximately 850 hPa), (b) 19th model level (approximately 700 hPa), and (c) 24th model level (approximately 500 hPa).

meridional wind and zonal wind, which are the same as the
initial perturbation variables. Considering that the number and
distribution of real observational data will change every day,
this causes the instability of the perturbation amplitude in the
ETKF calculation, we apply the simulation observations in our
study. The simulation observations are retrieved from interpolating NCEP global model analysis to the observation sites
and the choose of simulation observation sites refers to the real

observation distribution with 1100 observation sites. By adding
the analysis perturbation obtained from the ETKF method to
the control forecast, the perturbed initial fields are retrieved.

c. ETKF with rescaling method
The accurate estimation of analysis error is very important
for constructing the ETKF_R initial perturbation method. The
analysis error could either be provided by the DA system

FIG. 3. The horizontal distributions of the initial perturbations at 0000 UTC 13 May 2019 of the (a1),(b1) ETKF
and (a2),(b2) ETKF_R initial perturbation methods. (top) The zonal wind U at the 19th model level of ensemble
member 1 (m s21), and (bottom) the meridional wind V at the 24th model level of ensemble member 10 (m s21).
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FIG. 4. The perturbation kinetic energy spectrum distributions (K2) and the growth rates of the perturbation kinetic energy spectrum
(h21) at (top) 500, (middle) 700, and (bottom) 850 hPa averaged from 0000 UTC 7 May 2019 to 1200 UTC 15 May 2019 (twice a day, 18
times in total). (a1),(b1),(c1) 12-; (a2),(b2),(c2) 36-; and (a3),(b3),(c3) 60-h forecast lead time. Shown are the ETKF method (blue) and the
ETKF with rescaling method (red).

(Fisher and Courtier 1995) or derive from different center
analysis data (Buizza et al. 2005; Swanson and Roebber 2008;
Langland et al. 2008). In addition, some studies (Pena and Toth
2014; Feng et al. 2017, 2020) have proposed a new statistical
algorithm to provide an independent and unbiased estimation
of analysis error variance. The new method combines information from differences between forecast and analysis fields
with prior knowledge regarding the time evolution of 1) forecast error variance and 2) correlation between errors in analyses and forecasts. In our study, we crudely apply the
difference between the ECMWF analysis (AEC) with a horizontal resolution of 0.1258 and the GRAPES regional model
analysis of China (ACHN) with a horizontal resolution of 0.18
as the analysis error. We also use the spread of the multicenter
analysis data (including GRAPES, ECMWF, NCEP and Japan
analysis) to estimate the analysis uncertainty (Wei et al. 2010).
The distribution of analysis uncertainty calculated from multiple centers is very similar to that derived from two centers.
The analysis uncertainties in the sparse observation regions are

high, but the analysis uncertainties in the concentrated observation coverages are relatively low. For simplicity, we only
apply the difference between two high-resolution analyses as
the analysis error. The vertical levels of the above two analysis
fields range from 1000 to 10 hPa (30 pressure levels in total).
Note that as time goes by and analysis data from more centers
become available as well as the resolution of the analysis data
becomes higher, the estimates of the analysis error derived
from multicenter analysis data are expected to be more accurate and rational.
To construct the ETKF with rescaling method, we first use
the bilinear interpolation method to interpolate the ECMWF
analysis field to the horizontal grid of the GRAPES analysis.
Then, we apply the cubic spline interpolation method to carry
out the vertical interpolation from the pressure level to the
GRAPES-REPS model level (51 levels in total). Figure 1 gives
the vertical distribution of the GRAPES analysis and horizontal
interpolated ECMWF analysis fields at two respective points
before and after the vertical interpolations. By comparing the
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FIG. 5. The vertical distributions of ensemble mean perturbation energy (J kg21) at (a) 12- and (b) 72-h forecast lead times and
perturbation energy growth rates (h21) averaged from 0000 UTC 7 May 2019 to 1200 UTC 15 May 2019 (twice a day, 18 times in total).
Shown are the perturbation kinetic energy (KE; dotted line), and the sum of perturbation kinetic energy and internal energy, referred to as
perturbation total energy (TE; solid line). The ETKF method is shown in blue and the ETKF with rescaling method in red.

