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Abstract The El Niño and Southern Oscillation (ENSO) is the primary source of predictability for seasonal climate prediction.
To improve the ENSO prediction skill, we established a multi-model ensemble (MME) prediction system, which consists of 5
dynamical coupled models with various complexities, parameterizations, resolutions, initializations and ensemble strategies, to
account for the uncertainties as sufficiently as possible. Our results demonstrated the superiority of the MME over individual
models, with dramatically reduced the root mean square error and improved the anomaly correlation skill, which can compete
with, or even exceed the skill of the North American Multi-Model Ensemble. In addition, the MME suffered less from the spring
predictability barrier and offered more reliable probabilistic prediction. The real-time MME prediction adequately captured the
latest successive La Niña events and the secondary cooling trend six months ahead. Our MME prediction has, since April 2022,
forecasted the possible occurrence of a third-year La Niña event. Overall, our MME prediction system offers better skill for both
deterministic and probabilistic ENSO prediction than all participating models. These improvements are probably due to the
complementary contributions of multiple models to provide additive predictive information, as well as the large ensemble size
that covers a more reasonable uncertainty distribution.
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1. Introduction

The El Niño and Southern Oscillation (ENSO) is the most

pronounced large scale air-sea coupling phenomenon that
originates in the tropical Pacific approximately every
2–7 years. The thermal forcing associated with ENSO on the
atmosphere circulation is of central importance for driving
global climate variability. Thus, ENSO has been recognized
as a primary source for global climate predictability on
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seasonal to interannual timescales (McPhaden et al., 2006).
The ability to sufficiently predict the warm and cold episodes
of upcoming ENSO events in advance is vital for regional
short-range climate prediction, which is matters for the ef-
fective precautions of climate disasters and mitigation of the
potential risk to life and property those disasters may pose.
Inspired by the pioneering work of Cane et al. (1986), the
prediction of ENSO has made tremendous progress with
generations of efforts. The real-time predictions of ENSO are
routinely issued in a number of operational climate centers
and research groups around the world, with statistical and
dynamical models that vary in complexity (Barnston et al.,
2012, Tang et al., 2018; Ren et al., 2019). The skillful pre-
diction of ENSO can be made 6–12 months in advance.
However, the prediction of ENSO still involves substantial
challenge, which is mainly limited by the uncertainties that
originate from the initial conditions, the diversity of ENSO
states and the imperfect representation of the physical pro-
cesses of ENSO in models (Tang et al., 2018; Ren et al.,
2019). For example, almost all current statistical and dy-
namical models missed the latest strongest 2015–2016 El
Niño event at 12 months in advance. Although the predic-
tions initialized in summer 2015 essentially announced the
following evolution of sea surface temperature (SST), the
predicted intensity of this event diverged considerably across
the models. Therefore, the improvement of ENSO prediction
is a timeless focus from both a scientific perspective and
social aspect.
One of the effective strategies for tackling the uncertainties

related to ENSO prediction is the multi-model ensemble
(MME) approach, which combines a suite of predictions
with different initial conditions based on various models to
better sample future trajectories. Each of these models in-
volves somewhat different resolutions, parameterization
schemes, physical processes and initial states, and has in-
dividual strengths and weaknesses. The theme of the MME
method is to take into account the combined effect from the
uncertainties in the initial condition and model formulation.
Model diversity can contribute complementary predictive
information by cancelling out a portion of the model errors
after averaging within the MME method (Hagedorn et al.,
2005; Tippett and Barnston, 2008; DelSole et al., 2014).
Moreover, the increased ensemble size in MME is beneficial
to sample forecast probability distribution and reduce the
systematic ‘‘misfires’’ associated with any one particular
model, which allows for a better quantification of forecast
uncertainty. Therefore, the MME approach has been de-
monstrated to be superior to a single model ensemble, and
more valuable for decision makers to manage risks asso-
ciated with ENSO events (Wang et al., 2009; Becker et al.,
2014; Min et al., 2014). MME seasonal prediction systems
have been widely developed at major operational centers and
research institutions, such as: the European Centre for

Medium-Range Weather Forecasts (ECMWF) (Palmer et al.,
2004), the Asia-Pacific Economic Cooperation Climate
Center (APCC) (Jeong et al., 2012), the International Re-
search Institute for Climate and Society (IRI) (Barnston et
al., 2012) and the National Climate Center (NCC) of the
China Meteorological Administration (CMA) (Ren et al.,
2019). Since early 2012, the IRI has issued the real-time
ENSO prediction plume each month with 17 dynamical
models and 7 statistical models (https://iri.columbia.edu/our-
expertise/climate/forecasts/enso/current/?enso-sst_table).
Recently, the NCC/CMA established the China multi-model
ensemble prediction system version 1.0 (CMMEv1.0) to
provide monthly real-time MME ENSO prediction with 13
dynamical models, 4 statistical models and 3 hybrid dyna-
mical- statistical models (http://ncclcs.ncc-cma.net/Website/
?ChannelID=254). The above two have been critical refer-
ences for international or national operational ENSO out-
looks.
The MME ENSO prediction is tentative in China (Ren et

al., 2019). Inspired by those pioneering works, we developed
another MME ENSO prediction system with 5 dynamical
models ranging from intermediate coupled models (ICMs) to
fully coupled general circulation model (CGCM). This MME
system involves the implementation of a new model (Song et
al., 2018), new ensemble forecast methods (Liu et al., 2019;
Liu et al., 2022), new parameter scheme (Zhang and Gao,
2016; Gao et al., 2022) or new data assimilation approach
(Duan and Zhou, 2013; Tao and Duan, 2019; Gao et al.,
2020; Duan et al., 2022; Song et al., 2022). Moreover, a long-
term retrospective forecast over the past 137 years (1881–
2017) was conducted to evaluate the ENSO forecast skill and
useful forecast data were obtained. Additionally, the real-
time monthly prediction has been routinely issued starting in
October 2020. In this study, we will introduce the current
progress of this MME prediction system and its ENSO
forecasts.

