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ABSTRACT

The combined nonlinear forcing singular vectors (C-NFSVs) method combines initial and model perturbations and
accounts for the collective effect of initial and model uncertainties in ensemble forecasts through the nonlinear forcing
singular vector (NFSV; also referred to as CNOP-F) approach. We apply C-NFSVs to the Weather Research and
Forecasting (WRF) model and investigate the forecast uncertainty of the 2 m temperature over southern China during four
major sequential periods of the 2008 extreme cold event. The results show that compared with scenarios considering only
initial or model perturbations, C-NFSVs can provide more reliable ensemble forecasts. Furthermore, the C-NFSVs reveal
that the 2 m temperature forecast uncertainties are predominantly sensitive to uncertainties in the upstream circulation
system, whereas sensitivity to initial and model uncertainties varies across different periods of the cold event. The early
period of the extreme cold event tends to propagate forecast uncertainty, as represented by the C-NFSVs ensemble spread
from the upstream circulation to southern China following the background circulation. However, the forecasts of later
periods present spread-characterized uncertainty that persists in the upstream circulation while remaining in contact with
the background circulation and continuously propagating its effect downstream to southern China. This mechanism
indicates that forecast uncertainties are dominated by initial uncertainties in the forecasts of the earlier period, whereas
model uncertainties play a much more significant role in the forecasts of later periods. These findings highlight the potential
of the C-NFSVs method in identifying the source of forecast uncertainty and delivering skillful forecasts for extreme cold
events.
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Article Highlights:

* C-NFSVs are first applied to the WRF model to study the ensemble forecasts of extreme cold events.

¢ C-NFSVs provide reliable ensemble forecasts for extreme cold events by capturing forecast uncertainty effectively.

* Analysis of the ensemble spread from C-NFSVs offers a potential approach to identifying sources of forecast uncertainty
in extreme cold events.

Introduction

ing serious threats to public safety (Wang and Ding, 2006;

Extreme low-temperature events (also referred to as
cold waves), as one of the primary weather phenomena during
winter, have widespread impacts, often affecting large
regions of China. These events typically involve significant
temperature drops, along with snow and freezing precipita-
tion, often resulting in considerable economic losses and pos-
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Wei, 2008; Ryti et al., 2016). In recent years, China has expe-
rienced a growing number of extreme cold events. Notable
examples include the 2008 early-year low-temperature and
freezing rain disaster (Tao and Wei, 2008), the nationwide
cold wave in January 2016 (Jiang et al., 2016; Yamaguchi
et al., 2019), the East Asian extreme cold event during the
winter of 2020 (Zhang et al., 2021; Zheng et al., 2022), and
the widespread cold wave in early 2024 (Xie et al., 2024;
Yuet al., 2024). However, for these events, the European Cen-
tre for Medium-Range Weather Forecasts (ECMWF), a
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leader in weather prediction, gave inadequate estimates of
forecast uncertainty, even when the cold signals were cap-
tured in the forecasts [see Fig. S1 in the electronic supplemen-
tary material (ESM) and section 4]. This limitation highlights
the crucial need to identify the underlying sources of forecast
uncertainties, improve their estimation, and enhance the abil-
ity to predict extreme cold events.

Uncertainty in numerical weather forecasting typically
arises from uncertainties in initial conditions and numerical
models (Lorenz, 1969, 1982; Toth and Vannitsem, 2002; Van-
nitsem and Toth, 2002; Nicolis et al., 2009). This inspires
us to identify the underlying sources of forecast uncertainty
from the perspective of whether they stem from initial or
model-related factors. Notably, a reliable ensemble forecast
system not only enables the estimation of forecast uncertainty
and provides probabilistic forecasts for specific events but
also characterizes the uncertainty arising from initial or
model errors (Palmer, 2000; Buizza, 2019). Among the
above extreme cold events, the 2008 cold wave that struck
southern China was one of the most typical and highly influ-
ential cases (Li et al., 2022; Qing et al., 2025). It brought
about severe low temperatures, freezing precipitation, and
widespread snowfall (Ding et al., 2008; Tao and Wei, 2008;
Wanget al.,2009), resulting in devastating impacts and exten-
sive losses to the economy, energy supply, and human liveli-
hoods (Li et al., 2008; Ma et al., 2011). In this study, we
take the 2008 extreme cold event as a representative case to
investigate its forecast uncertainty from an ensemble forecast-
ing perspective and analyze the sources. We attempt to
explain the reasons behind the ECMWF’s underestimation
of forecast uncertainties.

Areliable ensemble forecast generally provides an ensem-
ble spread comparable to the ensemble mean forecast error
and accurately reflects the forecast uncertainty (Leutbecher
and Palmer, 2008; Fortin et al., 2014; Hopson, 2014). How-
ever, for the 2008 cold event, which can be divided into
four cold and freezing disaster periods (11-16 January,
18-22 January, 25-29 January, and 31 January to 2 Febru-
ary), the ensemble forecasts produced by the ECMWEF (data
source: TIGGE database; Bougeault et al., 2010; ECMWF,
2015; Swinbank et al., 2016; Leutbecher et al., 2024) show
evident underdispersion. Specifically, the ensemble spreads
for these four periods are smaller than the root-mean-square
error (RMSE; see Appendix A) of the ensemble mean fore-
casts of the 2 m temperature. This underdispersion reflects a
notable underestimation of forecast uncertainty (see Fig. S1
in the ESM). In the ECMWEF ensemble forecasting system,
the initial perturbation method used was singular vectors
(SVs; Buizza and Palmer, 1995; Molteni et al., 1996), while
the model perturbation method employed was the stochastic
perturbation of physical tendencies (Buizza etal., 1999).
SVs are insufficient to fully capture the amplification of initial
errors in a nonlinear regime, whereas the model perturbation
method may struggle to represent the rapid nonlinear
growth of model errors (Anderson, 1997; Hamill et al.,
2000; Duan et al., 2023a; Zhang et al., 2023a; Zhang et al.,

2023b). The underdispersion may therefore stem from the lim-
itations of both the initial and model perturbation methods.

To overcome the linear limitations of SVs, Duan and
Huo (2016) proposed the method of orthogonal conditional
nonlinear optimal perturbations (O-CNOPs). This approach
extends SVs to nonlinear systems and identifies a set of mutu-
ally orthogonal initial perturbations, which tend to exhibit
the greatest nonlinear evolution within their respective sub-
phase spaces (see also Huo etal., 2019; Huo and Duan,
2019; Zhang et al., 2023a). Compared with traditional meth-
ods such as random perturbations, breeding vectors, and
SVs, this method has already demonstrated advanced forecast
skill and better characterization of forecast uncertainty for
tropical cyclone (TC) tracks (Huo et al., 2019; Duan et al.,
2023a, 2023b; Zhang et al., 2023a). In fact, the O-CNOPs
method has been recognized as an important approach in an
ensemble forecast handbook, alongside traditional methods
(Du et al., 2019).

