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Deep learning for skillful
long-lead ENSO forecasts
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Application Laboratory (APL), Research Institute for Value-Added-Information Generation (VAiG),

Japan Agency for Marine-Earth Science and Technology (JAMSTEC), Yokohama, Japan

El Niño-Southern Oscillation (ENSO) is one of the fundamental drivers of the

Earth’s climate variability. Thus, its skillful prediction at least a few months

to years ahead is of utmost importance to society. Using both dynamical

and statistical methods, several studies reported skillful ENSO predictions

at various lead times. Predictions with long lead times, on the other hand,

remain di�cult. In this study, we propose a convolutional neural network

(CNN)-based statistical ENSO prediction system with heterogeneous CNN

parameters for each season with a modified loss function to predict ENSO at

least 18–24months ahead. The developed prediction system indicates that the

CNN model is highly skillful in predicting ENSO at long lead times of 18–24

months with high skills in predicting extreme ENSO events compared with

the Scale Interaction Experiment-Frontier ver. 2 (SINTEX-F2) dynamical system

and several other statistical prediction systems. The analysis indicates that the

CNN model can overcome the spring barrier, a major hindrance to dynamical

prediction systems, in predicting ENSO at long lead times. The improvement in

the prediction skill can partly be attributed to the heterogeneous parameters

of seasonal CNN models used in this study and also to the use of a modified

loss function in the CNN model. In this study, we also attempted to identify

various precursors to ENSO events using CNN heatmap analysis.

KEYWORDS

El Niño-Southern Oscillation (ENSO), convolutional neural networks (CNN),

heatmaps, seasonal predictions, multi-year ENSO forecasts

1. Introduction

The effects of El Niño-Southern Oscillation (ENSO) events on weather and climate,

which have been linked to numerous climate calamities worldwide, have been extensively

discussed and well-documented in the past (Ropelewski and Halpert, 1987; Trenberth

et al., 1998; Alexander et al., 2002; Domeisen et al., 2019; Taschetto et al., 2020). The

ability to forecast ENSO events and their associated climatic impacts well in advance of

their onset is critical for the effective management of ENSO, which has been linked to

numerous climate calamities worldwide.

El Niño-Southern Oscillation has been theorized to be predictable for at least 2

years in advance (Jin et al., 2008; Luo et al., 2008). However, the predictability at

long lead times of up to 2 years and beyond is still challenging due to the unresolved

teleconnection processes. The state-of-the-art dynamical models have shown success in
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ENSO forecasting of up to 1 year lead time (Luo et al., 2005,

2008; Jin et al., 2008; Barnston et al., 2017), but forecasts

generated beyond that show moderate to poor forecasting skills,

apparently due to the spring predictability barrier (Latif et al.,

1994; Torrence and Webster, 1998; Luo et al., 2005, 2008;

Lopez and Kirtman, 2014). Various statistical models were also

developed for ENSO forecasting in the past, and some of them

are seen to outperform the dynamical models with a sufficient

difference at the 1-year lead time (Barnston et al., 1994; Tangang

et al., 1997; Dijkstra et al., 2019; Ham et al., 2019, 2021a; Yan

et al., 2020). But they show marginal improvements at the

longer lead times. With recent advances in statistical methods,

ENSO forecasting shows the possibility of skillful forecasts at

1.5- to 2-year-lead time and has succeeded in pushing the spring

predictability barrier a few seasons further than the dynamical

models (Ham et al., 2019; Hu et al., 2021; Mu et al., 2021; Zhou

and Zhang, 2022).

The studies carried out so far using the convolutional neural

network (CNN) model had some limitations in their setup to

forecast ENSO at long lead times, such as the lack of updating

the model parameters for each season and training them using

a trivial loss function (Ham et al., 2019, 2021a; Geng and Wang,

2021; Hu et al., 2021; Mu et al., 2021). We attempt to address

such limitations in this study and further improve the lead time

of ENSO prediction. Moreover, ENSO shows strong physical

linkages with the slowly evolving oceanic components in the

tropical Pacific (Chen et al., 2004; Moon et al., 2007; Luo et al.,

2008; Ramesh and Murtugudde, 2012; Ogata et al., 2013; Zhao

et al., 2021), IndianOcean (Behera et al., 2006; Izumo et al., 2010;

Luo et al., 2010; Kug and Kang, 2006), Atlantic Ocean (Ham

et al., 2013, 2021a; Chikamoto et al., 2020; Richter and Tokinaga,

2020), western hemisphere warm pool (Park et al., 2018), and

North Pacific regions (Larson and Kirtman, 2014; Pegion and

Selman, 2017; Tseng et al., 2017) at longer lead times. They can

work as potential sources of the long lead predictability of ENSO.