variable distributions between pressure and model layers, we
can validate the correctness of vertical interpolations. Furthermore,
Fig. 1 shows that the wind vertical distributions of the ECMWF
and GRAPES analysis fields resemble with the maximum
values distributed in the same vertical layer.
Second, we calculate the meridional and zonal wind differences between the ECMWF and GRAPES analysis fields at
model levels, respectively, which is expressed as DIFF 5
jAEC 2 ACHNj. Then, we compute the kinetic energy EDIFF
of the wind differences. By averaging the historical data, the
averaged kinetic energy EDIFF is obtained. Then, we can acquire the estimation of the GRAPES-REPS model analysis uncertainties at the corresponding times following (EDIFF)1/2 .
These analysis uncertainties are referred to as MASK, which is a
function of latitude, longitude, and vertical levels. Here, the mask
represents the kinetic energy variance. Figure 2 shows the horizontal distributions of analysis uncertainties (MASK) at different
model levels. We can conclude that the maximum values of
analysis uncertainties are located in the high-altitude regions such
as Qinghai–Tibet Plateau and ocean with sparse observation
data. However, the analysis uncertainties in the flat terrain are
relatively low due to the concentrated observation coverages.
Last, we calculate the square root of the analysis perturbation kinetic energy derived from the ETKF at each grid point,
which is referred to as K. The regional rescaling factor r is
defined as the ratio of the mask to K:
8
>
< mask ,
K
r5
>
:
1,

if

mask , K

if

mask $ K

.

(9)

If the ratio is larger than one, the rescaling factor will be set
to 1.0. We apply a nine-point smoothing scheme to smooth the
rescaling factor. Compared with the rescaling factor in the
sparse observation regions, the rescaling factor is lower in East
China, where there are traditionally more observations (figure
not shown). We multiply each analysis perturbation derived
from the ETKF by the rescaling factor. By applying a regional
rescaling mask, the initial perturbation magnitude should vary
in accordance with the analysis uncertainties.
Notably, the regional rescaling mask in the ETKF_R
method is similar to that in the masked BV method. However,
there are a few differences between these two methods. In the
operational masked BV method, the mask is calculated by 2D
analysis uncertainty measured by the kinetic energy norm
obtained from multimember ensemble analysis or a DA system. However, in the ETKF_R method, a new mask is defined
by 3D analysis uncertainty measured by the kinetic energy
norm obtained from different analysis data of multiple NWP
centers.

d. Experimental design
In this study, we introduce a regional rescaling mask into the
ETKF method of the GRAPES-REPS and compare it with the
operational ETKF method. The structures and growth rates of
the initial perturbation, as well as the ensemble forecast verification metrics (including ensemble spread and probabilistic
distribution), are evaluated in the comparison. The experiment
is performed from 4 to 15 May 2019 for forecasts initialized at
both 0000 and 1200 UTC (a total of 24 forecasts) over China
(158–558N, 708–1408E). As the ETKF method adopts the
adaptive regulation processes of the inflation factor, the
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FIG. 6. The horizontal distributions of ensemble mean 500-hPa perturbation total energy (J kg21) at (a),(c) 12and (b),(d) 72-h forecast lead times starting from 0000 UTC 8 May 2019. (left) ETKF method and (right) ETKF
with rescaling method. Black lines are contours of the 500-hPa geopotential height of the control forecast at the
corresponding times.

verification period is only from 7 to 15 May 2019. The inflation factor is stable during that time. In addition, the
calculation of the mask mentioned above could use the
monthly averaged MASK value in the same month during
historical years. However, for simplicity and convenience,
we only apply the monthly averaged MASK value in May
2019 as a mask for our experiments. Then, these verification results are averaged to obtain the average value over a
time period of 9 days, which will be presented in the next
section. The GRAPES 10-km gridded analysis and the
precipitation data at approximately 2400 observation sites
are used as truths for verifying the isobaric pressure elements and precipitation, respectively. The precipitation
observations are provided by the National Meteorological
Information Center of CMA.