With respect to model perturbations, as previously dis-
cussed, perturbation methods based on stochastic physics
schemes have limitations in capturing the nonlinear growth
of model errors, which contributes to the issue of underdisper-
sion in ensemble forecasts (Duan etal., 2023a, 2023b;
Zhang et al., 2023b). To address this awkwardness, the
method of orthogonal nonlinear forced singular vectors (O-
NFSVs) was subsequently developed (Duan etal., 2022;
Zhang et al., 2023b). O-NFSVs represent a set of mutually
orthogonal model tendency perturbations that produce the
fastest growth within their respective subspaces. This
method has already been applied to the ensemble forecasting
of TCs, demonstrating better forecast skill for both intensity
and track than traditional stochastic physics schemes (Duan
et al., 2023a, 2023b; Zhang et al., 2023b).

Real forecast systems always contain both initial errors
and model errors simultaneously. Therefore, ignoring either
one or their interactions limits the ability of ensemble fore-
casts to accurately represent forecast uncertainty and subse-
quently diminishes the forecast skill (Nicolis et al., 2009).
Inlight of this, Duan et al. (2022) proposed the combined non-
linear forcing singular vectors (C-NFSVs) method. This
method generates a group of rapidly growing perturbations
that account for the combined effects of initial and model
errors based on the NFSV framework while ensuring their
coordinated growth. For the 2008 extreme cold event, as pre-
viously mentioned, the ECMWF ensemble forecasts generate
initial and model perturbations separately and do not consider
the interactions between them. This lack of dynamic coordina-
tion of initial and model perturbations may also contribute
to the underdispersion issue in the ECMWF forecast for the
2008 cold event. In contrast, if the C-NFSVs approach is
adopted, it may have the potential to better capture the coordi-
nated growth of both types of errors, thereby offering a possi-
ble advantage in generating a more ideal set of ensemble
members. In this study, we use the Weather Research and
Forecasting (WRF) model to compute the C-NFSVs ensem-
ble during the 2008 extreme cold event and validate its effec-
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tiveness. We focus on assessing whether this method can bet-
ter capture the forecast uncertainty of 2 m temperature over
southern China and enhance the reliability of ensemble fore-
casts. By applying this approach, we aim to identify the
exact source of forecast uncertainty and explore the distinct
roles of initial and model perturbations, eventually interpret-
ing the reason why the ECMWF forecasts tended to underesti-
mate uncertainty during this event.

The rest of the paper is organized as follows. Section 2
introduces the WRF model, the data sources, and the C-
NFSVs approach. Section 3 outlines the experimental strategy
and the relative configurations. Section 4 presents the ability
of the ensemble forecasts generated by C-NFSVs to capture
the forecast uncertainty during the 2008 event and evaluates
both their deterministic and probabilistic forecast skills,
along with the underlying mechanisms. Section 5 highlights
the role of the ensemble spread generated by C-NFSVs in
identifying the sources of forecast uncertainty while also
examining the distinct effects of initial and model perturba-
tions. Finally, further discussion and conclusions are provided
in sections 6 and 7, respectively.

2. Model, data, and methods

This study, as mentioned in the introduction, explores
the forecast uncertainties of cold waves by applying the C-
NFSVs method in the WRF model, with the 2008 extreme
cold event over southern China serving as a representative
example. To assist readers, we provide in this section an
overview of the WRF model and associated data, as well as
the C-NFSVs method proposed by Duan et al. (2022).

2.1. Model and data

In this study, we utilize version 3.9.1 of the WRF
model. Considering computational efficiency, acoarse-resolu-
tion model was used when calculating the C-NFSV perturba-
tions, with a horizontal resolution of 1° (approximately
100 km), covering a grid of 60 x 50 points. For ensemble fore-
casting, however, a high-resolution configuration was
adopted, with a horizontal resolution of 0.25° (approximately
25 km), encompassing a grid of 240 x 200 points. The
model includes 45 vertical layers, with the top level set at
50 hPa. The model domain covers the region from 20°N to
70°N and from 60°E to 120°E, including the key circulation
systems that influenced the extreme cold event in January
2008, as well as the areas in southern China that were
severely affected by the event. Notably, since calculating C-
NFSV perturbations requires corresponding gradients, we
also utilized the WRFV3.9.1 adjoint model. The initial and
boundary conditions for driving the model integration were
provided by the operational Global Forecast System (GFS)
forecast data, with a resolution of 0.5° x 0.5°. To evaluate
the forecast skill, the fifth generation ECMWF atmospheric
reanalysis (ERAS) was used as the reference truth, with areso-
lution of 0.25° x 0.25°.

2.2. The C-NFSVs method

Consider a nonlinear system in a domain Q with initial
error uy and model tendency errors f(x,7); according to the
definition in Duan et al. (2022), the corresponding forecast
error ur at time 7 can be represented by

ur = My (£) (Up +up) - M7 (Uo) . (M

where Uj is the initial state, M7 denotes the nonlinear propa-
gation operator (i.e., numerical model), and M7 (f) represents
the propagation operator in the presence of model tendency
error f. On this basis, the maximization problem for calculat-
ing the C-NFSVs can be expressed as follows [see Duan
et al. (2022)]:

J(f;)={nE%x||MT(fj)(U0+rfj)—MT(Uo)||b ) )
J J
where

L= fl e Rn’”fllla S O-f’
T e RN, < o6 £ LQuk =1, j— 1}, > 1,

3)

||-]la and || - || represent the norms used to measure the ampli-
tudes of the perturbations and the objective function, respec-
tively. Note that to simplify the problem, we assume that
the initial and model perturbations share the same pattern
and have the same growth direction, i.e., ug = rf. This simpli-
fication is supported by the fact that model errors are also
amplified by the chaotic mechanism that governs the
growth of initial errors, after which the evolution of model
perturbations approaches that of the initial perturbations
over time (Vannitsem, 2006; Nicolis et al., 2009). The ratio
of the amplitude of the initial perturbation to that of the
model perturbation is denoted as r, defined as r = oy/o¥.
Thus, the C-NFSVs are defined by the combined modes
(f”f;,f;), which consist of two components: the initial pertur-
bation component rf;f and the model perturbation component
f;f. In the ensemble forecasts, the former is added once to
the control forecast at the initial time (“one-time” addition),
while the latter is continuously superimposed throughout
the entire forecast. To solve the maximization problem
shown in Eq. (2), we use the Spectral Projected Gradient 2
(SPG2; Birgin et al., 2000) algorithm, with the gradient of
the objective function J (fj) obtained through the adjoint
WRF model.

3. Experimental strategy and configuration

To calculate the C-NFSVs that characterize the uncer-
tainty in 2 m temperature forecasts during the 2008 event
over southern China, the objective function here is defined
within this region (25°-35°N, 105°-120°E), covering a grid
of 57 x 41 points. It represents the difference in 2 m tempera-
ture between the perturbed and control forecasts at prediction
time 7, as expressed in Eq. (2), where M denotes the WRF
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model. The perturbed variables include the meridional and
zonal wind fields, as well as the potential temperature,
which play key roles in the advection of temperature, the pri-
mary factor contributing to surface cooling during the event
(Ding et al., 2008; Tao and Wei, 2008; Wang et al., 2009).
To measure the model perturbation, we adopt the energy
norm, given by the following equation:

il = f
D

where w’,v’, and 6’ represent the perturbations in the zonal
wind field, meridional wind field, and potential tempera-
ture, respectively. g is the acceleration due to gravity, N repre-
sents the Brunt—Viisila frequency, and 8 =300 K is a physical
constant.