2. Model and methodology

2.1 The MME system

This MME system consists of three regional ICMs for tro-
pical Pacific region, one regional ICM for the tropics and one
CGCM. M1 is the extension of the Lamont-Doherty Earth
Observation (LDEO 5) model (Chen et al., 2004). We have
updated its data assimilation process from the nudging
scheme to Ensemble Kalman Filter (EnKF) method, and also
established an ensemble prediction system based on the
stochastic optimal (SO) perturbation approach to sample the
uncertainties associated with atmospheric processes (Tang et
al., 2018; Liu et al., 2019; Gao et al., 2020). M2 was de-
veloped by Zhang et al. (2003), and has been used for routine
ENSO prediction and collected in IRI ENSO prediction
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plume since 2003. After optimizing the model parameters in
terms of ENSO simulations and retrospective predictions,
this model was used at the Institute of Oceanology, Chinese
Academy of Sciences (IOCAS) and named the IOCAS ICM,
which has been routinely used to predict the SSTevolution in
the tropical Pacific with success since August 2015 (Zhang
and Gao, 2016; Zhang et al., 2022). To take the combined
effect from model errors with various sources into con-
sideration, M3 embedded a model tendency perturbation into
M2 to neutralize the prediction errors caused by both the
initial and model errors by using a new data assimilation
approach of nonlinear forcing singular vector (NFSV-DA)
(Duan and Zhou, 2013; Tao and Duan, 2019; Duan et al.,
2022). This model can distinguish the two types of El Niño
two-season in advance (Tao et al., 2020). M4 promoted the
physical framework of the Zebiak-Cane model to the entire
global tropics. To improve the model performance and ac-
curacy for SST variability in the entire tropical oceans and
the inter-basin connections, some improvements were added
to this model, including the surface wind bias correction
process and surface heat flux parameterization scheme (Song
et al., 2018). M5 is the widely used CGCM, CESM 1.2,
which is the operational model in the National Marine En-
vironmental Forecasting Center (NMEFC) of China (Li et
al., 2015). We have proposed an improved nudging scheme
for the prediction system of NMEFC by increasing the
nudging weight at the subsurface and adding wind compo-
nents assimilation. This new scheme can effectively improve
the simulation and prediction performance for ENSO (Song
et al., 2022). In addition, a cost-efficient ensemble con-
struction strategy generated from the climatically relevant
singular vector method is introduced to establish an en-
semble prediction system for M5, which significantly im-
proves the prediction performance compared with the single
prediction (Liu et al., 2022). More detailed information on
each model is summarized in Table 1. In brief, this MME
system includes diverse models that vary in their complexity

levels, horizontal and vertical resolutions, physical para-
meterizations, data assimilation processes, initialized data-
sets and ensemble construction strategies, which accounts for
the uncertainties as comprehensively as possible.
The individual model retrospective forecast was initiated

on January 1st, April 1st, July 1st and October 1st each
calendar year from 1881 to 2017, with a lead up to
12 months. To remove the mean bias of each model, the
individual model anomalies are derived by subtracting its
own hindcast seasonal climatology. In this study, we em-
ployed the commonly used “equal weight” approach to
construct MME by assigning the same weight to each model.
Compared with the models that only provide a single hind-
cast, the M1 and M5 have their own ensemble outputs.
Therefore, the corresponding ensemble mean is employed to
form the MME.

2.2 Methodology

To evaluate the deterministic prediction skill, we employ the
anomaly correlation coefficient (ACC) and the root mean
square error (RMSE), which are defined as:
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where x t( )i
f and x t( )i

o are the MMEmean prediction and the
corresponding observation of interest variable for the i th
initial condition at the tth lead month, respectively. x f and x o

denote the model climatology and observational climatology,
respectively. N indicates the total number of hindcasts
(137 years × 4 months=548).
We also employ the Brier skill score (BSS; Wilks, 2011) to

Table 1 Information of the participating models in MME prediction system a)

Model Complexity Region Data assimilate Ensemble strategies

M1 Intermediate complexity Tropical pacific ocean
EnKF

A: ERA-20C UV
O: Kaplan SST

EnKF+SOs

M2 Intermediate complexity Tropical pacific ocean Linear interpolation
O: Kaplan SST /

M3 Intermediate complexity Tropical pacific ocean Nudging
O: ERSST V5 /

M4 Intermediate complexity Tropic Nudging
O: Kaplan SST /

M5 CGCM Global

Nudging
A: ERA-20C + ERA-Interim UV

O: SODA+GODAS
sea temperature

CSVs

a) A: Atmosphere; O: Ocean; SO: Stochastic optimal (Kleeman and Moore, 1997); CSV: Climatically relevant singular vector (Kleeman et al., 2003)
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measure the probabilistic skill. The BSS assesses the Brier
score (BS) relative to the reference climatological forecast,
which measures the mean squared error between the forecast
probability and observed frequency as:
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where x and o are the forecast probability and corresponding
observed frequency of an event, respectively. The terms xm
and om are the mean of all x and the relevant observed out-
comes falling in the mth bin, and nm is the number of pre-
dictions occurring in this bin. N denotes the total number of
predictions (initial conditions). M is the number of prob-
abilistic bins from 0.1 to 1.0 by 0.1 intervals. o is the ob-
served climatological probability represented by the mean of
om.
As BS o o= (1 )CLM , BSS indicates the improvement of

the probabilistic forecast relative to the climatological fore-
cast. A positive value of BSS means skillful probabilistic
forecast, whereas a negative value indicates that the forecast
is inferior to the climatological forecast.
We employ the Niño3.4 index to represent the ENSO

variation , which is defined by the averaged SST anomalies
in the central and eastern Pacific Ocean (5°S–5°N, 170°E–
120°W). Following previous studies (Yang et al., 2016,
2018; Liu et al., 2019; Yang et al., 2021), we split each
category into terciles to ensure that the three types of events
have an equal climatological frequency of 1/3. The below
normal events (lower 1/3 tercile), neutral events (middle 1/3
tercile), and above normal events (upper 1/3 tercile) are
defined by the climatic probability density distributions of
the observed Niño 3.4 indexes from 1881 to 2017. For the
model reforecasts, the “one-month-lead forecast” means the
monthly forecast initiated in the first day of the current
month itself. For example, the monthly mean forecast of the
January is defined as one-month-lead for the forecast in-
itiated from 1st January. The validation data for the SSTwere
extracted from the Kaplan SST version 2 datasets (Kaplan et
al., 1998), which is the commonly assimilated SST data for
participating models in MME prediction system.

