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ABSTRACT

A novel multivariable prediction system based on a deep learning (DL) algorithm, i.e., the residual neural network
and pure observations, was developed to improve the prediction of the El Nifio—Southern Oscillation (ENSO).
Optimal predictors are automatically determined using the maximal information for spatial filtering and the
Taylor diagram criteria, enabling the best prediction skills at lead times of eight months compared with most
operational prediction models. The hindcast skill for the most challenging decade (2011-18) outperforms the
multi-model ensemble operational forecasts. At the six-month lead, the correlation (COEF) skill of the DL model
reaches 0.82 with a normalized root-mean-square error (RMSE) of 0.58 °C, which is significantly better than the
average multi-model performance (COEF = 0.70 and RMSE = 0.73°C). DL prediction can effectively alleviate the
long-standing spring predictability barrier problem. The automatically selected optimal precursors can explain
well the typical ENSO evolution driven by both tropical dynamics and extratropical impacts.
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1. Introduction

proposed the positive feedback of an ocean-atmosphere coupled sys-
tem as the major process for the development of ENSO. Since then,

The El Nifio-Southern Oscillation (ENSO) is the dominant ocean—
atmosphere coupled phenomenon on Earth, typically with 2-7-year pe-
riodicity (McPhaden et al., 2006; Wang et al., 2017; Capotondi and
Sardeshmukh, 2015). Since ENSO variability can induce global environ-
mental changes through local atmospheric responses, ocean circulation,
and teleconnections, it may cause significant losses of human lives and
property (Kiladis and Diaz, 1989; McPhaden, 2015; Cai et al., 2018;
Jiménez-Munoz et al., 2016). Thus, ENSO forecasting draws significant
attention from both scientific and public communities (Latif et al., 1994,
1998; Huang et al., 2017).

Continuous efforts have been made to develop theories to better un-
derstand ENSO dynamics, as well as methods and models to forecast
ENSO, since the late 1980s (Barnston et al., 2012). Bjerknes (1969) first
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precursors related to tropical dynamics, such as the sea surface tem-
perature (SST), warm water volume (WWYV), and surface winds, have
long been considered to be useful predictors for the generation of ENSO
(Tang et al., 2018; Clarke, 2014; Tseng et al., 2017; Chen et al., 2004;
Capotondi and Sardeshmukh, 2015). The recharge-discharge process
emphasizes the key role of the upper Pacific Ocean heat content in
the phase transition of ENSO (Jin, 1997a, 1997b; Jin and An, 1999).
Since 2000, the level of prediction skill using the WWV has reduced,
which is possibly related to changes in the coupled system in the tropi-
cal Pacific (Horii et al., 2012; McPhaden, 2012; Bunge and Clarke, 2013;
Ren et al., 2019). The subsurface forcing on SST in the central-eastern
equatorial Pacific is mentioned in Gao et al. (2022). Signals outside the
tropical Pacific, such as extratropical atmospheric forcing and the In-
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dian Ocean-Atlantic remote influence, draw more attention (Lim and
Hendon, 2017; Luo et al., 2010, 2017; Chen et al., 2020; Chikamoto
et al., 2015; Ham et al., 2013). Many different important precursors
have been shown to affect the development of ENSO over different time
scales, leading to well-known ENSO complexity (Timmermann et al.,
2018; Zhang et al., 2022; Chen et al., 2022). Geng et al. (2020) em-
phasized the role of nonlinear atmospheric convection in the increasing
occurrence of strong EP (eastern Pacific) El Nifio and strong CP (central
Pacific) La Nifia. Chen et al. (2022) built a multiscale stochastic model
considering the variables over different time scales and succeeded in
reproducing the spatiotemporal dynamical evolution of different types
of ENSO events. Unfortunately, the individual roles and relative impor-
tance of these predictors in the predictability of ENSO remain unclear.

