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ABSTRACT

One of the keys to ensemble forecasting lies in the effective generation of initial ensemble perturbations, which
aims to represent the probability distribution of analysis errors. Most previous studies have focused on assessing the
predictive skills of ensemble forecasts, offering only indirect assessments of the quality of initial ensemble condi-
tions. This study evaluates the performance of ensemble perturbations in sampling errors at both the initial and fore-
cast stages within the operational ensemble forecast system at NCEP. In particular, the ensemble sampling behavior
across different spatial scales is assessed quantitatively, with consideration of both the magnitude and direction. The
primary results indicate that, at the initial time, smaller scales exhibit a higher spatial correlation between ensemble
spread and error magnitude compared to larger scales. This is related to the instability of small-scale perturbations
and errors associated with strong localized forcings. However, ensemble perturbations at larger scales demonstrate
superior performance in capturing the spatially coherent structures of analysis errors, exhibiting a higher perturba-
tion—error correlation than those at smaller scales. This can be attributed to the substantially lower effective degrees
of freedom (DOF) associated with larger-scale perturbations and errors. These differences in sampling performance
across scales persist throughout the entire forecast lead times. The contrasting trends in sampling behavior of the
magnitude and direction across various scales suggest that the keys for effective ensemble generation vary with

spatial scales.
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1. Introduction

A single forecast, typically used to provide determi-
nistic forecast information, cannot estimate the uncertain-
ties inherent in the forecast. This limitation has driven
the wide adoption and development of ensemble fore-
casting in theory, methodology, and application. En-
semble forecasting generates multiple perturbed fore-
casts instead of a single one by perturbing the initial con-
ditions and model-related dynamics and physics (Epstein,
1969; Leith, 1974; Molteni and Palmer, 1993; Toth and
Kalnay, 1993; Zhou et al., 2022). These distinct forecast
members facilitate the quantification of uncertainties in

both initial and forecast states, as well as the identifica-
tion of possible scenarios of atmospheric evolution
(Barker, 1991; Houtekamer and Derome, 1995; Molteni
et al., 1996; Buizza, 1997; Toth and Kalnay, 1997; Hop-
son, 2014). Therefore, ensemble forecasting has become
the dominant mode in forecast centers globally.

The pioneering research by Epstein (1969) conducted
the prediction of the probability distribution of atmo-
spheric variables by solving the Liouville equation, a
continuity equation with the probability density function
(PDF) as the prognostic variable. His study emphasized
the critical importance of accurately determining the PDF
of initial conditions for predicting the PDF of future
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states. Building on this foundation, Leith (1974) pro-
posed the Monte Carlo method to approximate initial
state uncertainty using a limited number of randomly
generated states. This study introduced the ensemble ini-
tialization framework used in modern ensemble forecast
systems, which involves generating a set of state samples
to represent the PDF of the true initial state.

Over the past three decades, significant progress has
been made in the methodology and application of en-
semble forecasting, driven by improvements in numeri-
cal model performance and computational capabilities,
and advances in observational networks and data assimi-
lation. In operational practice, initial ensemble perturba-
tions are routinely generated and centered on the initial
control analysis or the posterior ensemble mean state
provided by an operational data assimilation system.
While various ensemble initialization schemes have been
developed across different operational centers, these ini-
tial perturbations aim to represent the possibility of ana-
lysis errors (i.e., the difference between the analysis and
reality which can only be implicitly estimated). One type
of method is dynamic-based, including the bred vector
(Toth and Kalnay, 1993, 1997) previously used at NCEP,
and the singular vector (Molteni and Palmer, 1993; Mol-
teni et al., 1996; Buizza, 1997) currently employed at
ECMWEF. These methods focus on capturing perturba-
tions that reside in the dynamically unstable or growing
subspace of the system, which majorly contributes to the
evolution of forecast errors (Mu et al., 2003; Palmer et
al., 2006; Duan and Huo, 2016; Feng et al., 2018; Huo
and Duan, 2018). The other type incorporates statistical
algorithms to refine dynamically-evolved perturbations.
These methods combine observational information with
prior ensemble forecasts attempting to estimate the ana-
lysis error covariance matrix and generate posterior en-
semble samples that reflect the updated statistical cha-
racteristics (Evensen, 1994; Houtekamer and Derome,
1995; Houtekamer and Mitchell, 1998; Wang and Bish-
op, 2003; Wei et al., 2008). A representative example of
this type is the Ensemble Kalman filter (EnKEF;
Houtekamer and Mitchell, 1998; Whitaker and Hamill,
2002; Evensen, 2003; Zhou et al., 2022), which is cur-
rently operationally implemented at NCEP and various
other operational centers.

Given the critical role of ensemble initialization in the
performance of ensemble forecasting, it is essential to
conduct an in-depth and comprehensive evaluation of the
ability of initial ensemble perturbations in sampling ini-
tial analysis errors. However, such studies are scarce,
largely due to the limited knowledge of specific analysis
errors and a deficient theoretical understanding of statis-
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tical sampling. Most existing studies evaluate the effi-
cacy of different ensemble initialization schemes indi-
rectly by assessing ensemble forecast skill. For instance,
it is conventional to evaluate the root-mean-square error
(RMSE) and pattern anomaly correlation of ensemble
mean forecasts ( e.g., Palmer and Tibaldi, 1988; Stanski
et al., 1989; Buizza, 1997; Atger, 1999; Zhang et al.,
2015; Schwartz et al., 2022). Additionally, diagnostics of
probabilistic forecasting scores of ensemble forecasting,
including the rank histogram, continuous ranked proba-
bility score, and relative operating characteristics, are fre-
quently calculated and compared (Brier, 1950; Murphy,
1973; Mason, 1982; Hamill, 2001; Bradley and
Schwartz, 2011; Schwartz et al., 2020). However, these
metrics are influenced not only by the ensemble pertur-
bation schemes, such as dynamical methods or ensemble-
based data assimilation, but also by the model perfor-
mance. Consequently, these metrics provide only indi-
rect and partial indicators of the sampling performance of
initial perturbations in the ensemble forecast system.
Numerous studies have investigated the relationship
between ensemble perturbations and errors in the en-
semble mean. The majority of these studies have fo-
cused on the spatiotemporal consistency between en-
semble spread and ensemble mean error magnitude,
known as the spread—error correlation. For example,
Whitaker and Loughe (1998) and Molteni and Buizza
(1999) examined how the spatial relationship between
ensemble spread and ensemble mean absolute error fields
varies with lead time (Whitaker and Loughe, 1998;
Buizza et al., 2005; Wei et al., 2006). However, the
spread—error relationship only reflects the statistical con-
sistency between the amplitudes (or standard deviation)
of gridded perturbations and errors. They do not address
the correlation between perturbations and errors in their
spatially coherent structures, or in other words, the di-
rectional relationship of perturbation and error vectors.
Unlike most studies on the spread—error relationship,
Wei and Toth (2003) introduced a novel metric known as
Perturbation versus Error Correlation Analysis (PECA).
This metric has proven to be a useful quantitative metric
to assess the effectiveness of ensemble perturbation vec-
tors in capturing forecast error vectors in a high-dimen-
sional phase space (Wei et al., 2006, 2008; Feng et al.,
2016; Hou et al., 2018). It is important to note that a
higher level of PECA at initial time does not necessarily
indicate an improved ensemble prediction skill. How-
ever, the ensemble with higher initial PECA indicates
that the physical constraints on perturbations are more
consistent with the characteristics of analysis errors, in-
creasing the potential for ensemble forecasts to capture
the possibility of future states. Nevertheless, an import-
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ant characteristic of the atmosphere, i.e., the multi-scale
nature, has not been considered in their metric, and the
correlation between perturbations and errors at different
spatial scales has remained unexplored.