The reliability of the ensemble forecasts generated by C-
NFSVs depends on several factors, including the number of
ensemble members, the optimization time [i.e., T in Eq.
(2)], and the amplitudes of both the initial and model perturba-
tions (Duan and Huo, 2016; Duan et al., 2022). The selection
of these parameters is based on experimentation. The ensem-
ble members consist of the control forecast and perturbation
forecast pairs created by adding and subtracting the C-
NFSVs. We found that when calculating up to the fifth C-
NFSV, the ensemble already exhibited a sufficient spread to
capture the forecast uncertainty, leading us to select 11 ensem-
ble members. With respect to the optimization time 7, an
excessively long optimization time can cause instability in
the adjoint model, whereas a short optimization time fails to
ensure sufficient spread in the later stages of the forecast. In
light of these considerations, we chose an optimization time
of three days. For the amplitude of the initial perturbations
(Zhang et al., 2023a), we referred to the magnitude of the ini-
tial analysis errors, defined as the difference between the
GFS initial fields and the corresponding ERAS reanalysis.
On the basis of the L? norm in Eq. (4), the magnitude of
these errors is approximately smaller than 10 J kg=l. A
small amplitude would not allow the perturbations to
develop sufficiently, whereas a large amplitude could cause
numerical instability in the model. To balance sufficient per-
turbation growth with model stability, the initial perturbation
amplitude was set to 1 J kg~! through sensitivity experi-
ments. For the amplitude of the model perturbations (Zhang
et al., 2023b), we estimated the magnitude using the differ-
ence between two consecutive integration steps of the per-
turbed variables and took (10% —20%) of this difference.
On the basis of this approach, we selected three model pertur-
bation amplitudes: o =1x10"1Tkg ' s,
op=5x10""Tkg's!, and op=3x10""Tkg s
Combined with the predetermined initial perturbation ampli-
tude, the ratio r was then determined through the definition
r=o7p/or [see Eq. (2)].

From the above discussion, the ensemble parameters
are predetermined: the number of ensemble members is 11,
the optimization time is 3 days, and the initial perturbation

2
u?iy? +(_i) e’z]dD, @)
No

amplitude is 1 J kg~!. It is obvious that only the model pertur-
bation amplitude still remains uncertain  when
o =1x10""Tkg s, op=5x10""Tkg's!, and
o3 =3x10"""Tkg!' s~ are considered. Therefore, to test
which amplitude of model perturbation ensures a much
more reliable ensemble forecast, we conduct 12 sensitivity
experiments by applying C-NFSVs of model perturbation
amplitudes oy, 072, and o3 with other predetermined ensem-
ble parameters to the forecasts of the four periods in the
2008 cold event. Table 1 lists the 12 experiments E; ~ E|,
where for example, E;, E4, E7, and E|g in the first column
represent the experiments in which the C-NFSVs are calcu-
lated using the model perturbation amplitude oy for each of
the forecast periods.

Notably, for computational efficiency, C-NFSVs are cal-
culated at a coarse resolution of 1°. Then, bilinear interpola-
tion is applied to upscale the perturbations from 1° to 0.25°
for use in the ensemble forecasts, following a similar
approach as in Zhang et al. (2023a, b). The ratio of the ensem-
ble spread to the RMSE of the ensemble mean forecast aver-
aged over the four periods as a function of the forecast lead
time is shown in Fig. 1. A ratio closer to 1 indicates a more
reliable ensemble forecast, where the ensemble spread better
represents the forecast uncertainty. As shown in Fig. 1, we
selected o3 as the optimal model perturbation amplitude to

Table 1. Twelve groups of experiments for selecting the optimal
model perturbation amplitude.

Forecast period Model perturbation amplitude

of1 o2 013
20080109T00-16T00 E; E; E3
20080115T00-22T00 E4 Es Eg
20080122T00-29T00 E7 Eg Eqg

20080128 T00-0204T00 Eyo En Ep

2.5 . . . . .
2.0

®

215

x

e]

o

5 1.0

n

== 0,=1x107" J/(kg s)

0.5} ——;,=5x10"" J/(kg s)
== ,=3x107" J/(kg s)
0 L L L L L
1 2 3 4 5 6 7

Lead time (d)

Fig. 1. Temporal variability of the spread—RMSE ratio for the
C-NFSVs ensemble forecasts of 2 m temperature in southern
China, as averaged for the four periods of the 2008 event. The
three colored dotted lines represent different model
perturbation amplitudes.
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further investigate the ability of the ensemble forecasts gener-
ated by C-NFSVs to capture the forecast uncertainty. The
ensemble forecast reliability here involves deterministic fore-
cast reliability, measured using the spread—-RMSE ratio as
described earlier, and probabilistic forecast reliability,
assessed using reliability diagrams (RDs). In addition, we
examine the deterministic and probabilistic forecast skill of
the C-NFSVs ensemble for this event, including improve-
ments in the RMSE for deterministic forecasts and the Brier
score (BS; Brier, 1950) and relative operating characteristic
(ROC; Mason, 1982) curves for probabilistic forecasts.
Detailed definitions for these metrics are provided in
Appendix B.

4. Capability of the ensemble spread
generated by C-NFSVs in representing
forecast uncertainty

In this section, we generate reliable ensemble forecasts
using the C-NFSVs method and analyze the uncertainty in
the 2008 extreme cold event forecasts.

4.1. Reliability of ensemble forecasts generated by C-

NFSVs

Under the optimal parameter configuration identified in
section 3, Fig. 2 presents the temporal evolution of the
spread—RMSE ratio (see Appendix A) for the ensemble fore-
casts generated by the C-NFSVs. The results are averaged
over the four forecast periods associated with the 2008
extreme cold event (see Table 1). We also provide in Fig. 2
the spread—RMSE ratio of the ensemble forecasts generated
by separately adding the initial and the model perturbation
components of the C-NFSVs. It is evident that the C-NFSV
perturbations achieve a spread—RMSE ratio much closer to
1 throughout the entire forecast stage. In contrast, the initial
component of the C-NFSVs yields a ratio close to 1 in the
early stage but deviates substantially in the later stage,
whereas the model component exhibits the opposite behav-
ior. Obviously, the initial and model perturbation components