Statistical and dynamic models are two common alternatives used
for ENSO forecasting (Clarke, 2014; Goddard et al., 2001). Statistical
models use observations to construct a simplified relationship between
the predictor and ENSO dynamics based on both linear (such as discrimi-
nant analysis, canonical variate analysis, and multiple linear regression)
(Cécile, 1996; Mason and Mimmack, 2002; Clarke and Gorder, 2003;
Petrova et al., 2017) and nonlinear (such as neurological networks
(Hsieh, 2009)) methods. A recent statistical model for ENSO prediction
was constructed and successfully forecasted the three-year La Nifa event
in March 2022 (Fang and Zheng, 2021; Fang et al., 2022). Conventional
statistical models evolve slowly and are relatively low in computational
cost (Barnston et al., 2012). However, their forecast skills are limited
by short historical observations, the complexity of statistical methods,
and the current understanding of ENSO dynamics (Tang et al., 2018;
McPhaden, 1998). Dynamic models consider the fully nonlinear physical
equations governing complicated ocean-atmosphere coupled dynamics
(Barnston et al., 2012). These models are computationally more expen-
sive and have been significantly upgraded (Tang et al., 2018; Lai et al.,
2018) since the first coupled model was designed (Cane et al., 1986;
Zebiak and Cane, 1987). However, the complexity of the ENSO system,
systematic model error, missing physical processes, initialization errors,
and model drift still exist, thus reducing the predictive skill (Tang et al.,
2018; Rashid and Hirst, 2016; Hu and Duan, 2016; Zhu et al., 2017).

More than 20 models support the real-time ENSO forecast on the
International Research Institute for Climate and Society (IRI) web-
site (http://iri.columbia.edu/climate/ENSO/currentinfo/update.html).
Most of these models can reasonably forecast ENSO at least six months
ahead, with the correlation skill reaching approximately 0.65 on average
(Barnston et al., 2012). For the hindcast period of 2011-18, the statisti-
cal models (not including deep learning (DL) models) have comparable
skill to dynamic models, and even show better performances at longer
lead times. At a lead of six months, the Pearson correlation coefficient
of 0.72 for the ensemble of statistical models is higher than 0.67 for the
ensemble of dynamic models (Fig. 1). Both dynamic and statistical mod-
els have improved in the last decade. However, accurate prediction of
the onset, duration, and magnitude of ENSO events, especially extreme
ENSO events, continues to be a challenging task (Jin et al., 2008). Con-
sidering that ENSO is a damped mode triggered by stochastic forcing or
external noisy signals (Chen et al., 2004; Fedorov and Philander, 2000;
Thompson and Battisti, 2010), the limited predictability of the ENSO
system at lead times longer than six months may come from the in-
herent uncertainty of the complex dynamic system, including its spring
predictability barrier (SPB) (Larson and Kirtman, 2017; Yu et al., 2009)
and the signal-to-noise ratio problem (Rowell, 1998).

2. ENSO prediction based on deep learning

ENSO prediction can be considered an inversion problem by assum-
ing that the associated dynamics are constrained by a large amount
of data within the coupled ocean-atmosphere system, both temporally
and spatially (Wang et al., 2020; Dominiak and Terray, 2005). Thus,
new methods of digging through these data (data mining) may further
reveal the hidden dynamics to improve ENSO prediction (Chen et al.,
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1996; Lee and Siau, 2001; Ham et al., 2019, 2021). Machine learning
has unique advantages in data mining owing to its autonomic and pow-
erful self-learning ability in digging useful hidden information out of
the raw data (Lecun et al., 2015; Lary et al., 2016; Sejnowski, 2020).
DL is a branch of machine learning with a deep neural network as the
basic structure (Lecun et al., 2015). Compared with shallow networks,
DL tends to better handle complex function approximations and avoid
the underfitting problem with lower sample complexity (Mhaskar et al.,
2017; Liang and Srikant, 2016), including the challenging ENSO predic-
tion issue (Wang et al., 2020; Yan et al., 2020).

To date, ENSO prediction has normally involved specific predic-
tors (e.g., SST and/or ocean heat content) based on prior knowl-
edge/experience and well-known theory. Such prediction methods may
be limited by simplified human choice and judgment without taking
full advantage of DL. A recently developed Taylor-ResNet model (Fig.
S1, Tables S2-S3) can automatically select the optimal predictors at dif-
ferent lead times (Table S4) and hence is promising for improving ENSO
prediction. The model uses the first 80% of samples for training and the
rest for testing for all the experiments implemented in this study. It is
noteworthy that the testing samples used for prediction are separated
from the training samples. Thus, the model could not learn any infor-
mation of the testing samples before the prediction, as the real forecast.
The precursors are superimposed successively when the performance
improves according to the evaluation criterion. Thus, the model can de-
termine the optimal combination of precursors being used for different
lead times.