The atmosphere is characterized by motions across
multiple scales, ranging from large-scale phenomena,
such as planetary and synoptic systems, to smaller scales,
including mesoscale and convective processes (Lorenz,
1969; Tribbia and Baumhefner, 2004). Numerous stu-
dies have demonstrated the multi-scale nature of forecast
error propagation both theoretically and practically (e.g.,
Privé and Errico, 2015). In recent years, advancements in
convection-allowing ensemble forecasts have emerged as
a frontier in the area of ensemble forecasting (e.g., Ro-
mine et al., 2013a, b; Schwartz et al., 2014, 2021; Keres-
turi et al., 2019; Loken et al., 2019). A major challenge
in this field is managing the complicated interactions
between different scales, exemplified by phenomena
such as convective storm cells intensifying within synop-
tic-scale squall lines. Therefore, it is essential to account
for the multi-scale evolution of ensemble perturbations
and forecast errors, as well as their relationships across
various spatial scales, when developing high-resolution
ensemble forecast systems. Recent efforts, such as those
by Schwartz et al. (2021), have incorporated multi-scale
initialization techniques into convection-allowing en-
semble forecasts, combining high-resolution EnKF ana-
lysis with coarser global fields. However, these methods
have often been empirical and lacked a solid theoretical
basis. Several unresolved theoretical challenges remain,
particularly regarding the different characteristics and
impacts of multi-scale sampling of initial perturbations.
Addressing these foundational issues is critical to enhan-
cing the efficacy of ensemble initialization strategies and
improving forecast accuracy.

Given the limitations of existing research on en-
semble sampling, this study aims to investigate the
multi-scale characteristics of ensemble perturbations in
sampling errors for both initial analyses and forecasts.
Additionally, the theoretical mechanisms underlying the
performance of ensemble sampling will be explored and
discussed. Operational forecast data from the global en-
semble forecast system (GEFS) at NCEP will be utilized
for evaluation in this study. The GEFS employs the
EnKF scheme for ensemble initialization, recognized as
one of the most advanced initial ensemble schemes and
widely applied worldwide.

This paper is organized in the following manner. Sec-
tion 2 and Section 3 describe the data and methodology,
respectively. In Section 4, we first evaluate the sample-
mean RMSE and spread of the ensemble forecasts. Sec-
tion 5 assesses and analyzes the initial sampling perform-
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ance of full fields (i.e., the non-decomposed field) in
terms of magnitude and direction. Similar sampling per-
formance at multiple spatial scales, as well as their tem-
poral evolution, is further analyzed in Section 6 and Sec-
tion 7, respectively. Conclusions and discussion are pre-
sented in Section 8.

2. Data

This study utilized ensemble forecast data from the
operational Global Ensemble Forecast System version 12
(GEFSv12) at NCEP. Specifically, the GEFSv12 product
consists of 30 perturbed ensemble members and one con-
trol forecast, all at a horizontal resolution of 0.5° (ap-
proximately 70 km grid spacing; available at https://re-
gistry.opendata.aws/collab/noaa/). The initial ensemble
members are centered on the initial analysis produced by
the global data assimilation system (GDAS) at NCEP.
The perturbed forecasts are generated by integrating the
EnKF posterior states centered on the control analysis
state (Zhou et al., 2022). The GEFSv12 data at NCEP
was selected due to its initialization with the EnKF
scheme (Whitaker and Hamill, 2002; Zhou et al., 2022),
which is recognized as one of the most advanced en-
semble generation schemes worldwide. The GEFSv12
adopts the dynamic core of the Finite Volume Cubed-
Sphere (FV3) model (Zhou et al., 2022). The 70 km grid
spacing allows for the effective resolving of spatial
scales ranging from over 10,000 km to about 280 km (4
x 70 km) (Ji and Toepfer, 2016; Zhou et al., 2024). Al-
though the convective scale is not resolved in this fore-
cast data, the range of the horizontal scales is sufficient
to address the differences and regimes of ensemble
sampling performance at various scales.

The operational GEFS forecast data are produced
every 6 hours (i.e., 4 times per day) and each forecast ex-
tends up to 16 days ahead. For simplicity, this study eval-
uated only the ensemble and control forecasts initialized
at 0000 UTC daily from 1 December 2020 to 28 Febru-
ary 2021, resulting in a total of 90 samples. The forecast
output interval is 12 h. Since initial ensemble perturba-
tions are superimposed on the model control variables,
e.g., zonal wind (U) and temperature (7), to initialize en-
semble forecasts, U and 7T at the mid-level (500 hPa)
were selected for analysis.

3. Methodology

3.1 Defining analysis error and ensemble perturbations

The true state of the atmosphere (hereafter referred to
as “truth”, denoted by T') can never be precisely known
due to the sparseness and errors in monitoring or ob-
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serving systems. Consequently, both historical and cur-
rent atmospheric states are typically estimated by using
data assimilation (DA) algorithms, such as the optimal
interpolation and EnKF. These DA schemes combine
model first guess fields (or background) with observa-
tional data to generate an optimal estimate of the atmo-
spheric truth, referred to as the analysis state A. Due to
the unavoidable errors in observational systems and mo-
del first guess, and deficiencies in DA schemes, the ana-
lysis A generally differs from the true state T. This dif-
ference is defined as the analysis error e:

e=A-T, ()

where e = (ey, 2, e3, ..., ep)T, M represents the dimen-
sion of error vector e. Here, M includes all analysis vari-
ables and vertical levels, and it also corresponds to the
number of grid points of spatial variables.