25

=@= C-NFSVs (a)
==@==Initial Component

[ ==@== Model Component
=@= O-CNOPs

Spread/RMSE

Lead time (d)

of the C-NFSVs provide reasonable dynamics (Nicolis
et al., 2009; Duan et al., 2022) for ensemble forecasts in
explaining forecast uncertainties. Consequently, the C-
NFSVs maintain strong ensemble reliability throughout the
forecast and provide a spread that represents forecast uncer-
tainty much more effectively over time. Moreover, we find
that the ensemble forecasts generated by the C-NFSVs
show the greatest improvement in the RMSE during the
four periods of the 2008 event. The improvement is evident
over the latter four days of each forecast, with the ensemble
mean closer to the truth than in the other scenarios. Averaged
over these latter four days, the improvements in the RMSE rel-
ative to the control forecast reach 5.04% for the C-NFSVs,
3.39% for their initial component, 3.37% for their model com-
ponent, and 2.90% for the O-CNOPs (Fig. 2). Although the
C-NFSV ensemble forecasts did not effectively reduce the
RMSE in the early forecast stage, especially at the three-day
lead time (Fig. 2b), their spread—-RMSE ratio remained
close to 1, as shown in Fig. 2a. In contrast, the ratios in the
scenarios with only one type of perturbation deviated much
more from 1. This finding indicates that the C-NFSVs provide
a more accurate estimation of forecast uncertainty and better
ensemble reliability. It should be noted that good reliability
does not necessarily imply a lower RMSE, as reliability
reflects the ability of an ensemble to represent the forecast
uncertainty rather than its absolute accuracy.

Apart from deterministic forecasts, the reliability and
skill of probabilistic forecasts are also crucial metrics for eval-
uating ensemble forecasts. During the 2008 extreme cold
event, as introduced in section 1, freezing precipitation
caused significant impacts in southern China, in addition to
the damage caused by low temperatures. Some studies sug-
gest that a 2 m temperature below 0°C might serve as a critical
indicator of the occurrence of freezing precipitation (Zhao
and Sun, 2008; Qi, 2012). As another important aspect of
the ability of the ensemble to capture the forecast uncer-
tainty, we evaluate its probabilistic forecast reliability. This
evaluation is based on the binary event of whether the 2 m
temperature at each grid point in the region of interest
decreases below 0°C. In this assessment, we focus on the fore-

20%

m=@= C-NFSVs (b)
15% |  ==@emInitial Component

==@== Model Component

10% | =«@= O-CNOPs

5% L

0%

Reduction in RMSE (%)

5% L

Lead time (d)

Fig. 2. (a) Spread—RMSE ratio of the ensemble forecasts generated by C-NFSVs, their initial and model
perturbation components, and O-CNOPs for the 2 m temperature in southern China. (b) Reduction in the
RMSE relative to the control forecast under different scenarios.
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casts for the last four days of each forecast period, which cor-
respond to the four freezing disaster periods highlighted in
the introduction when freezing precipitation was most concen-
trated. Figure 3 suggests that C-NFSVs provide the most
reliable ensemble forecasts, with the RD line closest to the
diagonal. This finding indicates that their forecast probabili-
ties for grid points where the 2 m temperature falls below
0°C most closely align with the observed frequencies com-
pared with scenarios considering only initial or model pertur-
bations. Additionally, the ROC curves (Fig. 3), used to
assess the ability of the forecast to discriminate between
events and non-events, show that the ensemble forecasts gen-
erated by C-NFSVs achieve the highest hit rates and the low-
est false alarm rates for predicting the location of the 0°C
isotherm, although the improvements over the other scenarios
are not significant.

The BS, averaged over four periods of the 2008 event
and southern China, is calculated using a sample size of 4 x
4 x 57 x 41, corresponding to four forecast periods, four
days per period, and 57 x 41 grid points within the region of
interest, as shown in Fig. 4. Its spatial distribution (with a
sample size of 4 x 4 per grid point, corresponding to the
four periods and four days per period), also shown in Fig. 4,
is presented as the difference between the forecasts generated
by the initial and model perturbation components of C-
NFSVs and those generated by the full C-NFSVs ensemble.
The ensemble forecasts generated by C-NFSVs exhibit the
smallest BS, indicating relatively high probabilistic forecast-
ing skills for the binary event described above. Further-
more, the spatial distribution shows that the BS differences
between the single-perturbation scenarios and the C-NFSVs
are mostly positive near the 0°C isotherm of 2 m temperature
in the ERAS reanalysis. This means that the C-NFSVs ensem-
ble forecasts generally achieve lower BS values in this
region. This further highlights their relatively high probability
of accurately predicting the location of the 0°C isotherm of

-

(a)

©
©

o
o

o
>

== C-NFSVs

=8= |nitial Component |
=0= Model Component
=0 O-CNOPs

©
o

Observed Relative Frequency

o

0 0.2 0.4 0.6 0.8 1
Forecast Probability

2 m temperature.

Notably, as shown in Fig. 2, when averaged over the
four periods of the 2008 event, the ensemble forecasts gener-
ated by the model perturbation component of C-NFSVs
exhibit a spread—RMSE ratio that nearly approaches that of
the C-NFSVs. This ratio progressively surpasses that of the
ensemble forecasts considering only the initial perturbation
component while also leading to an improvement in the deter-
ministic forecast skill, although the improvement is not signif-
icant. Moreover, as illustrated in Figs. 3 and 4, the probabilis-
tic reliability and forecast skill of the ensemble forecasts
incorporating only model perturbations are also better than
those considering only the initial perturbation component of
the C-NFSVs and approaches those of the C-NFSVs. These
findings suggest that model perturbations seem to play a
more dominant role in estimating forecast uncertainty and
enhancing ensemble forecast skill. This may shed light on
the fact that the uncertainties in the 2008 extreme cold event
forecasts generated by the WRF model are attributable
mainly to model error effects. Given this, we further calcu-
lated the spread—RMSE ratio for the ensemble forecasts gener-
ated by O-CNOPs (see section 2) using the same parameter
configuration as in the C-NFSVs, which is considered capable
of enhancing the ensemble spread and improving the
spread—-RMSE relationship (Duan and Huo, 2016). The
results reveal that the ensemble forecasts generated by O-
CNOPs performed similarly to those of the initial component
of the C-NFSVs and still exhibited weak reliability in the
later stages of the forecast. Therefore, even if the initial pertur-
bations are theoretically optimized to have the greatest
growth, they, similar to the initial perturbation components
in the C-NFS Vs, still considerably underestimate the forecast
uncertainty.