The prediction performance based on optimal precursors is shown in
Fig. 1. The correlation skill (COEF) of the Taylor-ResNet model remains
greater than 0.9 up to a five-month lead with small forecast errors mea-
sured by the RMSE (red dotted curves in Fig. 1), which is superior to all
the operational forecast models gathered by IRI and the Convolutional
Neural Networks (CNN) model (Ham et al., 2019). The hindcast skills of
different models are widely spread at leads beyond six months (0.4-0.82
for COEF and 0.6-1 for RMSE). The hindcast skills of all the models de-
crease quickly at longer lead times (Barnston et al., 2012; Clarke, 2014;
Chen et al., 2004), but the Taylor-ResNet model still preserves the high-
est COEF and the lowest RMSE.

At a lead of six months, the correlation skill of the DL Taylor-ResNet
model is 0.82, with an nRMSE (normalized RMSE) of 0.59. These val-
ues are superior to the ensemble of dynamic models (COEF = 0.67 and
nRMSE = 0.76 for an average of eight models) and the ensemble of
statistical models (COEF = 0.72 and nRMSE = 0.69 for an average of
six models). The nRMSE is reduced by 22% and 14% compared with
the dynamic and statistical ensembles, respectively. Most of the opera-
tional models have low skills at leads longer than nine months. For the
Taylor-ResNet model, at lead times greater than eight months, its hind-
cast performance shows a marked decline; however, its COEF is still
greater than 0.5. During 2011-18, the ensemble of statistical models
does not show a much lower prediction skill than the ensemble of dy-
namic models. The dynamic models outperform the statistical models at
lead times shorter than four months, but the reverse occurs at lead times
longer than five months. By averaging the model uncertainties and un-
predicted noises, ensemble forecasting may improve the skill compared
with using a single model (Tang et al., 2018; Kirtman and Min, 2009;
Palmer et al., 2000). Here, the skill of the ensemble based on all mod-
els (including eight dynamic and six statistical models from IRI, CNN,
and Taylor-ResNet) is mostly determined by the Taylor-ResNet model
for lead times up to eight months. For longer lead times, the ensemble
based on the Taylor-ResNet model and dynamical models outperforms
both the single models and the ensemble of all models.

3. Observational data used
The data/reanalysis that support this study are publicly available on-

line: OISST (Reynolds et al., 2007); NCEP/NCAR Reanalysis 1 project
(Kalnay et al., 1996); GODAS (Behringer and Xue, 2004); outputs
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Fig. 1. The (a) correlation skill and (b) nRMSE (RMSE divided by the standard deviations of the observations) of the Nifio3.4 index for various model hindcasts
relative to observations as a function of lead time (in months) for all target seasons during 2011-18. The yellow and green solid dotted curves denote the ensembles
of dynamical models (solid lines with square symbols) and statistical models (dashed lines with circle symbols), respectively. The red solid dotted line is the Taylor-

ResNet model, while the blue line comes from the CNN model of Ham et al. (2019).

of operational forecast models, https://iri.columbia.edu/~forecast/
ensofcst/Data/; and Oceanic Nifio Index from ERSST.v5 (Huang et al.,
2017).

4. Optimal precursors for ENSO prediction

The key precursors automatically selected at different lead months
are listed in Table S4. The SST is confirmed to be very useful for
ENSO prediction throughout all lead months, as expected (Clarke, 2014;
Lai et al., 2018). The 10 m zonal wind (UWND) also works effectively
at many lead months, followed by latent heat (LH) flux. The sea surface
zonal current (UVEL) is more effective with a 4-7-month lead. The sea
surface height, as an approximate measure of ocean heat content, is rel-
atively important at lead times within five months, which is somewhat
beyond expectation.