3. Performance of ENSO in the MME

3.1 Improvement of deterministic prediction in the
MME

The predicted ensemble means of the Niño3.4 index (blue
line) and the corresponding observations (red line) are pre-
sented in Figure 1. The MME prediction generally predicted

most ENSO events over the past 137 years ahead of one year,
especially for prominent warm and cold events. At 6-month
lead time, the hindcasts are consistent with the observations
quite well, with an ACC of 0.83. By 12-month lead time,
there is a certain degradation in the agreement between the
observations and the hindcasts, with an ACC of 0.59. The
observed El Niño and La Niña events can also be relatively
well reflected, but there is a tendency to underestimate their
amplitudes with respect to the observations as the lead time
increases. Figure 2 presents the ACC and RMSE between the
predicted Niño3.4 index in the MME (red line) and in-
dividual models (colord lines) and the corresponding ob-
servations. In general, the ACC and the RMSE of the MME
prediction exhibit substantial superiority to its contributing
models for all lead times, and high prediction skill corre-
sponds to large ACC and small RMSE values. MME pre-
diction can generate skillful forecasts (ACC>0.5) 12 months
in advance. During the common period (1982–2010), which
covers most current ENSO hindcasts of CGCMs in the North
American Multi-model Ensemble (NAMM, Kirtman et al.,
2014), the MME prediction still provides higher ACC and
RMSE skill with respect to all participating models (Figure
3). The ACC skills of the MME predictions are 0.95, 0.87
and 0.76 at 3, 6, and 9 month leads, respectively. This out-
performs, or is at least comparable with, the performance of
the MME of NAMM, which has ACCs are 0.91, 0.83 and 0.7
at 3, 6, and 9 month leads, respectively (Barnston et al.,
2019). In brief, the performance of our MME prediction
supports the superiority of the multimodel approach, which
has a beneficial impact on cancelling model errors contained
in individual models and highlighting complementary nature
of the models’ contributions. Our MME system performs
competitively with, or even exceeds the NAMM in terms of
ENSO prediction. This encouraging result boosts us con-
fidence in applying this MME system to real-time ENSO
predications.

3.2 Improvement of the spring predictability barrier
(SPB) in the MME

As is commonly acknowledged, there is a pronounced sea-
sonal variation in ENSO prediction skill, which is referred to
as SPB (Webster and Yang, 1992). The SPB feature is
common to all participating models within MME system to
varying degrees (Figure 4). The prediction skills exhibit a
marked decline when the forecasts traversing the boreal
spring. The forecasts initiated in July and October tend to
have a slower decline in skill than the cases that starred in
January and April. Even so, the MME predictions verify
better than other models when compared against observa-
tions and features a relatively gentle decline of ACC across
the northern spring. The lead months for the effective pre-
dictions (ACC>0.5) are significantly longer in the MME
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prediction than all participating models. This indicates that,
unlike any individual model, the MME prediction is only
weakly impacted by SPB, which is owing to the MME al-
gorithm is a useful tool for the reduction of the model errors
contained in individual models, and also contributes addi-
tional forecast signals (Palmer et al., 2004; Hagedorn et al.,
2005; DelSole et al., 2014). Therefore, MME is also a po-
tential tool to improve model performance in terms of alle-
viating SPB.

3.3 Improvement of probability prediction in MME

In this MME system, the hindcasts of M1 and M5 are gen-
erated by their own ensemble system, with 100 and 20
members, respectively Hence, we can also evaluate the
performance of the MME (with 123 members) in probabil-
istic predictions compared with the single model ensembles.
Figure 5 presents the BSS of the MME (red line), M1 (green
line) and M5 (blue line) predictions. The full MME forecasts

systematically improve the BSS of the participating models
at every lead times for all three categories of ENSO events.
The skillful probabilistic skill (BSS>0) of the MME is
11 months ahead of neutral events, which is a substantial
improvement compared with the performance of individual
model ensembles. The superior performance of the MME
prediction is essential in terms of both the resolution (Figure
6) and reliability (Figure 7), and the major contribution is due
to the decreased reliability component. These two compo-
nents give insight into different aspects of forecast perfor-
mance. The reliability indicates the difference between a
forecast probability for an event and the observed frequency
of that event. The resolution measures the ability of the
forecast system to assign probabilities different from the
climatological probability. The above improvements may be
due to the enlarged ensemble size offered by the MME
method can express a more reasonable sampling of forecast
uncertainties, which contains the observation more often and
provides a more reliable probabilistic prediction. We have

Figure 1 Time series of the MME forecasted Niño 3.4 index at a six month lead (a) and twelve month lead (b) against the corresponding observations. The
red and blue lines are the observations and ensemble mean, respectively. The gray shading represents the prediction spread.
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also checked the relative operating characteristic (ROC;
Mason and Graham 1999) skill, which is another widely used
probabilistic measure (Dewitt, 2005; Chen and Cane, 2008;
Zheng et al., 2009) and essentially reacting the similar
characteristics of resolution term of BSS (Yang et al., 2021).
Compared with any one particular model, the MME also
exhibits the highest ROC skill at each lead times for all three
categories of ENSO events (not shown). This further in-
dicates that the skillful MME probabilistic prediction will
exert additional potential economic value than the single
model ensembles.