4.2. Why do C-NFSVs provide high ensemble reliability?

In this section, the underlying mechanisms responsible

1 >
c
.0
L
§ 0.8}
A
« 0.6F
o
2
=04
2 =&= C-NFSVs
-8 0.2 == Initial Component |
& : =8= Model Component
=0 O-CNOPs
o0d . . . .
0 0.2 0.4 0.6 0.8 1

Probability of False Detection

Fig. 3. (a) Ensemble reliability curves under different scenarios, where closer proximity to the diagonal line
indicates higher reliability. The average distances of the curves to the diagonal are 0.06, 0.10, 0.07, and 0.11,
corresponding to the ensemble forecasts generated by C-NFSVs, the initial perturbation component of C-
NFSVs, the model perturbation component of C-NFSVs, and O-CNOPs, respectively. (b) ROC curves under
different scenarios, with ROCA values of 0.93, 0.92, 0.90, and 0.89 corresponding to the ensemble forecasts
generated by C-NFSVs, the initial perturbation component of C-NFSVs, the model perturbation component

of C-NFSVs, and O-CNOPs, respectively.
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The BS averaged over four periods

0.15
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n
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0
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Fig. 4. (a) The Brier score (BS) averaged over southern China during the four periods under different scenarios;
relative to the C-NFSVs scenario, the BS values increase by 16.6%, 5.72%, and 21.2% for the other scenarios,
respectively. Spatial distribution of BS differences between the (b) initial components of C-NFSVs and C-NFSVs,
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location of the 0°C isotherm in the ERAS reanalysis averaged over the four periods. The BS values are calculated on
the basis of the binary event of whether the 2 m temperature at each grid point in southern China decreases below

0°C.

for the high reliability of the C-NFSVs ensemble are investi-
gated. Atmospheric circulation anomalies are the direct rea-
sons for the extreme cold events in January and February
2008. The main anomalies include the prolonged
Ural-Siberian blocking, a transverse trough, and an active
southern branch trough (Yang et al., 2008; Zhao and Sun,
2008; Wang et al., 2009; Zuo et al., 2016). These anomalies
are typically characterized by a 500 hPa geopotential height.
The anomalies over mid-to-high latitudes enhance northerly
winds, lead to the accumulation of cold air, and influence
South China via the decay of the transverse trough and south-
ward movement of the Siberian high, as reflected in sea
level pressure (SLP). The active southern branch trough facili-
tated the eastward transmission of anomalies over the
Tibetan Plateau, which also influenced the SLP over southern
China. The convergence of cold air further contributes to
the substantial temperature decline in the region (Zuo et al.,
2016), aside from influencing water transport. To illustrate
these atmospheric circulation systems, a schematic diagram
is shown in Fig. 5.

To understand why the C-NFSVs ensemble effectively
represents forecast uncertainty, we examine the structure of
the C-NFSVs and the evolution of the corresponding ensem-
ble spreads for relevant variables. All these are compared
with the errors of control forecasts to determine whether the
spreads capture the errors. From the structure of the C-
NFSVs, represented by the ensemble spread of the 500 hPa
wind and temperature components (Fig. 6), the perturbations

are often concentrated in the upstream regions of the atmo-
spheric circulation. These regions include areas ahead of the
midlatitude ridge and near the southern branch trough. This
suggests that the forecast uncertainty for 2 m temperature in
southern China is sensitive to the combined effect of initial
and model uncertainties located upstream in the circulation.
Nevertheless, we find that the upstream temperature and
wind uncertainties affect the forecasts of the cold event in
South China in different ways across the four periods. In the
first period, the ensemble spread generated by the C-
NFSVs, which represents the forecast uncertainties, propa-
gates downstream from the upstream circulation to southern
China along the background flow. In contrast, for the later
three periods, the spread representing uncertainty remains
upstream but continues to influence southern China through
sustained interaction with the background circulation. Further
details are provided below.

The evolution of both the ensemble spread and the control
forecast error of the 500 hPa geopotential height for different
lead times in the forecasts of the first period of the cold
event, from 9 to 16 January 2008, are shown in Fig. 7a.
When the C-NFSVs are superimposed onto the control fore-
cast, the geopotential height field responds to the perturba-
tions of the wind and temperature components. The ensemble
spread is concentrated in regions ahead of the midlatitude
ridge and the southern branch trough at the initial stage of
the forecast, similar to the perturbation structures shown in
Fig. 6. As the forecast time progresses, the temperature and
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Fig. 5. Schematic diagram illustrating the atmospheric circulations leading to
the extreme cold event in South China in early 2008.
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Fig. 6. C-NFSV perturbation structures: (a—d) ensemble spread of the velocity of wind perturbations at 500 hPa in
the four forecasts (units: m s~!) and (e-h) ensemble spread of temperature perturbations at 500 hPa in the same
forecasts (units: K). The background field represents the geopotential height from the control forecast at the initial

time in each forecast (blue contours; interval: 100 gpm).

wind perturbations propagate downstream under the influ-
ence of the background circulation. The ensemble spread
region of the geopotential height field then moves to the
low-pressure trough during the middle stage of the forecast,
affecting southern China. The regions with a concentrated
ensemble spread closely align with areas of the control fore-
cast error at the corresponding forecast time. In the later
stages of the forecast, the uncertainty of the 500 hPa geopoten-
tial height, as characterized by its ensemble spread, is trans-
ported eastward by the background circulation and moves
out of the model domain. This reduces its influence on the 2
m temperature forecast uncertainty over southern China.

As previously mentioned, during this event, southern
China was dominated by high-pressure systems centered
over Siberia, whose intensity and spatial extent are typically
represented by SLP. We also examined the temporal evolu-

tion of the ensemble spread and control forecast errors in
SLP over the forecast lead time (Fig. 7b). At the early forecast
stages, the SLP ensemble spread is concentrated over western
China, closely resembling the spread patterns of the upper-
level circulation shown in Fig. 7a. As the forecast pro-
gresses, this spread shifts southeastward and intensifies over
southern China, indicating a baroclinic influence of upper-
level systems on near-surface pressure. Notably, the regions
of concentrated spread in SLP closely coincide with areas of
forecast errors in the control over southern China before
decreasing in the later stages as the upper-level systems exit
the model domain. These results demonstrate that the C-
NFSVs ensemble spread effectively captures the evolution
and location of forecast errors in SLP. This, in turn, directly
contributes to a reliable representation of 2 m temperature
forecast errors and improves the forecasting skill over south-
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Fig. 7. (al1-al4) Ensemble spread of the 500 hPa geopotential height (units: gpm) from the C-NFSV forecasts at
0109T12, 0111T12, 0113T12, and 0115T12. (a21-a24) Forecast errors of the 500 hPa geopotential height from the
control forecast at the corresponding times. In each panel, blue contours (interval: 100 gpm) show the 500 hPa
geopotential height from the control forecast, and the black box indicates the low-pressure trough. Panels (b11-b14)
and (b21-b24) are the same as in (al1-al4) and (a21-a24), but for sea level pressure (SLP; units: hPa). The red box

indicates the southern China region.

ern China.

The above analysis indicates that the ensemble spread
generated by the C-NFSVs effectively captures the forecast
uncertainty in both the upper-level 500 hPa geopotential
height and the near-surface SLP. As previously discussed,
the southward movement and intensification of SLP toward
southern China are generally guided by the 500 hPa circula-
tion. This suggests that the high ensemble reliability of C-
NFSVs in predicting 2 m temperature (Fig. 2) mainly comes
from its ability to represent the uncertainties embedded in
these processes. Similar results are obtained for the other
three periods as well. For simplicity, we summarize the con-
clusions here without providing a detailed analysis. In gen-
eral, the structure of the C-NFSV perturbations suggests
that the areas contributing to the forecast uncertainty of the
2 m temperature over southern China lie upstream of the
key circulation processes. These processes include down-
stream propagation from the mid-latitude high-pressure

ridge to the low-pressure trough during the first period and
eastward propagation along the southern branch flow during
the subsequent three periods. Furthermore, through an analy-
sis of the ensemble spread distributions in both upper-level
circulation and near-surface SLP, we show that the C-NFSV
ensemble forecasts can capture these circulation processes
and the associated forecast uncertainties well. This ability
may explain the high reliability of the C-NFSVs ensemble
and its superior ability to improve the forecast skill.