The spatial pattern of the maximal information coefficient (MIC, Fig.
S2, Reshef et al., 2011 ) at different lead months provides further in-
formation about the individual roles of the key precursors in the evo-
lution of ENSO. The values for MIC range from O to 1. Here, a larger
value denotes a closer dependence between the precursor and the ENSO
event. At short lead times (1-3 months, shown by the first column in
Fig. S2), the SST over the equatorial eastern-central Pacific, accompa-
nied by the UWND confined to the equatorial western-central Pacific,
shows a close relationship with ENSO (high MIC values in Fig. S2),
confirming the dominant role of the tropical SST and UWND in Ta-
ble S4. This finding is consistent with classical ENSO theories, as basin-
scale ocean-atmosphere coupled Bjerknes feedback can predominantly

control the ENSO evolution over a short period (Bjerknes, 1969; Jin,
1997a,b; Chen et al., 2015). This equatorial Pacific feedback can spread
throughout the tropical Pacific Ocean and affect the global climate,
which is the key source for forecasting the global climate (Chen et al.,
2020). These processes can be captured well by both dynamic mod-
els and other machine learning models, leading to skillful predictions
at short lead times (Ham et al.,, 2019; Yan et al., 2020; Pal et al.,
2020).

The prediction skill is gradually decreased at lead times beyond
four months. The coupled relationship between SST and UWND dur-
ing ENSO development weakens (confirmed by the MIC map, shown
by the second column in Fig. S2), indicating that the coupled feedback
is only accurately captured up to a three-month lead time. The local
initialization of Bjerknes feedback starts from the central equatorial Pa-
cific, consistent with the large MIC value for local SST at a 4-6-month
lead in combination with the UWND signal to the west (Clarke, 2014;
Bunge and Clarke, 2013; Yu et al., 2010). Wind anomalies in the west-
ern and central equatorial Pacific tend to generate eastward-propagating
Kelvin waves, providing an important source of WWV accumulation in
the tropical Pacific (Schopf and Suarez, 1988; Suarez and Schopf, 1988).
Correspondingly, UVEL along the equatorial Pacific plays an important
role in the development of ENSO through the zonal advection process
after SST anomalies have occurred (Yu et al., 2010; Kug et al., 2009),
which confirms the key role of the zonal transport of WWV in ENSO de-
velopment (Tseng et al., 2017). The LH flux in the northwestern Pacific
Ocean also plays a role and shows better correlation skill than other
predictors when the prediction starts in March and April (Fig. S3).
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As expected, the impacts of extratropical precursors tend to play
more important roles when the lead time is longer than six months
(Chen et al., 2020; Yu et al., 2010). Simultaneously, the tropical con-
tribution decreases at a 7-9-month lead (shown by the third column in
Fig. S2), consistent with the seasonal phase change for the WWV and
SST (Chen et al., 2020). The evolution of extratropical precursors is
consistent with the large MIC in the subtropical eastern Pacific for LH
flux, SST, and UWND from lead times of 7-9 months. The North Pa-
cific Oscillation-like wind fields induce surface heat flux changes, con-
tributing to warm subtropical SST anomaly footprinting (i.e., the Pacific
Meridional Mode (Chang et al., 2007)). The warm SST anomaly can be
effectively extended to the central equatorial Pacific (Yu et al., 2010;
Di Lorenzo et al., 2015) through positive wind—evaporation-SST feed-
back, i.e., commonly leading ENSO events by three seasons (Yu et al.,
2010; Chiang and Vimont, 2004; Yu and Kim, 2011; Ding et al., 2015).
These features confirm the involvement of SST, LH, and UWND in im-
proving ENSO prediction after 2000.