3.4 Performance of the real-time prediction in MME

Based on our MME system, routine real-time ENSO pre-
dictions are issued each month from October 2020, which
can be found at https://soed.sio.org.cn/emsodm.html. The
real-time predictions generally predicted the evolution of the
observed SST in the tropical central and eastern Pacific
Ocean during the last year or more. The latest two successive

La Niña events were adequately depicted by the MME pre-
dictions (Figure 8). The secondary cooling trend was rea-
sonably captured when the prediction was initiated in June
2021. The MME prediction system has forecast the emer-
gence of an upcoming three-year cooling since it was in-
itiated in April 2022, which would be the first three-year La
Niña event since 2001. Our MME predictions were also well
consistent with the IRI MME prediction plume over the past
year or more. However, it should be noted that some un-
certainties remain due to the influence of the SPB. Compared
to the observations, the predictions targeted across the spring
verify were worse than predictions from other times of the
year. Even so, the MME prediction performs better than any
participating models across spring.

4. Conclusion and discussion

The large amplitude SST variability associated with warm
and cold ENSO episodes can exert persistent thermal forcing

Figure 2 ACC (a) and RMSE (b) of the forecasted Niño 3.4 indexes
compared with the observations from 1881 to 2017. The red and other
colored lines indicate the MME prediction and the individual models, re-
spectively.

Figure 3 ACC (a) and RMSE (b) of the forecasted Niño 3.4 indexes
compared with the observations from 1982 to 2010. The red and other
colored lines indicate the MME prediction and the individual models, re-
spectively.
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on atmospheric circulation, which provides the primary
scientific basis for seasonal predictions. Therefore, the
ability to accurately represent and predict ENSO behavior is
of particular interest. A successful prediction for the up-
coming ENSO event has foreseeable enormous economic
and social value in grappling with climate disasters. There
are several potential sources of uncertainties arising from the
initial conditions, model configuration or chaotic behavior of
the air-sea coupled dynamic system accounting for the loss
of ENSO predictability. The MME approach is an effective
tool to improve forecast quality for ENSO prediction
(Barnston et al., 2012; Kirtman et al., 2014; Barnston et al.,
2019). The collection of multiple models allows for a better

sampling of the probability distribution and forecast un-
certainties, which has the potential to combine the benefits
relative to all participating members, reduce errors and
quantify forecast uncertainties. This study introduces a re-
cently developed MME prediction system for ENSO, which
uses multiple-model configurations of up to five coupled
dynamic models for various representations of physical
processes, numerical schemes, resolutions, ensemble con-
struction strategies and the use of observations to construct
initial conditions with different data assimilation methods.
This combination of ensembles from different models aims
to take into consideration uncertainties arising from various
sources as comprehensively as possible. Long-term retro-

Figure 4 ACC of the forecasted Niño 3.4 index compared with the observations for different start months of individual models ((a)–(e)) and MME (f).
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spective forecast has been conducted and verified from both
deterministic and probabilistic perspectives. Our results, as
expected, provide evidence of the superiority offered by the
MME predictions:
(1) MME predictions appear to drastically improve the

ACC skill and reduce the RMSE with respect to all partici-
pating models. Our MME prediction skill can compete with,
or even exceed the NAMM in terms of ENSO prediction.
(2) Compared with the individual models, the MME pre-

diction performance was better in the SPB, with a relatively
gentle decrease in ACC during the boreal spring and sig-
nificantly longer effective prediction lead time.
(3) MME prediction can offer a more reliable probabilistic

prediction, with considerable improvement in the reliability
and resolution components, especially for the reliability

term.
(4) TheMME prediction adequately declared the latest two

successive La Niña events and reasonably captured the
secondary cooling trend six months in advance. It has also
predicted the coming of a third-year cooling since April
2022.
Overall, our MME ENSO prediction outperforms all par-

ticipating models and issues more skillful deterministic and
probabilistic predictions. These marked improvements are
due either to the complementary nature of multiple models’
contributions to provide additive predictive information or a
larger ensemble size expressing a more reliable distribution
of uncertainties. Therefore, the MME approach is an effec-
tive and pragmatic strategy for operational ENSO prediction,
which can offer potential economic and scientific value to

Figure 5 BSS of the MME forecasted (red line) and individual model ensemble Niño 3.4 indexes (blue and green lines) for below normal (a), neutral (b)
and above normal events (c) as a function of lead time from 1881 to 2017.

Figure 6 The resolution component of the MME forecasted (red line) and individual model ensemble Niño 3.4 indexes (blue and green lines) for below
normal (a), neutral (b) and above normal events (c) as a function of lead time from 1881 to 2017.

Figure 7 The reliability component t of the MME forecasted (red line) and individual model ensemble Niño 3.4 indexes (blue and green lines) for below
normal (a), neutral (b) and above normal events (c) as a function of lead time from 1881 to 2017.
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decision makers and end users. However, this MME pre-
diction system is still in its initial stage, and many efforts
should be devoted to its further improvement. Two possible
options will be taken into consideration to reduce the forecast
errors. On the one hand, advanced empirical postprocessing
techniques will be introduced to correct the prediction errors.
On the other hand, sophisticated linear or nonlinear combi-
nation schemes based on super-ensemble idea (Krishnamurti
et al., 1999, 2016) will be employed to assign optimal and
objective weights to participating models according to their
historical performance. The MME prediction of ENSO is a
nascent but urgent issue in China. By pursuing unremitting
efforts, we anticipate that our MME prediction system can
issue timely and accurate ENSO predictions and sufficiently
satisfy the demands of operational climate prediction and
meet the needs of disaster prevention and mitigation.
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摘要 厄尔尼诺-南方涛动(El Niño and Southern Oscillation, 简称ENSO)是短期气候预测的主要可预报性来源. 为
提高ENSO的预报水平, 我们构建了一个包含5个动力耦合模式的多模式集合预报系统, 其中各个模式具有不同的