The initial M-dimensional states are denoted as P,
Py, ..., Py, (N is the number of ensemble members), and
are centered around the optimally estimated state A, i.e.,
L3N P;=A. For an ensemble-based DA scheme, such
as the EnKF, the analysis state A may be replaced by the
mean state of posterior ensemble. The initial ensemble
perturbations p; are defined as the deviations of the indi-
vidual ensemble members from their mean state and are
given by:

pi=Pi—A, (2)
where p; = (i1, pi2s pi3s - Pim)" -
3.2 Defining analysis error covariance and ensemble
perturbation covariance

Let us assume that the analysis error is unbiased, i.e.,
E(e) =0, where E(-) represents the mathematical expec-
tation. The analysis error covariance matrix denoted by
B* is expressed as:

eer  eje2 e1eym
eneq enén erépm

B = . . , : , 3)
eyer  eyen emMem

where eje; represents the analysis error variance at grid
point j and eje; represents the analysis error covariance
between grids j and .

The ensemble perturbation covariance matrix denoted
by BP is similarly expressed as:

pipr pip2 pPiPm
p2p1 pap2 p2bm

BP = . ; ) , 4)
pPmMp1  PmP2 PMPM
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where p;p; represents the ensemble perturbation
variance perturbations at individual grid point j, and
D;px represents the ensemble perturbation covariance
between grid points j and k& measuring the spatial cor-
relation of perturbations between grid points, reflecting
their coherent variability. Both quantities are computed
by using ensemble members at a given time. Specifically,

pipj= S, p}; and Pjpk = S pijpik.

N-1 N-1

3.3 Ensemble sampling

The primary objective of ensemble forecasting is to
provide probabilistic future scenarios and quantify un-
certainties in forecasts. This relies critically on the abi-
lity of the initial ensemble members to reflect the PDF of
the true state (Epstein, 1969; Leith, 1974; Toth and Kal-
nay, 1997; Palmer et al., 2006). This challenge is fun-
damentally a problem of ensemble sampling, which is
traditionally framed within the perturbation space. In the
context of our study, ensemble sampling is defined as the
ability of ensemble perturbations to represent the fore-
cast errors of the ensemble mean. For effective ensemble
initialization, it is essential that the initial ensemble per-
turbation covariance matrix closely approximates the
analysis error covariance matrix. Given that the atmo-
sphere is a high-dimensional, spatially continuous fluid,
ensemble sampling must account not only for the mag-
nitude of perturbations and errors but also for their spa-
tially coherent structures, i.e., the spatial covariance
(Palmer et al., 2006; Feng et al., 2020). This will be ela-
borated on in the following subsections.

3.3.1 One-dimensional sampling

In a one-dimensional scenario, T, A, and P; are all
scalar states. Assuming that analysis error e follows a
Gaussian distribution, given control analysis state A as
the maximum likelihood estimation (i.e., the mathemati-
cal expectation) and the standard deviation of analysis er-
ror e, the PDF of the true state T can be accurately depic-
ted (see the blue curve in Fig. 1a). If a set of perturba-
tions is generated according to the same PDF as the ana-
lysis error and added to the control analysis state A, i.e.,
eje; =p;p; at a random grid point j, these perturbed en-
semble members will serve as representative samples of
true state 7. In the one-dimensional context, ensemble
sampling considers only the magnitude of the perturba-
tions and errors, without accounting for direction.

3.3.2  Multi-dimensional sampling

In multi-dimensional space, analysis error e is a vec-
tor with both magnitude and direction (the red arrow in
Fig. 1b). Perturbation vectors p; (the blue arrows) are
generated to sample the analysis error within the phase
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Fig. 1. Schematic diagrams of (a) one-dimensional sampling and (b) multi-dimensional sampling. See text for details on 7, 4, and P.

space (black circle), encompassing two aspects.

(1) Magnitude of analysis error. This aspect is analo-
gous to one-dimensional sampling, where the analysis er-
ror variance and initial ensemble perturbation variance at
individual grid points should be consistent. This means
that the diagonal components of B* and BP are equal,
ie,ee;j=pip; G=1,2,.., M) In the case of perfect
sampling, the perturbed members should lie on the same
circle (the black circle) as the true state.

(2) Direction of analysis error. Unlike one-dimen-
sional sampling, the multi-dimensional sampling con-
siders whether the ensemble perturbations can represent
the possible direction of the analysis error vector. The
core of the directional sampling is the ability of the en-
semble perturbation fields to capture the spatially coher-
ent structures of the analysis error fields. For example, if
analysis errors exhibit a negative—positive dipole pattern
between two adjacent areas, the ensemble perturbations
should present a similar or opposite-phase (i.e., positive—
negative) pattern in the same regions. Theoretically, ef-
fective directional sampling implies that the covariances
of analysis errors and ensemble perturbations are similar,
ie,eek=pipr G=1,2, ..., M k=1,2, ..., M; j#k).
Estimating the analysis error covariance matrix (B?) is
challenging in practice due to the unknown truth. In en-
semble-based DA, such as the EnKF, the perturbation co-
variance of posterior ensemble (i.e., BP) serves as an ef-
fective approximation for B*. One of the primary objec-
tives of this study is to assess the performance of BP in
approximating B?.

3.4 Scale decomposition of perturbation and error

The primary objective of this study is to evaluate and
analyze the performance of the multi-scale ensemble
sampling at both initial and forecast times within a state-

of-the-art operational ensemble prediction system. To
achieve this, we conducted a Fourier decomposition of
forecast errors and ensemble perturbations for selected
variables (i.e., 500-hPa U and T) to derive their multi-
scale components. This study focuses exclusively on
zonal perturbations and errors; hence, a zonal decomposi-
tion of the variables within the 30° to 70° latitude band in
the Northern Hemisphere (NH) was performed and as-
sessed. This focus is due to the mid- to high-latitude cir-
culation in the NH being predominantly characterized by
zonal structures and dynamics (Zhang et al., 2019). The
perturbation and error fields were zonally decomposed
into 180 waves, covering scales from the meso-8 scale
(~100 km) to the planetary scale (~10,000 km) (Zhu et
al., 2000). For the variables T and U, we performed a
Fourier expansion in the zonal direction at each latitude.
The decomposition followed the Discrete Fourier Trans-
form. Taking T as an example, for a fixed latitude profile,
the discrete Fourier transform can be written as:

N N-1 .
Thp)=)"  T(g)e N, k=0,1,2,...N=1. (5)

Here, T represents the Fourier coefficient of the kth
wave number of T; k represents the wave number, which
is dimensionless; 4, indicates the longitude position of
the nth grid point and ¢ represents latitude. Moreover, N
represents the number of grid points in the zonal direc-
tion; n indicates the grid point index along the longitude
direction; e~>"*"/N is a complex exponential function,
representing the Fourier basis functions. Based on the
above formula, forward transformation was performed to
obtain the coefficients for each wave number, followed
by inverse transformation to sum these coefficients and
reconstruct the original field.