At 10-12-month leads, the MIC suggests that the key SST precursor
is likely confined to the central equatorial Pacific and western North
Pacific (shown in the last column in Fig. S2). The memory of the equa-
torial upper ocean may affect the evolution of ENSO approximately
one year ahead due to the frequent phase change in ENSO in succes-
sive years from 1983 to 2018. UWND over the equatorial Pacific and
the eastern Indian Ocean (not shown) also plays some role, suggest-
ing the possibility of teleconnection between the two basins. This find-
ing has been addressed in previous studies, as Indo-Pacific equatorial
winds can modulate the formation of ENSO events in the following year
through the Walker Circulation, potentially overcoming the SPB prob-
lem (Clarke and Gorder, 2003; Izumo et al., 2010; Gutzler and Harri-
son, 1987). In the mid-high latitudes of the Pacific Ocean, the dom-
inant MIC areas for UWND and LH are confined to north of approxi-
mately 20°N. The subtropical atmospheric impact on the tropical ocean
through the Victoria Mode may be denoted here (Ding et al., 2015).
Correspondingly, the superior correlation skill of UWND and LH for the
boreal spring at lead times longer than 10 months in Fig. S3 may also
confirm the potential role in alleviating the SPB problem. For the latter
half of the year, UVEL along the equator and the northeastern Pacific
Ocean perform better at long lead times, as revealed by the larger cor-
relation skill shown in Fig. S3.

Since ENSO mainly matures during boreal winter, the models’ corre-
lation skills as a function of the target season can provide more seasonal
skill information (Fig. S4). All models show degraded forecast skill for
boreal summer even at very short lead times, which extends to later
seasons for longer lead times, as Barnston et al. (2012) mentioned. For
the prediction period of 2011-18, the Taylor-ResNet model shows bet-
ter correlation skill than all the other models when the prediction starts
between March and August. Notably, both the dynamic and statistical
model ensembles are generally better than any single model (Tang et al.,
2018; Kirtman and Min, 2009). However, the dynamic model SINTEX-F
tends to perform better when the hindcast starts in March, and the sta-
tistical model CPC MRKOV shows better skill when the hindcast starts
between April and May for lead times longer than six months. The cor-
relation skill pattern for the CNN model is similar to that of the statis-
tical model ensemble. The Taylor-ResNet model is comparable with the
dynamic and statistical ensembles and even shows better performance
at longer lead times. This result indicates the potential of our model
to capture the physical processes of the ENSO system. Moreover, the
Taylor-ResNet model surpasses the other models in alleviating the SPB
problem. In particular, the predictions starting from boreal spring and
summer at medium to long lead times (three to eight months) show
better performances.

5. Conclusions

DL can effectively extract hidden information from a vast volume
of input data. In this study, a new prediction system was proposed for
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ENSO prediction, which blends a DL technique with multidimensional
variables from multisource observations. The system can automatically
determine the optimal precursors without human intervention by intro-
ducing the evaluation criterion of the Taylor diagram. In view of the
combination of optimal precursors, the prediction performance of our
system surpasses those from the operational prediction models archived
by IRIL For the prediction period of 2011-18, the correlation skill of
ENSO prediction with DL reaches 0.94, 0.82, 0.58, and 0.54 at the 3-,
6-, 9-, and 12-month leads, respectively. The standard RMSEs at the four
lead times are 0.35, 0.58, 0.85, and 0.96. Moreover, the SPB problem is
greatly alleviated in our system.

However, only a few essential optimal precursors can improve the
prediction performance. Additionally, long-range prediction may be a
major bottleneck of machine learning (Yan et al., 2020; Mu et al., 2019).
With an optimal combination of precursors using DL, despite short to
medium lead times, the hindcast skill can be relatively good (Fig. 1),
at long leads, the prediction performance is still not high enough. This
finding applies for both the CNN and the Taylor-ResNet model, in par-
ticular for the latest decade (2011-18), when ENSO prediction becomes
much more difficult. Of course, another reason may be related to the
short duration for the precursors to be validated and to represent ENSO
variability.

This study demonstrates that the combination of DL and geoscience
big data helps deepen our understanding of the Earth system. ENSO
prediction is a multidimensional integration of time, space, and physi-
cal variables while the present study carried out qualitative analyses of
different parameters, we are not yet able to give a full dynamic interpre-
tation of the constructed model. This data-driven discovery process may
also be limited by the length of available observational data. Further-
more, a better understanding of ENSO dynamics will lead to improved
designs of model algorithms. Although the method used in this study
mainly focused on hindcasting the Nifio3.4 index, in the future, differ-
ent types of Nifio index calculated over different regions can also be
learnt, which could verify the predictability limits for different types of
ENSO events, as discussed in Fang et al. (2022). Thus, ENSO complexity
can be further explored.
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