复杂程度、参数化方案、分辨率、初始化和集合扰动生成方案, 以尽可能全面地考虑各种不确定性对预报结果

的影响. 回报试验结果表明: 多模式集合的预报效果明显好于任何一个单一模式, 其显著降低了均方根误差, 并

提高了异常相关性技巧. 该多模式集合的预报效果可以比肩甚至优于同期北美多模式比较计划中的ENSO多模式

集合预报技巧. 此外, 多模式集合预报能够削弱“春季预报障碍”的影响, 提供更为可靠的概率预报. 实时预报能够

提前六个月准确地捕捉到近期连续两年的拉尼娜事件, 并且该系统从2022年4月开始的预报也显示出连续三年拉

尼娜事件的可能性. 总体来说, 这一多模式集合预报系统能够提供比任何模式成员更加准确的确定性预报和概率

预报. 这些改进主要得益于: 一方面不同模式之间的优势互补增加了可预报信息, 另一方面该系统集合成员规模

较大有助于更为合理地刻画预报不确定性的分布.
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1 引言

厄尔尼诺-南方涛动(El Niño and Southern Oscilla-
tion, 简称ENSO)是热带太平洋上最为显著的大尺度海

气耦合现象, 一般2~7年发生一次. 与ENSO相关的热

源强迫可以影响大气环流, 并成为全球气候异常的主

要驱动因子. ENSO也因此被视为季节乃至年际尺度

上全球气候可预测性的首要来源(McPhaden等, 2006).
能否提前预测即将到来的ENSO冷暖位相对于区域短

期气候预测至关重要, 有助于有效预防相关气候灾害

以及减轻灾害带来的生命财产损失 . 受到Cane等
(1986)先驱性工作的鼓舞, 经过几代人的不懈努力,
ENSO预测在过去几十年取得了显著成就. 目前, 国际

上多家业务中心和科研机构已构建多个不同复杂程度

的统计模型和动力模式 , 并每月定期发布实时的

ENSO预测结果(Barnston等, 2012; Tang等, 2018; Ren
等, 2019), 能够提前6~12个月提供有效的ENSO预报.
但是, ENSO预测仍然面临诸多挑战, 例如: 初始条件

的不确定性、ENSO自身的多样性以及模式对于

ENSO相关物理过程刻画的局限性等(Tang等, 2018;
Ren等 , 2 019 )都制约了ENSO的预报水平 . 以

2015~2016年的超强厄尔尼诺为例, 绝大多数的统计

模型和动力模式提前一年均漏报了这次事件. 即使

2015年夏季开始的预报抓住了当年冬季赤道中东太平

洋海温的正异常演化, 但不同模式预测的暖海温异常

强度依然具有很大的分歧. 因此, 无论是从科学角度

还是社会角度出发, 提高ENSO预报的准确性将是大

气海洋领域永恒的焦点议题.
多模式集合是应对ENSO预测不确定性的有效手

段. 多模式集合是指采用来自不同模式、不同初始条

件的多个集合成员表征某一事件未来多种可能的发展

轨迹. 这些模式具有不同的分辨率、参数化方案、包

含不同的物理过程和初始状态, 可以优势互补. 多模

式集合的核心思想是尽可能全面地考虑初始条件不确

定性和模式误差不确定性对预报结果的影响. 通过多

模式集合平均, 可以抵消一部分的模式间误差, 进而

提供补偿的可预报性信息(Hagedorn等, 2005; Tippett
和Barnston, 2008; DelSole等, 2014). 此外, 通过扩充

多模式集合的模式成员数量, 也能够有效避免某一特

定模式的系统性偏差对预报概率分布的影响, 进而有

助于更好地度量预报的不确定性. 因此, 多模式集合

方法通常优于单模式集合, 并能够为ENSO相关的气

候风险管理提供更有价值的决策信息(Wang等, 2009;
Becker等, 2014; Min等, 2014). 目前包括欧洲中长期

天气预测中心(European Centre for Medium-Range
Weather Forecasts, 简称ECMWF, Palmer等, 2004)、亚

太经合组织气候中心(Asia-Pacific Economic Coopera-
tion Climate Center , 简称APCC, Jeong等, 2012)、国际

气候与社会研究所(International Research Institute for
Climate and Society, 简称IRI, Barnston等, 2012)以及国

家气象局气候中心(National Climate Center of the
China Meteorological Administration, 简称NCC/CMA,
Ren等, 2019)等多个业务中心和研究机构都发展了各

自的多模式集合短期气候预测系统. IRI从2012年开始

定期发布包含全球17个动力模式和7个统计模式的

ENSO多模式集合预测结果(https://iri.columbia.edu/
our-expertise/climate/forecasts/enso/current/?enso-sst_ta-
ble). 近期, NCC/CMA发展了第一代中国多模式集合

预测系统, 包含13个动力模式、4个统计模型和3个混

合模式, 并逐月实时提供ENSO多模式集合预测结果

(http://ncclcs.ncc-cma.net/Website/?ChannelID=254). 以
上两个多模式集合系统也为目前ENSO业务化展望提

供了重要参考.
与国际上相比, 我国的ENSO多模式集合预测尚处

于起步阶段. 受到前人工作的鼓舞, 我们开发了一个多

模式集合ENSO预测系统, 其包含了从中等复杂程度至

全球环流耦合在内的5个动力模式, 采用了新的模式

(Song等, 2018)、新的集合预报方法(Liu等, 2019,
2022)、新的参数化方案(Zhang和Gao, 2016; 高川等,
2022)以及新的数据同化方法(Duan和Zhou, 2013; Tao和
Duan, 2019; Gao等, 2020; Duan等, 2022; Song等, 2022).
我们开展了过去137年(1881~2017)的回报试验以评估

ENSO预报技巧. 该系统于2020年10开始业务化试运行,
并逐月发布实时的多模式集合ENSO预报结果. 本文详

细了介绍该系统的进展, 具体包括各个模式的详细信

息、多模式集合预报系统的构建、回报数据、预报技

巧评价指标、历史回报的表现以及实时预报结果.