To clearly examine the properties of sampling per-
formance at specific spatial scales, we categorized the
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wavelengths and defined the wavebands for large, inter-
mediate, and small scales. The large-scale wavebands
span the wave numbers from 1 to 14 (approximately
2000 to 25,000 km), the intermediate-scale wavebands
span wave numbers from 15 to 100 (400 to 2000 km),
and the small-scale wavebands span wave numbers from
101 to 180 (200 to 400 km), as defined by Ying and
Zhang (2017).

3.5 Metrics to evaluate sampling performance

To quantitatively assess the statistical relationship
between full and multi-scale perturbation and error
fields, two main metrics were utilized. The first metric is
the widely used spread—error correlation, measured by
the pattern correlation coefficient (PCC) between the en-
semble spread field and the ensemble mean error mag-
nitude field. The ensemble spread field denoted as sP is
defined as:

) T T T
sP = (Vpip1, VP2p2, s NDMPM) (6)

where the superscript p represents perturbation. The en-
semble mean error magnitude field s© is defined as:

s¢ = (le1l, leal, ..., lemDT, (7

where the superscript e represents error, and |-| denotes
the absolute value. Note that each element of s¢, i.e., the
error magnitude |e;| represents a realization that adheres
to the statistic of analysis error variance e;e;. In the ab-
sence of direct estimation of analysis error variance, the
spread—error correlation is used as an approximate to mea-
sure the consistency between the ensemble perturbation
variance and ensemble mean error variance, i.e., the mag-
nitude sampling, as demonstrated in previous studies
(e.g., Whitaker and Loughe, 1998; Magnusson et al.,
2008; Cui et al., 2021). The spread—error correlation can

be computed by:
m_ (P —sP)(s® —5°)
llsP — Pl lse — s€||°

®)

where the superscript m represents magnitude; ||-|| de-

notes the L, norm; and sP = Zﬁil \P;P;j, while s¢

1
U Zﬁl |e/' |

A higher value of the metric r™ indicates better per-
formance of the ensemble spread in representing analy-
sis and forecast uncertainties (Whitaker and Loughe,
1998; Magnusson et al., 2008; Cui et al., 2021). Despite
its extensive application, the spread—error correlation has
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limitations, as it provides an overall measure of grid-
point spread—error consistency without accounting for
the spatial coherence between grid points.

To address the limitations of the spread—error correla-
tion, we adopted an additional metric to assess the direc-
tional relationship between perturbations and errors in
high-dimensional space. Specifically, we used the PCC
between ensemble perturbation fields and ensemble
mean error fields to evaluate the ability of perturbation
fields in capturing the spatial coherence of errors, i.e., the
directional sampling. The perturbation—error correlation
for the ith ensemble perturbation denoted by rl?‘ is com-
puted by:

a_ (pi—pile—e)

" llpi—pill lle—cell
where the superscript d represents direction; and p;
1
=7 it Pij, while g =22 3L ;.

The perturbation—error correlation is similar to the
PECA in Wei and Toth (2003) and has been rarely ad-
dressed in preceding studies. Both metrics assess the
ability of ensemble perturbations to explain forecast er-
ror variance' [i.e., (F}j)z]. A higher explained variance in-
dicates a large potential of the ensemble perturbations for
constructing the forecast error covariance matrices. The
main distinction between the two metrics is that the per-
turbation—error correlation evaluates the performance of
individual perturbations, while PECA assesses the cumu-
lative explained variance across all ensemble perturba-
tions. We employ the perturbation—error correlation spe-
cifically to examine the range of correlations between
forecast errors and each individual perturbation, inclu-
ding the maximum, minimum, and mean.

Assuming that ensemble perturbations have the same
magnitude as the analysis error, the perturbation—error
correlation (i.e., the angle between red and blue arrows in
Fig. 1b) modulates the accuracy of initial perturbed
members (i.e., the error amplitude of P; from T, as in-
dicated by black dashed arrows in Fig. 1b). For example,
a close-to-zero perturbation—error correlation (i.e., P1A
and AT) corresponds to a larger error in ensemble mem-
bers than those with a high negative correlation (i.e.,
P>A and AT).

Since the “truth” is unknown, the control analysis (i.e.,
the initial condition of the control forecast) is used as a
proxy for the “truth” in the computation of forecast er-

IA higher perturbation—error correlation indicates that the perturbation vector has a greater projection onto the direction of the error vec-
tor, thereby accounting for a larger portion of the variance contained in the error vector. The explained variance equals the square of the

perturbation—error correlation.
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rors throughout all evaluations in this study. The control
analysis is consistent with the mean of the initial en-
semble members, as all members are centered around the
control analysis in the NCEP ensemble forecast system.
The assessment of the initial ensemble sampling is a key
focus of this study. However, when the analysis is used
as the “truth”, the analysis errors are zero. Therefore, the
performance of the ensemble sampling at 12 h is evalu-
ated as an approximation of the initial ensemble
sampling. The rationale behind this approach is dis-
cussed in detail in Section 4.

4. Sample-mean RMSE and spread

The generation of initial perturbed members signifi-
cantly affects the quality of individual perturbed fore-
casts and their mean forecasts. Consequently, before ex-
amining the sampling performance of ensemble perturba-
tions, we first assessed the sample-mean RMSE for-
500-hPa U and T of the control forecast, ensemble mean
forecast, individual perturbed forecasts, as well as the en-
semble spread (Fig. 2).

Figure 2 illustrates that the RMSE of the ensemble
mean forecast is substantially lower than that of the con-
trol forecast for both variables (cf. red and blue solid
lines) as documented in numerous previous studies (e.g.,
Leith, 1974; Atger, 1999; Swinbank et al., 2016). Addi-
tionally, the mean RMSE of individual perturbed fore-
casts, averaged across all ensemble members, is gene-
rally higher than that of the control forecast (cf. black
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and blue solid lines). This suggests that, on average, the
perturbed ensemble forecasts exhibit lower forecast accu-
racy compared to the control forecast (Palmer et al.,
2006; Feng et al., 2024). This lower accuracy is prima-
rily due to the initial ensemble sampling, which is fur-
ther discussed below. However, certain ensemble mem-
bers demonstrate the capability to surpass the control
forecast in terms of accuracy after approximately four
days (see the lower boundary of the gray shading) due to
the nonlinear error growth.