3. Characteristics of initial ensemble perturbation
Reasonable characteristics of the initial ensemble perturbation (including initial perturbation structures and growth
rates) are essential for the initial perturbation representation of EFS (Molteni et al. 1996). We compare the initial

perturbation characteristics between the ETKF and ETKF_R
methods. The initial perturbation horizontal distribution, kinetic energy spectrum, perturbation energy evolution and
perturbation versus error correlation analysis (PECA) are
considered in the comparison.

a. The structures of the initial ensemble perturbation
Figure 3 shows the horizontal distributions of the meridional
and zonal wind initial perturbations of the ETKF and ETKF_R
methods. In ETKF method, the meridional and zonal wind
perturbations are dominated by a few local maxima (exceeding
6 m s21), which may be caused by the same inflation factor that
is applied to different model grids. The initial perturbation
magnitude is obviously restrained after applying the ETKF_R
method. Compared with the ETKF initial perturbation
method, the initial perturbation distribution of the ETKF_R
method is more similar to the analysis uncertainty (Fig. 2),
indicating that the ETKF_R initial perturbation method is
more representative of the analysis uncertainties. And the
ETKF_R method could better reflect observation distributions
with large initial perturbation magnitudes distributed in sparse
observation regions. Therefore, we can conclude that the initial
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FIG. 7. The absolute values of PECA averaged from 0000 UTC 7 May 2019 to 1200 UTC 15 May 2019 (twice a
day, 18 times in total). (a1),(a2) Meridional wind V; (b1),(b2) zonal wind U; (c1),(c2) temperature T; and (d1),(d2)
geopotential height H. (left) 12- and (right) 24-h forecast lead time. The ETKF method is shown in blue and the
ETKF with rescaling method in red.

perturbation magnitude structures become reasonable after
applying the regional rescaling procedure.

b. The growth rates of the initial ensemble perturbation
The kinetic energy spectrum analysis can effectively describe the dimension information measured in the NWP system
(Wang et al. 2018b). We apply a two-dimensional discrete
cosine transform (2D-DCT) (Denis et al. 2002) to implement
the spectrum decomposition of the perturbation fields. Figure 4
shows the distributions of the perturbation kinetic energy
spectrum at the 500-, 700-, and 850-hPa levels for the ETKF
and ETKF_R methods. The peak values of the perturbation
energy spectrum are concentrated at large-scale wavelengths

(covered with 2000–5000 km) for both the ETKF and ETKF_R
methods. The perturbation energy spectrum tends to increase
with forecast lead times. The growth characteristics of the
initial ensemble perturbation indicate that the ETKF initial
perturbation method can capture the forecast uncertainties
well. The variations of the energy spectrum with lead times at
other layers and wavelengths also follow these characteristics. Due to the perturbation restraint of the rescaling factor,
the perturbation spectrum energy of the ETKF_R method is
lower than that of the ETKF method at the initial forecast periods (Figs. 4a1–c1). The differences between these two methods
are statistically significant at the 50% (the maximum is 98%)
level based on a t test at meso-a and large-scale wavelengths
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FIG. 8. The horizontal distributions of (a1),(a2) the ensemble mean forecast RMSE; (b1),(b2) the ensemble spread; and (c1),(c2) the
consistency (defined as the ratio of the RMSE to the spread) at 12-h forecast lead time. The results are averaged from 0000 UTC 7 May
2019 to 1200 UTC 15 May 2019 (twice a day, 18 times in total). The variable is the 500-hPa zonal wind. (top) ETKF method and (bottom)
ETKF with rescaling method.

(250–10 000 km) and low to middle vertical levels. However,
the differences between the two methods will become very
small with increasing forecast lead times. To estimate the
growth rates of the energy spectrum, the Lyapunov exponential growth rates of the perturbations in a chaotic system
(Palmer 1993; Magnusson et al. 2008; Kay and Kim 2014) are
calculated (formula not shown), and we can see that the energy
spectrum growth rates of ETKF_R are larger than those of the
ETKF method. We can conclude that the rescaling procedure
makes the initial perturbation kinetic energy spectrum lower at
the low to middle levels and large-scale wavelengths. However,
the evolution of the energy spectrum with forecast lead times is
faster for the ETKF_R than for the ETKF initial perturbation
method. This finding indicates that ETKF_R could capture a
faster error growing mode than the ETKF method.
The perturbation energy evolution could describe the variation of forecast errors with forecast lead times. The perturbation energy proposed by Palmer et al. (1998) is widely
employed in DA and weather forecast researches. It can be
defined as follows:
cp
1
(10)
P(i, j, k) 5 ½u02 (i, j, k) 1 y02 (i, j, k)] 1 T 02 (i, j, k),
2
Tr
where u0 , y 0 , and T0 represent the perturbation of zonal wind
U, meridional wind V, and temperature T, respectively. The