2 数据和方法

2.1 多模式集合预报系统

本文构建的多模式集合预报系统包含三个热带太
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平洋区域的中等复杂程度海气耦合模式, 一个热带区

域的中等复杂程度海气耦合模式以及一个全球环流耦

合模式. 模式一(M1)是在LDEO 5模式(Chen等, 2004)
的基础上, 将原模式的Nudging同化方案替换为集合卡

尔曼滤波(EnKF)方案, 并利用随机最优扰动方法(Sto-
chastic optimal, 简称SO, Kleeman和Moore, 1997)度量

大气过程的不确定性对ENSO预报结果的影响, 将原

模式的单一预报发展成为集合预报(Tang等, 2018; Liu
等, 2019; Gao等, 2020). 模式二(M2)是Zhang等(2003)
发展的, 从2003年以来一直定期开展实时ENSO预测,
并被IRI收录. 通过ENSO模拟和回报试验对模式参数

进行优化后, 该模式被中国科学院海洋研究(Institute
of Oceanology, Chinese Academy of Sciences, 简称

IOCAS)所使用, 并命名为IOCAS ICM. 该模式从2015
年8月开始定期发布热带太平洋海温的预测结果

(Zhang和Gao, 2016; Zhang等, 2022). 模式三(M3)是在

M2的基础上, 利用非线性强迫奇异向量这一新的数据

同化方法, 添加模式倾向扰动来联合度量初始误差和

模式误差对预报结果的影响(Duan和Zhou, 2013; Tao
和Duan, 2019; Duan等, 2022). 该模式能够提前两个季

节预测不同类型ENSO(Tao等, 2020). 模式四(M4)是将

经典的Zebiak-Cane模式(Cane等, 1986)的物理框架从

太平洋拓展到整个热带区域. 通过表层风场偏差订正

以及地表热通量参数化等改进, 提高了对整个热带海

温变率和海盆间相互作用模拟的准确性 (Song等 ,
2018). 模式五(M5)是CESM 1.2, 为目前被广泛使用的

地球系统模式, 也是目前国家海洋环境预报中心的业

务预测模式(李熠等, 2015). 我们通过调整次表层的

Nudging同化系数以及添加大气风场同化模块改进了

国家海洋环境预报中心的同化方案, 改善了预报初始

场的质量, 提高了ENSO的模拟和预测能力. 同时还利

用气候相关的奇异向量方法(Climatically relevant sin-
gular vector, 简称CSV, Kleeman等, 2003)为M5生成集

合初始扰动, 与单一模式预测相比, 这能够有效提升

ENSO预测技巧(Liu等, 2022). 更详细的模式信息如表

1所示. 总体来说, 这一多模式集合预报系统通过采用

了具有不同复杂程度、分辨率、物理参数化方案、资

料同化方法、初始化资料以及集合扰动生成策略的多

个模式, 可尽可能全面地考虑各种不确定性对预报结

果的影响.
从1881年到2017年, M1到M5从每年1月1日、4月

1日、7月1日和10月1日进行时长为12个月的回报试

验. 为了消除模式系统偏差, 每个模式的异常值定义为

其原始回报数据减去自身的气候态. 各个模式通过等

权重方案进行多模式集合. 由于M1和M5自身具有集

合预报系统, 因此他们各自的集合平均用来进行多模

式集合.

2.2 方法

本文中确定性预报技巧采用异常相关系数(anom-
aly correlation coefficient, 简称ACC)和均方根误差

(root mean square error, 简称RMSE)来度量:

ACC t
x t x t x t x t

x t x t x t x t
( ) =

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )
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i
f f

i
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其中, x t( )i
f 和x t( )i

o 分别表示某一变量的第i个初始条

件预报到第t个月的多模式集合平均的预测和对应的

观测结果. x f 和x o分别代表模式和观测气候态. N表示

回报总次数, 即137年×4次/年=548次.
概率预报技巧的评价采用Brier技巧评分(Brier

skill score, 简称BSS, Wilks 2011), 其评估了相对于参

考气候态的Brier评分(Brier score, 简称BS), 即度量预

报概率分布和观测频率之间的均方误差:

BS N n x o

N n o o o o

= 1 ( )

1 ( ) + (1 ), (3)

m

M

m m m

m

M

m m

=1

2

=1
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BSS BS
BS= 1 , (4)

CLM

其中, x和o分别表示某一事件的预测概率和观测频次.
M表示从0 .1到1 .0且间隔为0 .1的概率区间数目 .
xm和om是指落入第m个概率区间的所有预报和对应的

观测的均值, nm是落入该区间的预测个数. N表示预测

总次数. o代表om的均值, 表示观测到的气候态概率.

通常情况下BS o o= (1 )CLM , 因此BSS表示相对于气

候态预测, 概率预报的改进能力, BSS为正说明概率预

测有效, BSS为负说明概率预测不如气候态预测.
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我们采用Niño 3.4指数表征ENSO变率. 冷事件、

中性事件和暖事件的定义与前人研究一致(Yang等,
2016, 2018; Liu等, 2019; Yang等, 2021), 即分别取1881
到2017年间观测的Niño3.4指数气候态分布的下、

中、上三分之一分位数为划分标准. 模式第一个月回

报输出定义为提前一个月的预报. 回报结果评估用到

的观测资料选用模式同化使用较多的Kaplan SST V2
数据集(Kaplan等, 1998).