Notably, the ensemble spread is generally close to, al-
beit slightly below, the ensemble mean error (cf. red
dashed and solid lines), indicating a reasonable spread—
error relationship for the GEFS (Toth et al., 1998; Zhou
et al., 2022). The RMSE for both the control and en-
semble mean (blue and red solid lines) at short lead times
may be underestimated due to errors in the reference ana-
lyses. However, as shown in our previous study (Feng et
al., 2023), this underestimation becomes less significant
over long time. Note that the ensemble spread inter-
sects with the ensemble mean error between 12 and
24 h. Consequently, the relationship between ensemble
perturbations and ensemble mean error at 12 h is criti-
cally analyzed as a proxy for evaluating the initial en-
semble sampling in subsequent results. Since the control
analysis is consistently employed as the reference for all
evaluations across all lead times in our study, this ap-
proach may be considered justifiable. The evaluation of
the ensemble sampling performance at 24 h shows
consistent conclusions.
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Fig. 2. Sample mean root mean square error (RMSE) of control (blue solid line), ensemble mean (red solid line), and the mean RMSE of in-
dividual perturbation members (black solid lines) for forecasts over all 90 cases: (a) temperature (7) and (b) zonal wind (U) fields at 500 hPa over
the NH. The ensemble spread is represented by red dashed lines. The upper and lower bounds of the light blue shading represent the maximum
and minimum RMSE values of the ensemble members for each lead time and case, averaged across all 90 forecast cases.
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5. Initial sampling of full fields

5.1 Magnitude

As discussed in Section 3.3.2, sampling in high-di-
mensional space involves assessing the magnitude and
direction of perturbation and error vectors (or fields).
Figure 2 demonstrates that at 12 h, the spatial-mean en-
semble spread and error magnitude are close. It is im-
portant to further compare the spatial distribution of grid-
point ensemble spread and analysis error. Figure 3 illus-
trates the initial analysis error magnitude and ensemble
spread over the NH for 500-hPa 7 and U in a randomly
selected case. It reveals that the initial ensemble spread
field can roughly approximate the distribution of analy-
sis error uncertainties.

The spread—error correlations [Eq. (8)] for 500-hPa U
and T in this case are 0.41 and 0.44, respectively, which
are close to the average spread—error correlations of 0.40
and 0.43 over all samples. This suggests the effective-
ness of the initial EnKF ensemble in quantifying flow-
dependent uncertainties in analysis errors. This principle
also fundamentally motivates the application of en-
semble-based estimation of background error covariance
in DA (Houtekamer and Mitchell, 1998; Whitaker and
Hamill, 2002; Evensen, 2003; Zhou et al., 2022), which
could improve the quality of initial analysis. It is note-
worthy that the initial ensemble spread field exhibits
smoother structures compared to the initial analysis error.
This is because the calculation of ensemble spread in-

(a) 12 heerror of T

30°N LI : ' 30°N
120°W  60°W 0 60°E 120°E
[ I I I I
0.1 03 05 0.7 09
(c) 12 heerror of U
60°N 60°N
30°N ; s 30°N
120°W  60°W 0 60°E  120°E
LT T T T°70
1.0 2.6 42

Ma, L., J. Feng, J. C. Pu, et al.

63

volves averaging deviations of all ensemble members
from their mean state, whereas the ensemble mean error
(i.e., the analysis error in this context) represents a single
realization of the diagonal component of the analysis er-
ror covariance. The spread—error correlation is expected
to be somewhat lower when the actual initial conditions
at time zero, rather than at 12 h, are considered, owing to
the errors inherent in the control analysis.

5.2 Direction

Similar results as in Fig. 3 have been reported in nu-
merous preceding studies as a fundamental measure of
the performance of initial perturbation sampling. How-
ever, it is important to emphasize that the spread—error
correlation primarily offers a gridpoint assessment of the
consistency between the initial ensemble spread and the
magnitude of analysis error. In other words, this assess-
ment involves comparing only the diagonal components
of the ensemble perturbation covariance and the analysis
error covariance matrices, while neglecting the spatial
covariance of perturbations and errors as discussed in
Section 3.5. This section explores the directional rela-
tionship between the initial ensemble perturbations and
the analysis errors, providing an additional perspective
on the assessment of initial ensemble sampling.

Figure 4, which resembles the schematic of sampling
in high-dimensional space shown in Fig. 1b, is derived
based on the operational forecast data of GEFSv12 for
500-hPa T and U over the NH at 12 h. The true state is

(b) 12 h ens spread of 7'
A .
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Fig. 3. (a) Absolute error field of the ensemble mean and (b) ensemble spread field for 500-hPa 7 at 12-h lead time. (c, d) are the same as (a, b),
respectively, but for 500-hPa U. The initial time of this case is 0000 UTC 25 February 2021.
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Fig. 4. Scatter plots of standardized RMSE of all ensemble members (P, black dot) from the corresponding true reference (7)) in all 90 cases for
500-hPa (a) T and (b) U at 12-h lead time. The x- and y-axes represent the projection components of perturbation member errors on the ortho-
gonal direction of the analysis error and on the analysis error, respectively. The ensemble perturbations and analysis errors are depicted by blue
and red arrows, respectively; and 4 represents the analysis. The black arc with a radius of 1 represents the amplitude of analysis error.

denoted by T (the control analysis in this context) at the
coordinate (0, 0), and the analysis state is denoted by A
(the ensemble mean in this context) at the coordinate
(0, 1), indicating that the analysis error is oriented along
the y-axis (red arrows). The black scatter points repre-
sent all ensemble members over all 90 cases (i.e., 30 x
90 =2700) at 12 h. The positions of these points are deter-
mined by the components of the perturbed member er-
rors (i.e., perturbed states P; minus the true state T') pro-
jected onto the analysis error (y-axis) and the orthogonal
direction (x-axis). The distance between individual black
dots (P) from the state T measures the RMSE of indi-
vidual ensemble members from the “truth” reference, and
the distance between P and A measures the magnitude of
ensemble perturbations. Note that these error compon-
ents of the perturbed members in Fig. 4 are standardized
by the analysis error in each case.

The results in Fig. 4 indicate that for both 500-hPa T
and U, the initial ensemble perturbation vectors (blue ar-
rows) in high-dimensional space (i.e., the NH) exhibit
very low PCCs with the analysis error (red arrow) ran-
ging from —0.18 to 0.17, using temperature 7 as an ex-
ample. This result is consistent with Feng et al. (2024)
based on the “perfect” ensemble forecast data (using a
random member as the ground “truth”) and can be attri-
buted to the “curse of dimensionality”. The superposi-
tion of initial ensemble perturbations on the analysis state
in high-dimensional space results in all initial perturbed
states deviating further away from the true state. This is
evidenced by the fact that all ensemble member states
(black scatter points) fall outside the black arc, each with

errors exceeding the analysis error (i.e., greater than 1).
These outcomes underline the challenges of initial
sampling in high-dimensional space and explain the lar-
ger errors observed in perturbed members relative to the
control and ensemble mean at 12 h, as depicted in Fig. 2.