perturbation is calculated as the difference between the ensemble member and ensemble mean. Here, Tr is the reference
temperature, cp is the constant pressure specific heat of dry air,
and i, j, k represent horizontal and vertical grid numbers. The
first term on the right-hand side of Eq. (10) represents the
perturbation kinetic energy, and the second term represents
the perturbation internal energy.
Figure 5 shows the vertical profiles of ensemble mean perturbation kinetic energy and perturbation total energy at 12and 72-h forecast lead times for the ETKF and ETKF_R
methods. We conclude that some characteristics are consistent
with the results of Wang et al. (2018b) for both the ETKF and
ETKF_R methods. For example, the perturbation energy at
different vertical levels increases with forecast lead times, the
maximum perturbation total energy is located at 300 hPa near
the axis of the jet stream, the second largest perturbation total
energy is distributed near the surface, and the internal perturbation energy and kinetic perturbation energy are the prevailing perturbation energy at low and high levels, respectively.
Furthermore, by comparing the ETKF and ETKF_R methods,
we can see that the rescaling effect makes the perturbation
energy lower at the initial forecast lead times. However, with
the increasing of forecast lead times, the perturbation energies
between both initial perturbation methods are almost the
same. It could be well explained by Descamps and Talagrand
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FIG. 9. The vertical distributions of domain-averaged consistency (defined as the ratio of the RMSE to the
spread) derived from Figs. 8c1 and 8c2 for (a) zonal wind U, (b) meridional wind V, (c) temperature T, and
(d) geopotential height H. The results are averaged from 0000 UTC 7 May 2019 to 1200 UTC 15 May 2019 (twice a
day, 18 times in total). Shown are the 12-h forecast lead time (dotted line) and 72-h forecast lead time (solid line).
The ETKF method is in blue, and ETKF with rescaling method is in red.

(2007), which shows that the model perturbations are more
important than the initial perturbations at the later forecast
lead times and the effects of the initial perturbation method on
the perturbation energy are mainly reflected at the initial lead
times. Compared to the ETKF method, the lower initial perturbation energy of ETKF_R method leads to higher perturbation growth rates. The evolution of the perturbation energy
is similar to that of the kinetic energy spectrum mentioned
above, with higher perturbation energy growth rates of ETKF_
R than those of the ETKF method. From the above results, we
conclude that the analysis error restraint in the ETKF method
could reduce the initial perturbation energy (a representation
of ensemble spread) and increase the perturbation growth
rates. It means that the ETKF_R method could describe a
faster error growing mode than the ETKF method.

Figure 6 shows the distributions of ensemble mean 500-hPa
perturbation total energy at 12- and 72-h forecast lead times
and the geopotential height of GRAPES-REPS control forecast
at the corresponding times. It indicates that the perturbation energy is large over the dynamic unstable areas, such as trough and
ridge areas, while the perturbation energy in flat areas is relatively
small. This result implies that the perturbation total energy distribution has a flow-dependent structure for both the ETKF and
ETKF_R methods. Moreover, due to the effects of the regional
rescaling, the ETKF_R method could lower the perturbation total
energy at the initial forecast lead times. However, the ensemble
spread converges at the final forecast lead times.
The PECA (Wei and Toth 2003) could measure the relationship between ensemble forecast perturbations and forecast errors. A higher PECA value means that ensemble perturbations
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FIG. 10. As in Fig. 9, but for the vertical distributions of the domain-averaged correlation coefficient between the
ensemble mean RMSE and spread.