3 多模式集合预报系统中ENSO的表现

3.1 多模式集合预报提高确定性预报水平

图1为多模式集合平均的Niño 3.4指数预测(蓝线)
和对应观测(红线)的时间序列. 整体而言, 在过去的

137年里, 多模式集合预报系统能够提前一年预测大

多数ENSO事件, 尤其是显著的冷、暖事件. 在提前6
个月的回报中, 预测结果与观测基本吻合, 相关系数

可以达到0.83. 在提前12个月的回报中, 尽管观测值和

预测之间的一致性有一定程度的退化, 但相关系数也

能达到0.59. 该系统可以相对较好地捕捉到观测中主

要的厄尔尼诺和拉尼娜事件, 但随着预报提前期的增

加, 对于ENSO事件强度的预测有低估的趋势. 图2展
示的是多模式集合平均(红线)和各个模式(彩色线)预
测的Niño 3.4指数与对应观测之间的相关系数和均方

根误差. 总体而言, 无论是相关系数还是均方根误差,
多模式集合预测均表现出明显的优势, 即具备更高的

相关系数与更低的均方根误差. 该系统能够提前12个
月给出有效的ENSO预测结果(相关系数>0.5). 在北美

多模式集合试验验证时段(1982~2010, Kirtman等,
2014), 该多模式集合预测仍然具有比其任何一个模式

成员更好的相关系数和均方根误差技巧(图3), 提前

3、6和9个月预测的相关系数技巧分别能够达到

0.95、0.87和0.76, 这持平甚至优于北美多模式集合预

测的水平(3、6和9个月预测的相关系数分别为0.91、
0.83和0.7, Barnston等, 2019). 简而言之, 以上回报试验

的结果证明了多模式集合方法的优越性. 通过这一方

法各模式之间可以优势互补, 降低单一模式误差对预

报结果的影响. 在ENSO预测方面, 我们的多模式集合

预测结果可以比肩甚至优于北美多模式集合. 这一令

人鼓舞的结果也增加了我们将其应用于ENSO实时预

测的信心.

3.2 多模式集合预报改善春季预报障碍

众所周知, ENSO预测存在明显的季节变化, 称之

为“春季预报障碍” (Webster和Yang, 1992). 可以看出

在我们的多模式系统中, 每个模式都存在不同程度上

的“春季预报障碍”(图4), 即无论从何时起报, 当跨域

春季时预报技巧均呈现明显下降; 并且与7月和10月
起报相比, 1月和4月起报的技巧在春季下降更快. 即

便如此, 多模式集合平均的结果也优于任何一个模式,
预报技巧在春季下降更为缓慢. 多模式集合平均的有

效预测时长(相关系数>0.5)明显好于任何一个模式.

表 1 多模式集合预测系统中各模式信息介绍a)

模式 模式类型 模式区域 资料同化 集合扰动生成方案

M1 中等复杂程度 热带太平洋
EnKF

大气: ERA-20C UV
海洋: Kaplan SST

EnKF+SOs

M2 中等复杂程度 热带太平洋
线性差值

海洋: Kaplan SST /

M3 中等复杂程度 热带太平洋
Nudging

海洋: ERSST V5 SST /

M4 中等复杂程度 热带
Nudging

海洋: Kaplan SST /

M5 全球环流耦合 全球

Nudging
大气: ERA-20C + ERA-Interim

UV
海洋: SODA+GODAS

sea temperature

CSVs

a) SO: 随机最优扰动方法(Kleeman和Moore, 1997); CSV: 气候相关的奇异向量方法(Kleeman等, 2003)
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以上结果表明: 多模式集合平均能够明显削弱“春季预

报障碍”的影响, 提高预报的准确性. 这一改善主要得

益于经过多模式平均之后, 不同模式间的误差相互抵

消, 减少了模式误差对预报结果的影响, 提供了额外

的可预测信号(Palmer等, 2004; Hagedorn等, 2005; Del-
Sole等, 2014). 因此, 多模式集合是改善“春季预报障

碍”, 提高预测ENSO水平的有效工具.

3.3 多模式集合预报提高概率预报水平

在该多模式集合系统中, M1和M5拥有各自的集

合预报系统, 分别包含100个和20个集合成员. 因此我

们也可以评估多模式集合(共计123个集合成员)相比

于单模式集合在概率预报方面的改进情况. 图5分别展

示了多模式集合(红线)、M1(绿线)和M5(蓝线)预测

Niño3.4指数的BSS评分.可以看出,多模式集合预报改

善了在所有预报时长下对冷、暖、中性事件预测的

BSS技巧. 同时, 多模式集合可以提前11个月提供中性

事件的有效概率预报结果(BSS>0), 与任何一个单一模

式的集合预报相比, 这是一个实质性的改进. 可靠性和

分辨力是概率预报的两大特征. 可靠性表示事件的预

测概率与该事件的观测频率之间的差异. 分辨力度量

的是预报系统不同于气候态预报的能力. 多模式集合

可以同时改进概率预报的分辨力(图6)和可靠性(图7),
其中最为明显的是提高了概率预测的可靠性. 上述改

图 1 多模式集合系统提前6个月(a)和提前12个月(b)预测的Niño 3.4指数和对应观测的时间序列
红线和蓝线分别代表观测和预测结果, 灰色阴性表示集合预报的离散度
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进主要是由于多模式集合扩大了集合成员的样本空

间, 有助于更合理地刻画预报的不确定性分布, 从而提

供更可靠的概率预报结果.除上述两个指标, ROC评分

(Mason和Graham, 1999)也是一种被广泛使用的概率

预报度量指标(Dewitt, 2005; Chen和Cane, 2008;
Zheng等, 2009), 其本质含义与BSS分辨力项一致

(Yang等, 2021). 多模式集合针对冷、暖、中性事件的

ROC技巧同样在所有预报时长下均优于任何一个单

一模式的集合预报(图未显示). 这进一步表明, 多模式

集合能够提供更为有效的概率预报结果, 具有比任何

一个单一模式更高的潜在经济价值.