4.3. Reasons for the underestimation of the forecast
uncertainty of the ECMWF with respect to the 2 m
temperature over southern China

As shown in Fig. S1 in the ESM, the ensemble forecast
generated by ECMWF underestimates the forecast uncer-
tainty in predicting the 2 m temperature over southern
China. This underestimation may result from the limited
skill of its ensemble spread in representing the actual forecast
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errors and in capturing the key circulation processes that
drive the temperature drop. As shown in Fig. S2 in the
ESM, during the first period, the 500 hPa geopotential
height ensemble spread of the ECMWF does not sufficiently
concentrate ahead of the midlatitude ridge and the southern
branch trough in the early stages of the forecast. As the fore-
cast progresses, the spread is not effectively propagated and
accumulated downstream into the low-pressure trough by
the background circulation. This results in poor correspon-
dence with the control forecast errors in this region and conse-
quently limits its ability to adequately reflect the forecast
uncertainty near the trough. In fact, since the ECMWF ensem-
ble primarily captures circulation uncertainties at higher lati-
tudes, such as Mongolia and Siberia, the SLP spread is
mostly confined to these areas (Fig. S3 in the ESM). It thus
offers limited representation of the Siberian high intensity at
lower latitudes. As a result, the ability of the ensemble to
effectively capture forecast errors over southern China is lim-
ited, which may explain its underestimation of forecast uncer-
tainty in predicting 2 m temperature in this region. Evi-
dently, the ECMWF ensemble spread shows a weaker corre-
spondence with the control forecast errors. The spread of
the upper-level circulation field remains confined primarily
to higher latitudes, showing limited sensitivity to forecast
uncertainties over mid- to low-latitude regions, with similar
results observed in the subsequent three periods. This spatial
mismatch further restricts the ability of the ensemble to cap-
ture the near-surface SLP forecast errors over southern
China. Consequently, its effectiveness inrepresenting the fore-
cast uncertainty of 2 m temperature in this region is limited.

These explanations underscore that, compared with the
ECMWF ensemble forecasts, those generated by the C-
NFSVs more effectively characterize the forecast uncer-
tainty. As mentioned in the introduction, this may be due to
the SV initial perturbation method and stochastic physical per-
turbation scheme used in the ECMWF ensemble. These per-
turbations may not capture the interaction between initial
and model errors and may not fully represent the nonlinear
evolution of forecast errors. This limitation could hinder
their ability to capture key circulation processes that deter-
mine forecast uncertainty. In contrast, the C-NFSVs method
accounts for nonlinear error growth and generates coordinated
initial and model perturbations, allowing a more realistic rep-
resentation of forecast uncertainty.

5. Identification of forecast

sources

uncertainty

In section 4.1, we report that when averaged over the
four periods, the forecast uncertainty of the 2 m temperature
appears to be influenced primarily by the model component
of the C-NFSVs, especially in the later stages of the fore-
casts. Compared with that generated by the initial compo-
nents, the ensemble spread generated by the model compo-
nents is better at characterizing the forecast uncertainty. How-
ever, through the mechanistic analysis in section 4.2, it is evi-
dent that during the first period, the development of spread-

characterized uncertainty exhibits downstream propagation
guided by the background circulation. This propagation corre-
sponds well with the regions where forecast errors accumulate
and enables the ensemble spread to effectively reflect the fore-
cast errors. Such a mechanism indicates that the forecast
uncertainty during this period is driven primarily by initial
uncertainties concentrated upstreamof the backgroundcircula-
tion.

To verify this, Fig. 8 shows the temporal evolution of
the spread—RMSE ratio for the ensemble forecasts generated
by separately incorporating the initial and model perturbation
components of the C-NFSVs across the four periods of the
2008 cold event. As shown, for the first period, initial pertur-
bations contribute more significantly to the ensemble reliabil-
ity than model perturbations. The spread—RMSE ratio of fore-
casts using only initial perturbations reaches a level compara-
ble to that of the C-NFSVs ensemble. This is consistent
with the earlier finding that initial uncertainties play a domi-
nant role during this period.

To further investigate this, the mechanisms behind the
differing contributions of initial and model perturbations to
forecast uncertainty warrant closer examination. Following
the approach used in section 4.2, we analyze the spatial evolu-
tion of the ensemble spread for the 500 hPa geopotential
height and SLP in the ensemble forecasts generated by incor-
porating only the initial or model perturbations.

As illustrated in Fig. 9, for the first period, under the sce-
nario with only initial perturbations, which are “one-time’
additions, the perturbations are transported downward by
the background flow. Those located ahead of the high-latitude
ridge shift eastward and concentrate around the low-pressure
trough. Moreover, perturbations associated with the southern
branch trough are transported to higher latitudes because of
the convergence of the northern and southern streams, ulti-
mately converging in the same low-pressure trough region.
In contrast, under the scenario with only model perturba-
tions, which are consistently added with small magnitude,
the ensemble spread remains quite small during the early fore-
cast stages. As the forecast progresses, the high-latitude
ridge in the background flow gradually shifts eastward, block-
ing the persistently added midlatitude perturbations and pre-
venting their further downstream propagation. Additionally,
the perturbations associated with the southern branch trough
accumulate in the convergence area of the northern and south-
ern streams. However, they do not propagate effectively
toward the downstream trough because the convergence loca-
tion is situated too far west. To more clearly illustrate the dif-
ference in the ensemble spread between the two cases, the
mean spread was calculated over the key region (see the
black boxes in Figs. 9al12 and a22, representing the trough).
The mean spread is 24.96 gpm when only initial perturbations
are added, whereas it is 9.74 gpm when only model perturba-
tions are added. These results suggest that the ensemble
spread from initial perturbations more effectively captures
the circulation processes driving the 2 m temperature forecast
uncertainty in southern China. In contrast, the continuously
added model perturbations, constrained by the background

1]
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Fig. 8. Temporal spread—-RMSE ratio over southern China for the ensemble forecasts generated by the C-
NFSVs, along with their initial perturbation and model perturbation components, for the forecast periods (a)
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Fig. 9. Spatial distribution of the ensemble spread of the 500 hPa geopotential height (units: gpm) at 0109T12,
0111T12, 0113T12, and 0115T12. Panels (all-al4) and (a21-a24) show the ensemble spreads of the 500 hPa
geopotential height from the initial and model components of the C-NFSVs, respectively, with blue contours
denoting the control forecast geopotential height (interval: 100 gpm). The solid and dashed black boxes indicate the
low-pressure trough and the region of superimposed perturbations, respectively.

flow, fail to propagate toward the critical downstream reverses, as shown in Fig. 8. Compared with those generated
regions and thus cannot adequately represent the associated  using only initial perturbations, ensemble forecasts that incor-
forecast uncertainty, consistent with Fig. 8a. porate only model perturbations yield a significantly

For the other three periods, the situation clearly improved spread—-RMSE ratio, more closely aligning with
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that of the C-NFSVs ensemble. These findings indicate that
during these periods, the ensemble reliability is largely
attributable to the impact of model perturbations, suggesting
that forecast uncertainty primarily arises from model uncer-
tainty. Such insight leads to an inquiry into the distinct roles
of initial and model perturbations in shaping ensemble relia-
bility across these periods and how their respective influences
differ.