could better explain the forecast errors. The absolute values of
the PECA at different lead times are shown in Figs. 7a1–d2. For
each variable, the ETKF_R method has higher averaged PECA
values than the ETKF method for short lead times (12–24-h
forecast lead times). For example, the PECA values of the ETKF
and ETKF_R perturbation methods are 0.177 and 0.198 at 12-h
forecast lead time for 1000-hPa meridional wind, respectively. It
means that the ETKF_R perturbations can explain approximately 19.8% of the forecast errors, which is an improvement of
2.1% relative to the ETKF method. We apply the Student’s t test
(Wilks 2006) to test the significance of the PECA differences
between the ETKF_R and ETKF methods. The differences between the two methods are statistically significant with a confidence limit of 90% for all variables until 24-h forecast lead time.
However, the differences are not significant (not shown) for
longer lead times. Therefore, the ETKF_R initial perturbations
have advantages over the ETKF methods in explaining the
forecast errors at short lead times.

4. Ensemble forecast verification
The verification metrics for ensemble forecast quality (including ensemble spread and the probabilistic distribution)
were selected referred to Du (2007) and Du and Zhou (2017).
Spread–skill relationships and rank histograms are used for
verifying ensemble spread. The continuous ranked probability
score (CRPS), reliability and relative operating characteristics
(ROC) curve are applied to verify the probability forecasts for
variables at pressure levels (Wang et al. 2018a). The probability forecasts for precipitation are measured by Brier and
AROC (area under the ROC) scores.

a. Ensemble spread
The similarity between the ensemble mean root-meansquare error (RMSE) and ensemble spread is a desired feature. Figures 8a1–c2 compares the spatial distributions of
RMSE and spread of 500-hPa zonal wind at 12-h forecast lead
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FIG. 11. The rank histograms of (left) zonal wind and (right) meridional wind at 12-h forecast lead time and the
corresponding outliers for the ETKF (blue) and ETKF_R (red) methods. (a),(d) 200; (b),(e) 500; and (c),(f)
850 hPa. The results are averaged from 0000 UTC 7 May 2019 to 1200 UTC 15 May 2019 (twice a day, 18 times
in total).

time between the ETKF and ETKF_R methods. The RMSE is
obviously larger than the ensemble spread over all of China
areas for GRAPES-REPS, indicating underdispersion over the
domain. The maximum RMSE is 4.9, while the maximum
spread is only 3.5 in the ETKF method. The evolution of
domain-averaged RMSEs and spreads with forecast hours (not
shown) also reveals that the GRAPES-REPS is severely underdispersive at all forecast lead times for both the ETKF and
ETKF_R methods. Moreover, by applying the regional rescaling
procedure, the ensemble spread distribution at initial forecast
lead times has changed considerably, but the RMSE is fundamentally unchanged. The ETKF_R method has a lower domainaveraged spread at the initial forecast hour and a higher
ensemble spread growth rate compared with the ETKF method.
The evolution of the domain-averaged spread could explain the
evolution of above perturbation kinetic energy spectrum and
perturbation energy. In addition, the horizontal distributions of
RMSE and spread are nearly the same between these two initial
perturbation methods at later forecast lead times (not shown).
To quantitatively compare the RMSE and spread grid point
by grid point, the consistency (defined as the ratio of RMSE to

ensemble spread) is shown in Figs. 8c1 and c2. The consistency
is larger than 1.0 in western China (Qinghai–Tibet Plateau).
The rescaling effect makes the consistency of ETKF_R closer
to 1 compared with the ETKF method, especially in the large
consistency areas. It shows a more perfect match between the
ensemble spread and ensemble mean RMSE in magnitude (the
consistency value ranges from 0.5 to 1.5, the white area in
Figs. 8c1 and c2) after applying the ETKF_R method. Figure 9
shows the domain-averaged consistency for the ETKF and
ETKF_R methods. The consistency is reduced from severe
underdispersion of the ETKF method to the more perfect
value ‘‘1.0’’ of the ETKF_R method at 12-h forecast lead time.
This result indicates that the rescaling effect makes the ensemble spread closer to RMSE at the initial forecast lead time
with a better ensemble spread quantity. The differences are not
statistically significant at 72-h lead time for all variables and
pressure levels.
Besides the size match between the ensemble mean RMSE
and spread, the ensemble spread is also supposed to simulate
the spatial structure of the ensemble mean RMSE (Du et al.
2014). Figure 10 shows the spatial correlation coefficient
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FIG. 12. As in Fig. 8, but for the zonal wind at 10-m height.