Among various recent deep learning schemes, the CNN has

shown significant success in the oceanic (de Silva et al., 2021;

Huang et al., 2022; Jahanbakht et al., 2022; Patil and Iiyama,

2022) and climate applications (Reichstein et al., 2019; Baño-

Medina et al., 2021; Liu et al., 2021; Cheng et al., 2022), including

the ENSO forecasting (Ham et al., 2019, 2021b; Geng andWang,

2021; Hu et al., 2021; Mu et al., 2021), due to its fine ability to

correlate the intricate patterns within the spatio-temporal data

with the target (Krizhevsky et al., 2012). Therefore, in the current

study, we propose a forecasting scheme for ENSO at very long

lead times (up to 3 years) based on CNN by additionally taking

into account the varying parameters of CNN models for each

season and training them with a customized loss function which

considers extreme ENSO events separately. This is a kind of a

novel attempt compared to previous studies of deep learning

applied to climate predictions (Ham et al., 2019, 2021b; Geng

and Wang, 2021; Hu et al., 2021; Liu et al., 2021; Mu et al.,

2021; Feng et al., 2022). We train the CNN models using the

past monthly global sea-surface temperature anomalies (SSTA)

and vertically averaged subsurface ocean temperature anomaly

(VATA) (averaged over 0–300m depth, a proxy for heat content)

fields. Model skills are compared with persistent forecasts,

dynamical models, and previous deep-learning-based forecasts.

In addition, we ran a heatmap analysis to confirm the significant

oceanic regions that contribute to subsequent ENSO episodes.

2. Datasets

To provide robustness in the validation procedure, datasets

from different sources were used in the calibration and

validation process. For the calibration phase, SSTA data from

Centennial In Situ Observation-Based Estimates (COBE) (Ishii

et al., 2005) and VATA from Simple Ocean Data Assimilation

(SODA) (Carton and Giese, 2008) were used; whereas, for the

validation phase, SSTA from NOAA Optimum Interpolation

SST v2 (OISSTv2) (Reynolds et al., 2007) and VATA from Global

Ocean Data Assimilation System (GODAS) (Behringer and Xue,

2004) were used as predictors of the CNN.

In this study, we target the prediction of the Nino 3.4

index, a representative of ENSO events (Trenberth and Hoar,

1996), estimated by averaging the spatial SSTA over the Nino3.4

region [170◦-120◦W, 5◦S−5◦N]. The index is smoothed with

a 3-month running mean during the calibration and validation

phases to reduce the impact of high-frequency variations. The

model calibration phase spans over 110 years, ranging from 1871

to 1980, using COBEv2 data, and that of the validation phase

spans over 38 years, from 1984 to 2021, using OISSTv2 data. To

provide robustness in the validation procedure, distinct datasets

for the calibration and validation phases were used. Anomalies

were calculated by removing the corresponding climatologies

from 1981 to 2020 and re-gridded to a 5◦ × 5◦ spatial resolution.

To achieve a 5◦ × 5◦ spatial resolution, datasets were re-gridded

using bilinear interpolation from the source grid. Furthermore,

standardization and normalization (−1 to+1 range) at each grid

were performed to take into account the varying source of data

and the limits of the transfer function, respectively.

3. Model and methods

We used CNN to accomplish multiyear ENSO forecasts

using the past 3 monthly SSTA and VATA fields as predictors

over the 0◦-360◦E, 55◦S−60◦N region. The lead time in

forecasting is calculated from the center month of predictors

to the center months of the target 3 monthly averaged Nino3.4

index. For example, the lead time between May–July (MJJ) 1996

predictors and Dec–Feb (DJF) 1997/98 target Nino3.4 index is

18 months.