6. Sampling at multiple spatial scales

6.1 Decomposition of perturbation and error

In addition to the sampling performance of full fields,
it is important to examine the distinct sampling perfor-
mance of ensemble perturbations at multiple spatial
scales. Figure 5 provides an example of the full fields of
initial perturbations of 500-hPa T (i.e., 12-h perturba-
tions as a proxy) for the same case as Fig. 3, along with
their respective components decomposed into large, in-
termediate, and small scales defined in Section 3.4. The
results show that the full initial perturbation at 500 hPa
of NH is primarily contributed by large- and interme-
diate-scale components, which exhibit higher perturba-
tion strength than the small scales (see results in Section
6.2). The spatial correlation coefficients between the full
and large-scale fields of initial perturbations are 0.66 for
500-hPa T and 0.64 for 500-hPa U (figures not shown),
which are slightly lower than those between the full and
intermediate-scale fields. The large-scale perturbation
displays wave-like patterns (Fig. 5b) associated with syn-
optic-scale baroclinic instabilities, whereas the small-
scale perturbation exhibits more localized features that
may be linked to regional mesoscale instabilities (Tan et
al., 2004; Sun, 2017).
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Fig. 5. (a) Full perturbation field of a randomly selected ensemble member for 500-hPa T at 12-h lead time in the same case as Fig. 3 and its (b)
large-, (¢) intermediate-, and (d) small-scale components. Note that the color bar for the small scale differs from those for the other scales.

6.2 Magnitude of perturbation and error
at multiple scales

Due to the multi-scale nature of the atmosphere, well-
generated initial ensemble perturbations should reflect
the multi-scale characteristics of analysis error. Beyond
comparing the full perturbation and error fields (Fig. 3),
we further examine the initial ensemble spread and the
analysis error magnitude for large, intermediate, and
small scales for 500-hPa 7 and U (Fig. 6). Those for
500-hPa U are qualitatively similar and thus are not
shown. While the initial error magnitude and ensemble
spread fields at large scales show some similarities
(Fig. 6a vs. 6b), their PCCs (0.28 for 500-hPa T and U)
are considerably lower than those for full fields and
other scales. This could be attributed to the notable phase
errors of large-scale perturbations and errors in global
space (Feng et al., 2020; Jankov et al., 2022), such as
northeastern China in Figs. 6a, b (highlighted by the blue
box). In contrast, the PCCs for intermediate-scale per-
turbations and errors are 0.40 for 500-hPa 7 and 0.44 for
500-hPa U, which is similar to those of full fields, 0.40
and 0.43 respectively. Noticeably, the spread—error cor-
relation for the small scale is the highest among all
defined scales, despite their larger randomness (Fig. 5).
This high correlation is likely due to its strongly loca-
lized features of perturbation and error. For example,
aside from a few regions exhibiting remarkable strength
(highlighted by the blue box in Figs. 6e, f), the intensity
of perturbation and error in other areas across the globe

is significantly weaker. The sample-mean results are
qualitatively simiar to those in this case (figures omitted).

Figure 7 compares the spectrum of perturbation and
error variances from 1 to 180 wavenumbers for 500-hPa
T and U at various lead times. At the 12-h lead time, the
perturbation variances for both variables are generally
larger than the corresponding error variances across
nearly all scales (cf. purple solid and dashed lines). The
larger perturbation variance may be intentionally de-
signed and tuned to ensure the consistency between the
perturbation and error variance over longer lead times, as
shown by the results at 24, 48, 192, and 360 h. By 12 h,
the ensemble perturbation variance at small scales has
already reached the saturation level and shows minimal
change thereafter (Sun and Zhang, 2020). Apparent up-
scale error growth for both the ensemble perturbations
and errors can be seen at increasingly larger scales, con-
sistent with findings from previous studies (e.g., Bei and
Zhang, 2014; Sun, 2017; Sun and Zhang, 2020). This is
clearer when examining the aggregate perturbation and
error variances at large, intermediate, and small scales
(hollow triangles and circles).

6.3 Direction of perturbation and error at multiple scales

In addition to magnitude, the relationship between the
direction of perturbation and error is another critical me-
tric for evaluating ensemble sampling. Figure 8 displays
the maximum (red), minimum (blue), and mean (black)
PCCs between the 12-h ensemble perturbation and error
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Fig. 6. As in Figs. 3a, b, but for the (a, b) large-, (c, d) intermediate-, and (e, f) small-scale components of error magnitude and ensemble spread
of 500-hPa T at 12-h lead time in the same case. Regions with obvious strength are highlighted by blue boxes. The PCCs of error and spread for
large, intermediate, and small scales are 0.28, 0.42, and 0.49, respectively. Note that the color bars for the three defined scales are different.
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Fig. 7. Spectrum of perturbation (solid lines) and ensemble mean error (dashed lines) variances of 500-hPa (a) 7'and (b) U at 12- (purple), 24-
(blue), 48- (red), 192- (pink), and 360-h (orange) lead times. The triangles and circles correspond to the accumulative perturbation and ensemble
mean error variances of all wave numbers in the corresponding wavelength range, respectively, for large, intermediate, and small scales from left
to right (divided by green dashed lines) in each panel.

over the NH (solid curves) and eastern China (cor- averaged over all samples. The PCC range over the NH
responding colors but dashed lines, with details dis- between the maximum and minimum gradually narrows
cussed in Section 6.4) across individual wave numbers, from larger to smaller scales, varying from about +0.4 for
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time, averaged over all 90 cases. The solid and dotted lines represent the NH and Eastern China (ECN), respectively. The green dashed reference

lines divide the large, intermediate, and small scales.

wavenumber 1 to about £0.25 for wavenumber 180. This
implies that the initial perturbations (i.e., 12-h perturba-
tions as a proxy) at larger scales can potentially capture a
greater variance in analysis error at these corresponding
spatial scales compared to smaller scales. In other words,
the initial perturbation fields are more effective in simula-
ting or representing analysis error fields for larger-scale,
spatially coherent structures. This is essentially attrib-
uted to the reduced effective degrees of freedom (DOF)
in larger-scale atmospheric dynamics. Moreover, the posi-
tive and negative PCCs are nearly symmetric across all
wave numbers, resulting in a mean PCC close to zero
(see the black solid curve). This highlights the efficacy of
the EnKF initial perturbations at NCEP in the random-
ness and equal possibility of the sampling, despite the
EnKF scheme not using the positive and negative paired
initial perturbations (Wei and Toth, 2003; Wang et al.,
2014). Such performance makes the identification of
possible future scenarios in an equally likely and un-
biased manner.

It is noteworthy that the error magnitudes in in-
dividual ensemble members, relative to the true re-
ference (i.e., the control analysis), present an overall nar-
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rower range moving from larger to smaller scales
(Fig. 9), which is closely related to the directional
sampling performance of initial perturbations in Fig. 8.
For larger-scale variable fields, it is more likely to gene-
rate perturbed initial members with comparable or even
higher accuracy relative to the control analysis (see also
Fig. 10) due to the enhanced directional sampling (i.e.,
higher perturbation—error correlation). In contrast, the
initial sampling of small-scale errors is more like a ran-
dom sampling with much less knowledge and informa-
tion about small-scale analysis error covariance in a
higher dimensional space. This underscores the conside-
rable challenges involved in generating initial perturba-
tions for meso- and convective-scale ensemble forecas-
ting, where accurate representation of small-scale dy-
namics is crucial for short-term forecasts.