between the ensemble mean RMSE and spread of different
variables for the ETKF and ETKF_R methods. Similar to the
magnitude improvement, the improvement in spatial structure
matching is also dramatic at 12-h forecast lead time for all
variables after employing the rescaling method in ETKF. For
example, the correlation coefficients increase by approximately 83.67% from 0.098 (ETKF method) to 0.18 (ETKF_R
method) for the 600-hPa zonal wind. However, the improvement in the spatial correlation is not statistically significant at
72-h forecast lead time.
The rank histogram is another commonly used verification
metric for ensemble spread (Talagrand et al. 1997; Hamill and
Colucci 1997; Candille and Talagrand 2005). The distribution
of the rank histogram should be flat over n 1 1 sorted bins
ranging from the smallest to largest values (n is the ensemble
member number) for a desirable ensemble forecast system.
The outlier score is measured by the sum of two end bins, which
indicates the frequency of an observed event falls outside of the
ensemble envelope. As the outlier should be 2/(n 1 1) for a
perfect EPS, the GRAPES-REPS with 15 ensemble members
leads to the expected outlier near 12.5%. Figure 11 shows the
rank histograms and corresponding outliers at 12-h lead time
for the ETKF and ETKF_R methods. The rank histograms of
given variables appear to be ‘‘U’’ shaped, and the outlier scores
are high in the ETKF method, which implies that the numbers

of observations being either smaller than the ensemble minimum or greater than the ensemble maximum are large. After
imposing rescaling into the ETKF method, the distribution of
‘‘U’’ becomes flatter, and the outlier is closer to the expected
value at the initial forecast lead times. For example, the outlier
score decreases from 0.268 158 (ETKF) to 0.227 574 (ETKF_
R) at 12-h forecast lead time for the 200-hPa zonal wind.
Therefore, the GRAPES-REPS spread (magnitude) changes
from very bad to more perfect regarding rank histograms and
outlier scores at the initial forecast lead times after applying
the regional rescaling factor. The differences between the
ETKF and ETKF_R methods are not significant with the increase of forecast hours.
The above results have suggested the effect of the rescaling
factor on ensemble forecast spread verifications for variables at
pressure levels. We have repeated the above verifications with
near-surface elements (such as the 10-m zonal wind and 2-m
temperature), as shown in Figs. 12 and 13 . Qualitatively
speaking, the results are the same as what we have seen for the
variables at pressure levels. By applying the regional rescaling
factor, the horizontal distribution of the ensemble spread
changes considerably, and the horizontal distribution of consistency decreases from very large values to relatively small
values at the initial forecast lead times. The domain-averaged
consistency also decreases from 5 to 4.58 at 12-h forecast lead
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FIG. 13. The evolution of domain-averaged (a1),(a2) consistency (defined as the ratio of the RMSE to the spread)
and (b1),(b2) correlation coefficient between the ensemble mean RMSE and spread with forecast lead times for
(top) temperature at 2-m height, and (bottom) zonal wind at 10-m height. The results are averaged from 0000 UTC
7 May 2019 to 1200 UTC 15 May 2019 (twice a day, 18 times in total). The ETKF method is shown in blue and the
ETKF with rescaling method in red.

time for the 2-m temperature (Fig. 13a1), and the difference is
significant at the 99% level (t test). Apart from the quantity of
ensemble spread, its quality is also a key criterion to measure
how the ensemble spread behaves. In response to this, the
correlation coefficient between the ensemble spread and ensemble mean RMSE is shown in Figs. 13b1 and 13b2. The
correlation coefficient of ETKF_R has a noticeable improvement compared with the ETKF method before 36-h forecast
lead time, which passes the significance t test. For example, the
correlation coefficient of the 2-m temperature at 12-h forecast
lead time changes from 0.159 (ETKF) to 0.207 (ETKF_R). The
better consistency and correlation coefficient between RMSE
and ensemble spread at initial lead times give rise to a better
spread–skill relationship.