The convolutional neural network was chosen above other

deep learning approaches because of its capacity to handle

spatiotemporal inputs and detect probable predictability sources
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from them (Krizhevsky et al., 2012). Even though several

previous studies have also shown very promising results of using

CNN toward prediction and analysis problems related to ocean

and climate studies, including ENSO forecasting, we observe

some important shortcomings in them.

In this study, we improved the proposed statistical scheme

based on CNN in three aspects considering the limitations

noted in the preceding studies of ENSO forecasting. These

improvements include (a) separate CNNmodels for each season

with varying internal parameters, (b) the loss function used for

training the CNNmodels, which accounts for the extreme ENSO

events, and (c) layers (average pooling, batch normalization) that

followed convolutional layers.

3.1. Proposed CNN architecture

The proposed CNN consists of three convolutional layers

that extract important spatial features from the predictors

(i.e., SSTA and VATA). Each convolutional layer was followed

by an average pooling layer to reduce the model parameters

without losing the extracted features. After each average pooling

layer, further layers were added to avoid over-fitting, which

include dropout, regularization, and batch-normalization layers.

Dropout layers ensure the filtering of unnecessary parts from the

input, regularization layers ensure the penalization of the large-

sized weights, whereas batch-normalization ensures further

normalization of inputs after each convolutional process.

One block of the proposed CNN model consists of

convolutional, average pooling, drop-out, regularization, and

batch-normalization layers; three such blocks were used for each

seasonal CNN. Furthermore, dense layers were added after three

blocks to output an ENSO event which was compared against

the observed ENSO event and based on the observed error,

the parameters of CNN were optimized using a customized

loss function. Figure 1 depicts briefly the architecture of the

proposed CNN and Equation (1) elaborates on the feature

extraction process. The training of the proposed CNN was done

on JAMSTEC’s Earth Simulator under Python 3.6 environment

using Tensorflow 2.2.4 (Abadi et al., 2016) in the background

and Keras 2.4.1 (Chollet, 2015) at the front end.

Nino3.4 indext=

L
∑

l=1



avgP





M
∑

f=1

∑

INPt−ld

σ





w × h
∑

i=1

(WiflRil ) +bfl











(1)

where;

INPt−ldglobal SSTA, VATA map of size
(

lat × lon
)

, for the

first convolutional layer,

feature maps for subsequent convolutional layers of size
((

lat − h+ 1
)

/2,
(

lon− w+ 1
)

/2
)

.

ld—lead time in months.

M–Number of convolutional filters with height (h),

width (w).

Ril–region where Mfocuses on part of the complete input

image INPt−ld.

Wifl–weight matrix of size “M,” shared over various regions

of INP.

bfl–bias vector of convolutional filters.

avg–Paverage pooling over region focused by “M’.

L–number of convolutional layers.

3.2. Customized loss function to train the
CNN

Wepropose a novel customized loss function for the training

of proposed seasonal CNN, unlike the trivial one, i.e., mean

square error as reported in numerous past studies of CNN. In

this customized loss function, we calculate the mean square

error between observed and forecasted ENSO events, and in

addition to it, we add a penalty to this error if the observed

ENSO event crosses one standard deviation for the respective

season. Equation (2) further elaborates on the customized loss

function used for optimizing the CNN parameters, in which the

first part is the usual mean square error loss and the second

part is additional loss added only for extreme ENSO events with

a penalty.

Customized loss function=

1

N

∑

(ObsN3.4 − PredN3.4)
2
+

α ∗ 1

N

∑

(

ObsN3.4_ext − PredN3.4
)2

(2)

where, N—Total number of validation months (38 months),

ObsN3.4–Observed Nino3.4 index,

PredN3.4–Forecasted Nino3.4 index,

α–penalty factor extreme events loss 0.5 to 1.75,

ObsN3.4_ext–Extreme ENSO events separated using one

standard deviation as a threshold for the respective season.