3.4 多模式集合预报的实时预报

基于这一多模式集合系统, 我们从2020年10月起

在自然资源部第二海洋研究所卫星海洋环境动力学国

家重点实验室网站逐月发布实时的ENSO预测结果

(https://soed.sio.org.cn/emsodm.html), 并参加国家海洋

环境预报中心和国家气候中心组织的ENSO会商, 提

供预测意见. 在过去一年多时间里, 实时预测准确地

预测了赤道中东太平洋海温的演变. 多模式集合预测

准确地抓住了最近连续两年的拉尼娜事件(图8). 从

2021年6月开始, 多模式集合预测稳定捕捉到赤道中

东太平洋海温二次变冷的趋势; 从2022年4月开始, 多
模式集合预测也预告了即将到来的三次变冷的可能

性, 这也是进入20世纪以来的第一次连续三年拉尼娜

事件. 此外, 多模式集合预测结果也与过去一年多IRI
发布的预测结果保持一致. 但由于“春季预报障碍”的
影响, 预测结果仍存在一定的不确定性, 跨越春季的

图 2 1881~ 2017年期间多模式集合系统预测的Niño3.4指
数与对应观测值的相关系数(a)和均方根误差(b)

粗红线代表多模式集合平均的结果, 彩色线代表各个模式的结果

图 3 1982~2010年期间多模式集合系统预测的Niño3.4指
数与对应观测值的相关系数(a)和均方根误差(b)

粗红线代表多模式集合平均的结果, 彩色线代表各个模式的结果
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预报效果差于全年其他时刻的预报. 尽管如此, 多模式

集合在春季的预测结果依然更加接近实况, 好于任何

一个单一模式结果.

4 总结和讨论

ENSO冷、暖事件相关的海温强迫能够激发大气

环流响应, 是进行短期气候预测的基础. 因此, 能否提

前准确预测ENSO变得至关重要, 这在气候灾害, 防灾

减灾方面具有巨大的经济和社会价值. 初始条件的不

确定性、模式误差以及海气耦合系统自身的混沌行为

均可影响ENSO的预测能力. 多模式集合方法是提高

ENSO预测水平的有效工具(Barnston等, 2012; Kirt-
man等, 2014; Barnston等, 2019). 其可充分发挥所有模

式集合成员的潜力, 更好地刻画预报的概率分布, 降低

预报误差并量化预测不确定性. 本文介绍了我们最近

发展的ENSO多模式集合预测系统, 该系统包含5个采

用不同物理过程、参数化方案、分辨率、集合扰动生

图 4 M1~M5((a)~(e))以及多模式集合系统(f)不同月份起报的Niño3.4指数与对应观测的相关系数技巧随时间的变化
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成方案、同化方法以及不同观测资料的动力耦合模

式. 这一集合方案旨在尽可能全面地考虑各种来源的

不确定性对预报结果可能造成的影响. 我们开展了长

期的回报试验, 并评估了其确定性预报和概率预报的

技巧. 结果表明, 多模式集合预测具有明显的优势, 主
要体现在:

(1) 相比于任何一个单一模式, 多模式集合预测可

以明显提高相关系数, 降低均方根误差; 其ENSO预测

水平可以比肩甚至优于北美多模式集合预测.
(2) 相比于任何一个单一模式, 多模式集合预测可

以削弱“春季预报障碍”的影响, 在跨越春季时预报技

巧下降较慢, 其有效预测时长得以明显提高.
(3) 多模式集合具备更高的概率预测技巧, 可以同

时改善可靠性和分辨力两项指标, 其中可靠性的改善

尤为突出.
(4)多模式集合成功预测出近期连续两年的拉尼

娜事件, 提前6个月捕捉到了赤道中东太平洋海温二次

变冷的趋势. 从2022年4月以来, 该系统也提示了即将

连续三年拉尼娜事件的可能性.
总体来说, 该多模式集合系统的ENSO预报效果

好于系统任何一个单一模式, 能够提供更为合理的确

定性预报和概率预报结果. 这些改进得益于: 一方面

图 5 冷事件(a)、中性事件(b)、暖事件(c)的M1和M5以及多模式集合预测MME的BSS评分随预报时间的变化

图 6 冷事件(a)、中性事件(b)、暖事件(c)的M1和M5以及多模式集合预测MME的分辨力评分随预报时间的变化

图 7 冷事件(a)、中性事件(b)、暖事件(c)的M1和M5以及多模式集合预测MME的可靠性评分随预报时间的变化
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多模式集合平均抵消了部分模式误差的影响, 增加了

额外的可预报信息; 另一方面多模式集合能够扩充集

合成员样本空间, 有助于更为合理地刻画预报不确定

性的分布. 因此, 多模式集合方法是一种有效且实用

的ENSO业务预测策略, 可为决策者及用户提供潜在

的经济和科学价值. 然而, 该多模式集合预测系统目

前仍处于初期阶段, 还有待进一步发展完善. 未来将

考虑以下两种可能的方案以进一步减少预测误差. 一

方面, 通过引入先进的经验后处理技术去订正预报结

果; 另一方面, 基于“超级集合预报”思想(Krishnamurti
等, 1999, 2016), 根据每个模式的历史表现, 采用线性

或非线性方法为模式集合分配最优权重. ENSO多模

式集合预测在我国起步较晚, 未来还需要持续增加投

入, 开展深入研究. 希望通过不懈努力, 我们的多模式

集合预报系统能够及时、准确地发布ENSO预报结果,
为业务预测和防灾减灾提供可靠支持.

致谢 感谢两位匿名审稿人对提升本文质量所提出的意

见和建议.
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