b. Probabilistic forecast
The above results have demonstrated that the rescaling effect could effectively improve the ensemble spread with a
better spread–skill relationship (including quantity and quality
between the RMSE and ensemble spread), a faster spread
growth rate, and a better outlier score. The effect of rescaling
on probabilistic ensemble forecasts also needs to be further
investigated. The comparisons of the verification summary
statistics of probabilistic forecasts for ETKF and ETKF_R
methods are presented in Fig. 14. The metrics used here include CRPS (Hersbach 2000; Zhu and Toth 2008), statistical
reliability (Du and Deng 2010), and ROC (Mason 1979). The
probability threshold used in the figure is ‘‘exceeding 5 m s21

over climatology.’’ The rescaling effect has only a minor impact
on the assessment of the sharpness and reliability of probabilistic forecasts. The slight differences in verification metrics
have not passed the significance t test.
To measure probabilistic forecasts of precipitation for the
ETKF and ETKF_R methods, we introduce the Brier (Brier
1950) and AROC scores. Brier evaluates the error between
observed probability and forecast probability, which is a simplification of CRPS, and it is the smaller the better. The ROC
measures the combined effects of the probability of detection
(POD) and the false alarm rate (FAR), and the AROC curve is
calculated to measure whether the forecast has a skill. A perfect AROC is 1 (100% POD and 0% FAR). Figure 15 shows
the Brier and AROC scores of 12-h accumulated precipitation
exceeding 0.1, 5, and 15 mm. There is a moderately significant
(at the 40% level) improvement by the ETKF_R method over
the ETKF method for the light rain at 36-h forecast time.
However, there are no significant differences between these
two methods at other forecast lengths and precipitation categories. Therefore, precipitation is much less impacted by the
rescaling procedure.

5. Summary and discussion
To accurately describe the initial condition uncertainties in
the ensemble prediction system, the initial perturbation
structures and growth rates should be rational. An ideal initial
perturbation method cannot only effectively represent the
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FIG. 14. (a1),(a2) The domain-averaged CRPS; (b1),(b2) reliability diagram, the diagonal line represents perfect
reliability; and (c1),(c2) the ROC diagram at 12-h forecast lead time for the ETKF (blue) and ETKF_R (red)
methods. (left) 500-hPa zonal wind and (right) 500-hPa meridional wind. The probability of exceeding 5 m s21 over
climatology is used for (b1), (b2), (c1), and (c2). The results are averaged from 0000 UTC 7 May 2019 to 1200 UTC
15 May 2019 (twice a day, 18 times in total).

uncertainty of the atmospheric state at the time of analysis, but
also capture fast error growing modes that reflect the dynamic
property of error growth in the atmosphere. The ETKF initial
perturbation method has been widely used in the GRAPESREPS of CMA and could capture sort of fast error growing
modes because it combines the 12-h first guess errors.
However, an initial perturbation distribution similar to the
analysis error cannot be produced in the ETKF method of the
GRAPES-REPS. It destroys the desirable characteristics of
ideal initial perturbations. To solve this problem, following the
rescaling factor of the ETR and masked BV methods, we
introduce a regional rescaling mask into the ETKF method.
The rescaling factor is defined as the ratio of the square root of
the long-term averaged analysis error variance in the kinetic
energy norm (referred to as MASK) to the square root of the
kinetic energy norm of the analysis perturbation. The former
can be obtained from the ECMWF analysis and GRAPES

regional model analysis fields, and the latter is derived from
the GRAPES-REPS ETKF initial perturbation method. The
MASK distribution is small over regions with dense observations. By applying a regional rescaling mask, the perturbation
magnitude is expected to be restrained by the analysis uncertainties, and the ensemble spread is assumed to be rational.
This study describes the theoretical formulations of the ETKF
and ETKF_R methods, which are used to generate the initial
perturbations. The study also compares the results of the
ETKF and ETKF_R initial perturbation methods and further
demonstrates how rescaling can affect the initial perturbations
as well as the ensemble forecast skills. Some commonly used
ensemble verification metrics are employed in the comparison.
The perturbation structures and its growth characteristics (e.g.,
the spatial distribution of the initial perturbation, kinetic energy spectrum analysis, perturbation energy evolution, and
PECA) are used to illustrate the effect of rescaling on the
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FIG. 15. The evolution of (top) the Brier score and (bottom) AROC score for the 12-h accumulated precipitation with forecast lead
times. (a1),(b1) Light rain; (a2),(b2) moderate rain; and (a3),(b3) heavy rain. The results are averaged from 0000 UTC 7 May 2019 to
1200 UTC 15 May 2019 (twice a day, 18 times in total). The ETKF method is in blue, and the ETKF with rescaling method is in red.