Taking the third period as an example, we further exam-
ine the mechanisms through which model uncertainty serves
as the primary contributor to forecast uncertainty. During
this period, the evolution of the ensemble spread generated
by the C-NFSVs is very similar to that produced by their
model perturbation component. Therefore, we directly
present the spread evolution of the C-NFSVs model compo-
nent and compare it with that of the initial component. The
perturbations at the 500 hPa level are primarily concentrated
near the southern branch trough (Fig. 10). The perturbations
predominantly propagate along the southern branch during
the early forecast stages. In the case where only initial pertur-
bations are considered, the ensemble spread is gradually trans-
ported to higher latitudes during the mid-forecast period
under the influence of the background flow. The initial pertur-
bations cause the overall spread to shift northward. Combined
with the weak northerly wind in the later stage, this leads to
a weaker impact on southern China. As a result, the ensemble
spread generated by considering only initial perturbations

fails to capture forecast errors over southern China. To further
quantify the differences caused by the initial uncertainty com-
ponent and model uncertainty component, the mean spread
was calculated over the key region influencing southern
China (the black boxes in Figs. 8a3 and 8b3). The mean
spread is 2.82 gpm when only initial perturbations are
added, whereas it is 4.46 gpm when only model perturbations
are added, suggesting that model perturbations grow more
effectively over regions with large forecast errors than initial
perturbations. In Fig. 11, we present the distribution of SLP
spread under the addition of both types of perturbations. Com-
pared with the scenario with only initial perturbations, the
ensemble spread with model perturbations clearly becomes
more distinctly concentrated in southern China during the
later stage, aligning better with the forecast error in that
region. This enables better capture of the 2 m temperature
forecast uncertainty and identifies model errors as its primary
source during this period, which is also confirmed in Fig. 8c.
Through the above analysis, we find that the sensitivity
of each process to initial and model perturbations depends pri-
marily on the evolution of the background flow field. In the
first period, the background circulation favors the down-
stream transport of initial perturbations toward key regions.
However, as time progresses, the background flow itself
changes considerably, with substantial shifts in the wind direc-
tion, making it difficult for subsequently added model pertur-
bations at the same location to further propagate down-
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Fig. 10. Spatial distribution of the ensemble spread for the 500 hPa geopotential height (units: gpm) at 0122T12,
0124T12, 0126T12, and 0128T12: (al-a4) ensemble forecasts with initial perturbations of C-NFSVs and (b1-b4)
ensemble forecasts with model perturbations of C-NFSVs. (c1—c4) Control forecast errors at the corresponding
times. The background field represents the geopotential height from the control forecast at the respective times (blue
contours, interval: 100 gpm). The dashed black boxes indicate the regions of superimposed perturbations.
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Fig. 11. As in Fig. 10 but for SLP (units: hPa).

stream. In contrast, during the third period, the background
flow exhibited smaller directional changes, allowing the con-
tinuously added model perturbations to be steadily trans-
ported downstream and influence the study region.

In summary, considering only one type of perturbation
may lead to an inadequate representation of forecast uncer-
tainty in ensemble forecasts. In contrast, the C-NFSVs
method, which accounts for both initial and model perturba-
tions, has the potential to provide a more accurate estimate
of forecast uncertainty. Moreover, the analysis of these two
periods reveals that examining the spatial evolution of the
ensemble spread generated by the C-NFSVs is useful for
investigating forecast uncertainty. This offers a practical
approach for identifying the exact underlying sources of fore-
cast uncertainty in extreme cold events.

6. Discussion

In the above analysis, we focused on the extreme cold
event that occurred in 2008 and used the C-NFSVs ensemble
forecasting approach to estimate the forecast uncertainty of
the 2 m temperature during the event. In section 4.1, we evalu-
ated the C-NFSVs ensemble forecasts in terms of reliability
using the spread—-RMSE ratio, deterministic skill through
the ensemble-mean RMSE relative to the control forecast,
and probabilistic skill. While the C-NFSVs method
improves the ensemble reliability, the improvements in the
deterministic and probabilistic skill remain relatively small.
In ensemble forecasting, accurately representing forecast
uncertainty is a key function, and a close match between the
ensemble spread and the ensemble-mean forecast error indi-

cates good reliability. However, this does not necessarily
translate into a large improvement in the ensemble-mean fore-
cast over the control forecast, which is consistent with the
study of Feng etal. (2019), who further verified this
through experiments with the idealized Lorenz-96 model.
For probabilistic skill, if the ensemble size is sufficient,
good reliability reflected by the spread—RMSE ratio may sug-
gest reasonable probabilistic performance. In the current
study, the relatively small improvement in probabilistic skill
is likely due to the limited number of ensemble members,
despite a reasonable spread—RMSE ratio. In future work, we
plan to use larger ensemble sizes to further examine the C-
NFSVs forecasting skill and determine the number of mem-
bers needed to enhance the forecast skill while maintaining
good reliability.

In fact, similar analyses were also conducted for the
extreme cold events that occurred in 2016 and 2024, including
one period from 21 to 25 January 2016 and three periods
from 20 to 22 January, 13 to 15 February, and 17 to 22 Febru-
ary 2024. The results demonstrate the ability of the C-
NFSVs-based ensemble forecasts to characterize the forecast
uncertainty and identify its sources. The forecast uncertainty
is caused primarily by initial uncertainty in the first period
in 2024. In contrast, model uncertainty plays a dominant
role in the other two periods in 2024 and in the first period
in 2016. These results are further confirmed by the compari-
son shown in Fig. S4 in the ESM. Analysis of the extreme
cold events in 2016 and 2024 also demonstrated that the spa-
tial evolution of the ensemble spread generated by the C-
NFSVs can be used to identify the sources of forecast uncer-
tainty, suggesting its potential applicability to future cases.
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Notably, beyond the 2008 event (Fig. S1 in the ESM),
the ECMWEF ensemble forecasts also underestimated the 2
m temperature forecast uncertainty for the 2016 and 2024
extreme cold events. On the basis of this analysis, it appears
that the ECMWF generally underestimates the forecast uncer-
tainty for extreme cold events in southern China. A compari-
son with the results from C-NFSVs ensemble forecasts sug-
gests that the limitations of the SV initial perturbation
method and stochastic physical perturbation scheme of the
ECMWEF, as previously mentioned, are likely the primary
causes of this underestimation of forecast uncertainty. Never-
theless, this is only an inference and should be further exam-
ined in the future. In addition, in the present study of the
2008 extreme cold event, the forecast length was restricted
to 7 days because of the 7.5-day lateral boundary conditions
provided by the GFS data used to drive the WRF model.
For consistency, we maintained a 7-day forecast window for
all events (including the 2016 and 2024 cases), even though
longer boundary conditions were available for the latter
two. Moving forward, the C-NFSVs method, which combines
initial condition and model perturbations, is expected to
yield more reliable uncertainty estimates and greater forecast
skill improvements, particularly for extended lead times.