Similar to Fig. 4, the scatter plots present in Fig. 10
exhibit the relationship between initial (12 h as a proxy)
ensemble perturbations and errors over the NH in their
magnitude and direction between all members and
samples for wave numbers 1 (Fig. 10a), 30 (Fig. 10b),
and 180 (Fig. 10c) of 500-hPa 7, while 500-hPa U
presents qualitatively similar results (figures not shown).
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Fig. 9. As in Fig. 8, but for the standardized RMSE of perturbation members from the true reference over the NH. The gray dashed line is the

reference line for RMSE of one.
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Fig. 10. As in Fig. 4, but for wave numbers (a) 1, (b) 30, and (c) 180 of 500-hPa 7. Their maximum and minimum perturbation—error correla-
tions are highlighted by red (wave number 1), orange (wave number 30), and green (wave number 180) dashed lines. The stars represent the
mean values of the x-axis and y-axis components of all perturbation members for wave numbers 1 (red), 30 (orange), and 180 (green).

The distance between individual black dots and the point
(0, 1) represents the magnitude of the initial perturbation.
The results show that while the mean magnitudes of ini-
tial perturbations are overall close to one (see the stars),
i.e., the magnitude of analysis error, there is consider-
able variability in perturbation magnitudes across mem-
bers. For the selected wave numbers, the perturbation
[i.e., distance between black scatters and the point (0, 1)]
components along the analysis error (y-axis, predomi-
nantly less than 0.5) are markedly smaller than those or-
thogonal to analysis error (x-axis, mostly from 0.5 to
1.5). This indicates that the wave components in initial
perturbed members are overall less accurate than the cor-
responding wave components in the control analysis,
similar to the full initial fields in Fig. 4. However, the
initial perturbations at larger scales (e.g., wave number 1)
show an overall greater projection (38.87%, 27.09%, and
22.27% for wavenumbers 1, 30, and 180, respectively)
on the analysis error vector (i.e., a larger expansion angle
by the red dashed lines), resulting in a somewhat higher
number of perturbed members exhibiting lower error
compared to the control analysis (1.89%, 0%, and 0% for
wavenumbers 1, 30, and 180, respectively), i.e., more
black dots are located within the black arc. This result is
consistent with those in Figs. 8, 9, indicating that the ini-
tial ensemble members perform better in representing the
truth at larger scales than at smaller scales.

6.4 Sensitivity of initial sampling performance
to domain size

This subsection explores the initial sampling perform-
ance within a localized area, specifically Eastern China
(ECN, ranging from 21° to 38.5°N and 113° to 123°E),
which encompasses approximately 11% of the NH re-
gion. The range of PCCs between initial perturbations

and analysis errors broadens for all wave scales when fo-
cusing on this smaller region. This effect is particularly
notable for larger wave scales compared to smaller ones
(see dashed lines in Fig. 8). This expansion in range sug-
gests that the performance of directional sampling, or the
explained error variance by perturbations is highly de-
pendent on the dimension of perturbation and error vec-
tors. Furthermore, the comparative analysis of the NH
and ECN in Fig. 8 implies that the same initial perturba-
tion may perform better in directional sampling in cer-
tain regions while performing worse in others. Such
behavior appears to be random. The discrepancy in samp-
ling effectiveness between larger and smaller scales wi-
thin a confined region underscores the potential need for
blending different schemes for various scales in the ge-
neration of perturbations within a regional ensemble pre-
diction system. Taking convection-scale ensemble fore-
casting as an example, generating initial large scale to
mesoscale perturbations may focus on better represent-
ing the physically consistent and spatially coherent error
structures of weather systems. This can provide reason-
able environmental forcing for convection development
and improve the accuracy of longer-range ensemble fore-
casts. For smaller scales such as convection storms, how-
ever, it might be more critical to sample its uncertainties
in intensity and position. This can be achieved through
strategies such as assimilating radar observations and in-
corporating fine-scale local topographical data.

7. Ensemble sampling of forecasts

7.1 Temporal variation of spread—error correlation

One of the most critical roles of ensemble forecasts is
to quantify forecast uncertainties through the ensemble
spread. Figure 11 shows the spread—error correlation
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across large (red), intermediate (orange), and small
(green) scales of 500-hPa 7 and U as a function of lead
time. The spread—error correlation is computed as the
sample mean of the spatial correlation over the NH. As
demonstrated in Barker (1991), the spread—error correla-
tion is generally below 0.5 even in the mid-level tropo-
sphere of the NH extratropics, where there is no model
systematic errors and model dynamics and physics are
accurately represented. However, the ensemble forecasts
across the three wave bands exhibit distinct characteris-
tics of the spread—error relationship. At a 12-h lead time,
the large scale demonstrates the lowest spread—error cor-
relation, followed by the intermediate and small scales
for both variables, which is similar to that in Fig. 6. The
initial spread—error correlation for the full fields and the
intermediate scale is similar, ranging from approxi-
mately 0.40 to 0.45. This correlation is much higher than
that using the bred vector as initial perturbations [about
0.13 as shown in Whitaker and Loughe (1998)], suggest-
ing that there have been significant improvements in cap-
turing the statistics of analysis errors in ensemble sys-
tems since 1998. It could be possible that the EnKF per-
turbations may be more effective than the bred vectors in
capturing the statistics of analysis errors.

For 500-hPa T, the spread—error correlation of the full
ensemble fields (black line) increases in the short range,
peaks at about 0.50 around day 3.5, and then gradually
declines to about 0.25 by day 16. This behavior is quali-
tatively similar to Fig. 4 in Whitaker and Loughe (1998)
and is predominantly contributed by the large- and inter-
mediate-scale ensemble. The large- and intermediate-
scale ensembles exhibit qualitatively similar temporal
variations in spread—error relationship. However, the
large-scale ensemble shows a peak at approximately day
4.5, while the intermediate-scale ensemble reaches its
peak at around day 2.5. This suggests that the short-range

increase in the spread—error correlation is likely due to
the quasi-linear error growth regime of initial perturba-
tions and errors with similar dynamic instabilities. Be-
yond this stage, the influence of nonlinear dynamics be-
comes apparent, leading to a gradual reduction in the
similarity between spread and error. Notably, the varia-
tion in the spread—error correlation of large-scale en-
semble, due to its dominant variance, aligns closely with
that of full ensemble fields beyond five days (cf. red and
black lines). In contrast, owing to the much shorter pre-
dictability at small scales (typically a few hours), their
spread—error correlation decreases from the beginning
but remains the highest through all the lead times. This is
possibly because these small-scale perturbations and er-
rors become random noises, the frequency and amp-
litude of which are modulated by larger-scale local for-
cing like topography (Berner et al., 2009; Wang et al.,
2014; Bai et al., 2021), and air-sea breeze (Coutinho et
al., 2004; Chen et al., 2016; Yang et al., 2024).