initial perturbation itself. The ensemble spread and probabilistic forecast are used for demonstrating the ensemble forecast
skills. The spread–skill relationship (e.g., the quantity and
quality relations between the ensemble spread and ensemble
mean forecast error, referred to as the consistency and correlation coefficient), the growth rates of ensemble spread and
rank histograms are used to verify the ensemble spread; CRPS,
reliability diagrams and ROC curves are used to evaluate the
quality of probabilistic forecasts for variables at pressure
levels; Brier and AROC scores are measures for the probabilistic forecasts of precipitation.
The characteristics of the initial ensemble perturbation reveal that the initial perturbation structures and its growth rates
are reasonable for both the ETKF and ETKF_R methods.
Specifically, the perturbation kinetic energy spectrum increases with forecast lead times. The internal and kinetic perturbation energy are the prevailing perturbation energy at low
and high vertical levels, and the perturbation energy distribution has a flow-dependent structure. Additionally, the initial
perturbations could explain the forecast errors to a certain
degree. Compared with the ETKF initial perturbation method,
the characteristics of the initial ensemble perturbation become
better after applying the ETKF_R method. For example, the
initial perturbation structures become more reasonable, the
perturbations are able to explain the forecast errors better
with a higher PECA value at short lead times, and a lower

kinetic energy spectrum as well as perturbation energy at the
initial forecast times can lead to a higher growth rate of
themselves, which could help the ensemble forecast capture a
faster error growing mode. Therefore, the ETKF_R method
has more reasonable initial perturbation structures and faster
error growing modes than the ETKF method, and solves the
problem of being unable to effectively sample analysis uncertainties in the ETKF method.
The ensemble forecast verification results suggest that the
rescaling has a large effect on the horizontal distribution of the
ensemble spread at the initial forecast lead times, but a very
small effect on RMSE. The rescaling leads to a lower domainaveraged spread at initial lead times and a higher growth rate
of the ensemble spread. The horizontal distribution and
domain-averaged consistency all demonstrate that the rescaling effect makes the ensemble spread closer to the RMSE at
initial forecast lead times with a better quantity between the
RMSE and spread. The improvement of the ETKF_R method
in the spatial structure matching between the ensemble spread
and RMSE is also dramatic at initial forecast lead times for all
variables compared with the ETKF method. This improvement
leads to a better quality between the RMSE and spread. The
better performances of quality and quantity between ensemble
mean RMSE and ensemble spread bring about a noticeably
improved spread–skill relationship. Furthermore, the distributions of rank histogram become flatter, and the outlier scores
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are closer to the expected values at the initial lead times after
applying the ETKF_R method. The above ensemble spread
verification results are suitable for variables both at pressure
levels and near the surface. In summary, the ETKF_R method
has a better spread–skill relationship, including the quality
and quantity between the ensemble spread and ensemble
mean RMSE, a faster ensemble spread growth rate and
more logical rank histogram distributions and outlier scores
than the ETKF. However, the rescaling has only a minor
impact on the assessment of the sharpness of probabilistic
forecasts in terms of the CRPS, reliability and ROC for
variables at pressure levels, as well as the Brier and AROC
for precipitation. The differences are not statistically significant based on a t test.
The above results reveal that the rescaling method improves
the initial perturbation characteristics and ensemble spread
skills. Notably, in this study, we only apply a climatologically
fixed analysis error mask to restrain the ETKF initial perturbation. With DA being widely applied in the GRAPES-REPS
in the near future, there is a need to update the mask with new
analysis error estimates based on the real-time DA system
(Fisher and Courtier 1995; Barkmeijer et al. 1998). Thus, the
initial perturbation is more consistent with the DA system. A
reliable EFS could provide accurate background covariance
for the DA system, and a good DA system will produce accurate estimates of analysis error variance for EFS.
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