7. Conclusion

In this study, we explore the application of the C-
NFSVs ensemble forecast method in identifying the forecast
uncertainty for extreme cold events that occurred in China.
The 2008 extreme cold event over southern China is
adopted as a representative case to determine how the ensem-
ble forecast generated by C-NFSVs is applied to characterize
the forecast uncertainty and help identify the sources of uncer-
tainty.

With the optimal configuration for the C-NFSVs deter-
mined by sensitivity experiments, the ensemble members
with high reliability, as indicated by a spread—RMSE ratio
closestto 1, are obtained. On this basis, the ensemble forecasts
were conducted by incorporating the C-NFSVs as well as
their initial and model perturbation components separately.
The results show that when averaged across the four forecast
periods of the 2008 extreme cold event, the ensemble fore-
casts with only the initial or model perturbation are insuffi-
cient to adequately represent forecast uncertainty. This behav-
ior is consistent with the dynamically reasonable expectations
for ensemble forecasting systems in representing the evolu-
tion of forecast uncertainty. It contributes to the C-NFSVs sus-
taining ensemble reliability throughout the forecast and
offers a spread that meaningfully reflects the temporal varia-
tion in forecast uncertainty.

Our results further suggest that the evolution of the
ensemble spread generated by the C-NFSVs can offer
insights into the possible sources of forecast uncertainty—
whether stemming from initial or model-related uncertain-
ties—and their locations. Specifically, in events where the
spread-characterized uncertainty propagates downstream
from the upstream region and then remains concentrated in

key areas, such as the first period of the 2008 events, this
spread behavior is clearly observed. Forecast uncertainty in
these cases is driven primarily by initial errors located
upstream of the background circulation. These findings are
further confirmed by the ensemble reliability derived from
forecasts generated using only the initial or model compo-
nents of the C-NFSVs. The results are consistent with the
identified sources of forecast uncertainty. In contrast, for
events where the ensemble spread persists in the upstream
region and is continuously transported downstream by the
background flow, it gradually accumulates in key areas and
influences the 2 m temperature. Accordingly, the forecast
uncertainty is attributed mainly to model errors. In such
cases, the ensemble spread generated using only the initial per-
turbation component is rapidly advected out of the study
area, resulting in a weaker influence on the 2 m tempera-
ture. This pattern is also confirmed by the ensemble reliability
of forecasts generated with individual perturbation compo-
nents, which exhibit a notable underestimation of forecast
uncertainty when only the initial component is applied. The
findings from the 2016 and 2024 extreme cold events provide
further support for these results. These cases collectively sug-
gest that analyzing the spatial evolution of the ensemble
spread generated by the C-NFSVs may offer an approach
for identifying the exact sources of forecast uncertainty in
extreme cold events.

As the first application of the C-NFSVs ensemble fore-
casting method within a realistic numerical model, this
study focused on extreme cold events over southern China.
Notably, the approach is not only effective for current cases
but also has potential for longer-lead forecasts and other
high-impact weather events. By providing valuable insights
into the estimation and sources of forecast uncertainty, it
may help improve forecast performance and support
broader efforts in disaster risk reduction.
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APPENDIX A

Al. Root-Mean-Square Error of the Ensemble Mean
and Ensemble Spread

For an ensemble forecast, the ensemble mean is calcu-
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lated as the arithmetic average of all members. Let X,, repre-
sent the ensemble mean of any variable at the nth grid point,
which is determined as follows:

1 M
Y - m
Xn_ M;Xﬂ B

where X' denotes the 2 m temperature of the mth ensemble
member at the nth grid point and m = 1,2,..., M. The ensem-
ble mean root-mean-square error (RMSE) is the difference
between the ensemble mean and the observation value O,
(in this study, the ERAS data). It is defined as follows:

(AT)

(A2)

where N represents the total number of grid points in the
study region.

The ensemble spread characterizes the dispersion
among the ensemble members and is defined as follows:

1Y
2T

n=1

(X —Yn)z .

M=

SPREAD = (A3)

Z|

3
N

when averaging the RMSE and spread over multiple forecast
periods, the forecasts and corresponding observations from
all periods are first combined. The RMSE and spread are
then calculated from these combined data for each period.

APPENDIX B

B1. Brier Score

The Brier score (BS; Brier 1950) describes the mean
squared error of probabilistic forecasts and is defined as fol-
lows:

1 N
BS = N ;(fn _on)2 > (A4)

where N is the total number of grid points in the study
region, and f,, and o, represent the forecast and observation
probabilities, respectively, at the nth grid point. A smaller
BS indicates higher skill in the probabilistic forecast.

B2. Relative Operating Characteristic Curve Area

The relative operating characteristic curve area
(ROCA; Mason 1982) is another commonly used statistic to
assess the skill of probabilistic forecasts. For a binary event,
on the basis of the forecast and observation of the occurrence
of the event at each grid point, a 2 X 2 contingency table
(see Table B1) can be constructed.

In Table B1, a and c represent the numbers of hits and
false alarms, respectively, and b and d represent the numbers
of misses and correct rejections, respectively.

Table B1. The 2 x 2 contingency table of a binary event.

Forecast
Observation Yes No Total
Yes a b a+b
No c d c+d
Total a+c b+d

The ROCA is calculated on the basis of the area under
the receiver operating characteristic (ROC) curve, where a
larger area indicates better probabilistic forecast skill. Then,
the hit rate (HR) and false alarm rate (FR) can be expressed
as follows:

a
HR = ; A5
a+b (AS)

c
FR=——. A6
c+d (A6)

By selecting different forecast probability thresholds
between 0 and 1, multiple HR and FR pairs can be obtained,
which are subsequently used to construct the ROC curve.
The area under the ROC curve, integrated over the interval
[0,1], is the ROCA. A larger ROCA indicates higher proba-
bilistic forecast skill. A ROCA value greater than 0.5 is gener-
ally considered to indicate skill in the probabilistic forecast.

B3. Reliability Diagram

The reliability diagram (RD) is used to evaluate the
match between forecast probabilities and observed frequen-
cies. For a binary event, forecast probabilities are divided
into several small intervals within the range [0,1], and the
observed frequencies are calculated within each correspond-
ing interval. If the forecast probability is consistent with the
event frequency, the reliability curve will be closer to the diag-
onal, indicating higher reliability of the probabilistic fore-
cast.
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