The results for 500-hPa U are generally similar to
those for 500-hPa 7 (Fig. 11). However, there is no short-
range increase in spread—error correlation for interme-
diate-scale and full ensemble fields in the case of 500-
hPa U. This is possibly due to the much shorter range of
linear dynamics for zonal wind compared to temperature
(Sardeshmukh and Hoskins, 1988; Ting, 1996). Addi-
tionally, the spread—error correlation for small scales of
500-hPa U is substantially higher than other scales
through all lead times, which is more pronounced com-
pared to the difference for 500-hPa T.

7.2 Temporal variation of perturbation—error
relationship

Figure 12 shows the temporal variation of the maxi-
mum, minimum, and mean PCCs between ensemble per-
turbation and ensemble mean error fields over NH for
large, intermediate, and small scales. The PCC range for
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spectively. Note that all the black lines, representing the mean values for different scales, are superimposed on top of each other.

both large and intermediate scales increases during the
initial few days (about 4.5 days for large scales and 2.5
days for intermediate scales). This could be attributed to
the initial transient linear growth regimes of perturba-
tions and errors, which drive their projection onto the
leading Lyapunov vector (Kalnay, 2002). This is evi-
denced by the fact that the timing at which the en-
sembles reach a saturated level closely corresponds to the
peak time of their spread—error correlation (Fig. 11). Sub-
sequently, the PCC range for large scales maintains an
approximately saturated level for both variables, despite
a loss of predictability. This could be explained by the
gradual decrease of the effective DOF of perturbations
and errors, as their energy accumulates at larger scales.
In contrast, the PCC range for small scales decreases stea-
dily from the beginning to the end at a rather slow rate.

8. Conclusions and discussion

This study examines the multi-scale characteristics of
ensemble perturbations in sampling errors in both initial
analyses and forecasts. The ensemble forecast data ana-
lyzed are from the operational GEFS at NCEP, covering
the period from 1 December 2020 to 28 February 2021.
Two representative variables, zonal wind (U) and tem-
perature (7), were evaluated at 500 hPa in the midlati-
tudes over NH. For a quantitative assessment, we em-
ployed two metrics, including the PCC between en-
semble spread and ensemble mean error magnitude (i.e.,
spread—error correlation) and the PCC between en-
semble perturbations and ensemble mean errors (i.e., per-
turbation—error correlation). These metrics assess the per-
formance of ensemble sampling in terms of both mag-
nitude and direction, respectively.

The results indicate that the sampling performance of
initial ensemble perturbations varies significantly across
different spatial scales. For sampling in terms of mag-
nitude, the spread—error correlation is higher at smaller
scales compared with larger scales. This can be attri-
buted to the highly localized nature of small-scale per-
turbation and error, whereas large-scale perturbations and
errors tend to cover broader regions and exhibit notable
phase deviations in certain regions. In contrast, the direc-
tional sampling shows an opposite trend. The initial per-
turbations at larger scales can better capture or represent
analysis error for spatially coherent, large-scale struc-
tures compared to smaller scales. This difference in
multi-scale sampling becomes even more pronounced for
smaller domains. The decrease in perturbation—error cor-
relation at smaller scales is likely due to an increase in
the effective DOF. The contrast between sampling in
magnitude and direction suggests that, for large-scale
analysis errors, it may be more important to accurately
sample the spatial covariance and coherence of these ana-
lysis errors, benefiting longer-range ensemble forecasts.
On the other hand, for small-scale analysis errors, the fo-
cus may need to be on representing the magnitude or
strength of these errors, which tend to be more random,
as seen in phenomena like convective storms.

Our results indicate that, in addition to initial
sampling, ensemble sampling during the forecast also
varies across different spatial scales. In terms of spread—
error correlation, both large- and intermediate-scale com-
ponents exhibit similar behavior to the full ensemble
fields, characterized by a gradual increase during the
early stages, followed by a decline at longer lead times.
Notably, the spread—error correlation peaks later for large
scales (approximately day 4.5) compared to intermediate
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scales (around day 2.5), which is attributable to differ-
ences in the duration of linear error growth dynamics. In
contrast, due to the significantly shorter predictability at
small scales (typically a few hours), their spread—error
correlation decreases from the beginning of the forecast
but remains the highest across all spatial scales through-
out the forecast period. This persistent high correlation
may be attributed to the influence of predictable larger-
scale environmental circulation, as well as localized for-
cing mechanisms that contribute to small-scale uncer-
tainties. These include mesoscale wind shear and jet, to-
pographic influences, and ocean—land thermodynamic
effects. The temporal evolution of spread—error correla-
tion of the ensemble forecast is initially dominated by
intermediate-scale components during the first few days
and subsequently by large-scale components as the lead
time increases.

Unlike spread—error correlation, the correlation be-
tween perturbations and errors consistently exhibits
higher values for larger spatial scales throughout the
forecast lead times. For both large and intermediate
scales, the perturbation—error correlations increase gra-
dually during the initial stages, eventually stabilizing as
the DOF in the perturbation and error fields decrease
over longer lead times. In contrast, the perturbation—
error correlation for small scales declines steadily from
the beginning and remains the lowest among all scales
throughout the entire forecast period.

From a multi-scale sampling perspective, this study
offers a systematic and quantitative assessment of the re-
lationship between ensemble perturbations and errors in
terms of both magnitude and direction at initial and fore-
cast times. The findings suggest that the keys for effec-
tive ensemble generation differ across spatial scales. For
larger scales, it is both possible and necessary to sample
the long-distance spatial covariance of initial condition
errors by improving the accuracy of ensemble perturba-
tion covariance. This enhances the ability of initial en-
semble members to represent the true atmospheric state,
thereby producing an ensemble forecast that better cap-
tures the actual conditions. However, for small scales,
sampling the spatial coherence of errors is highly chal-
lenging due to the large DOF. In this case, the critical
factor is estimating the statistical characteristics of errors,
such as the magnitude of error in the intensity and loca-
tion of convective storms. This requires the development
of high-resolution models and improved convective-scale
simulation capabilities. Future research could extend this
work by applying convection-resolving models to high-
resolution ensemble forecasting of real multi-scale
weather events, such as squall lines. Furthermore, it is

Ma, L., J. Feng, J. C. Pu, et al. 71

worth noting that the keys for effective ensemble genera-
tion across different spatial scales were identified using
the NCEP GEFS data. In the future, validation using data
from other ensemble forecasting systems will be neces-
sary to strengthen and generalize these conclusions.
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