3.3. Seasonally varying internal CNN
parameters

Due to its seasonal foot-printing mechanism, ENSO

amplitude shows high seasonal variability, and each seasonal

CNN has different parameters to account for such high

variability. These parameters include initial weights of CNN,

convolutional filter size, number of convolutional filters, drop

out ratio, regularization penalty factor, customized loss function

penalty factor, number of dense layers, number of neurons

in each dense layer, epochs (number of training cycles),

learning rates, and cross-validation period (testing of the trained
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FIGURE 1

Architecture of the seasonally varying CNN models proposed for ENSO forecasts, trained using the past 3 monthly global spatial fields of SSTA

and VATA. Various additional layers of dropout, regularization, and batch normalization are added after the convolution layer for avoiding

overfitting. Training is performed using a customized loss function. Various internal CNN parameters are obtained using random search

algorithms over 300 di�erent trials.

parameters at the initial, middle, or end of the total calibration

period). The limits of these various parameters are briefed in

Supplementary Table S1. It is quite advantageous to vary these

parameters to enhance forecasting ability (Bergstra and Bengio,

2012). Furthermore, each seasonal CNN was initialized with 300

trials of different combinations of these parameters. These 300

trials were ranked in decreasing order of performance using

higher correlation skill and lowermean square error values 1–10,

and the top ten members were retained as ensemble members.

3.4. Heatmaps

We analyzed the important regions contributing to skillful

ENSO forecasts in CNN using heatmaps. These heatmaps are

multiplications of an activation map from the first or third

convolutional layer with gradients from the same layer. The

heatmaps are extracted from the best ensemble member among

the top ten. These heatmaps have been proposed by Selvaraju

et al. (2020) and were further found useful for estimating the

relative contribution of the predictors in a few recent past studies

(Liu et al., 2021; Feng et al., 2022). Equation (3) elaborates

on the estimation of activation maps for specific convolutional

layers (Krizhevsky et al., 2012) and Equation (4) elaborates

on the extraction of gradients from a specific layer (Selvaraju

et al., 2020). The proposed GradCAM heatmaps are generated

by multiplying Equations (3) and (4).

ActMap=

M
∑

f=1

∑

INPt−ld

σ





w × h
∑

i=1

(WiflRil ) +bfl



 (3)

∂L

∂Xi
=

M
∑

m = 1

∂L

∂Om
×

∂Om

∂Xi
(4)

where;

L - Customized loss function, M - number of filters in last

convolutional layer.

Xi - output of the current layer, i - number convolutional

filters ,

Om - outputs from last layer (PredN3.4).

3.5. SINTEX-F2 dynamical prediction
system

The dynamical seasonal prediction system is based on

a fully coupled global ocean–atmosphere circulation model

(CGCM) called SINTEX-F ver. 2 developed under the EU–Japan

collaborative framework (Masson et al., 2012; Sasaki et al., 2013).

This system adopts a relatively simple initialization scheme

based only on the nudging of the SST data (Doi et al., 2016)

and a three-dimensional variational ocean data assimilation

(3DVAR) method by taking three-dimensional observed ocean

temperature and salinity data into account (Doi et al., 2017).

In consideration of the uncertainties of both initial conditions

and model physics, the system had 12 members for the 24-

month lead predictions initiated on the first day of each

month from 1983 to 2015 (Doi et al., 2019). Although the

previous version of the SINTEX-F is also skillful at predicting

seasonal climate anomalies of up to a 2-year lead during

specific ENSO years, the prediction skills of ENSO beyond

a 1-year lead time are partly improved by the SINTEX-F2

(Behera et al., 2021).

4. Results

The ENSO forecasts generated from the proposed CNN

models were validated for the ensemble mean over the ten
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best ensemble members from 1984 to 2021 against the Nino3.4

index calculated from the OISSTv2 dataset. Skill assessment

of these ENSO forecasts was done using deterministic and

probabilistic skill measures, namely correlation coefficient and

relative operating characteristic curve (ROC), respectively.

4.1. Deterministic skills

4.1.1. Multi-year all season ENSO index
correlation skill

Correlation coefficients (hereafter, correlation skills) are

used to evaluate the model’s deterministic skill score. Figure 2

shows the comparison of correlation skills for ENSO forecasts,

namely seasonally varying-parameter CNN models, fixed-

parameter CNN models, and reforecast output from the

SINTEX-F2 dynamical model (hereafter SINTEX-F2) as a

function of lead time ranging from 12 to 36 months. The

correlation skill is compared for all season-forecasted ENSO

indices obtained by combining the forecasted ENSO index from

individual seasonal CNN models.

The all-season correlation skills of the forecasted ENSO

index for seasonally varying parameter CNN models show

higher values ranging from 0.57 to 0.40 for 12- to 23-month

lead times, whereas the same for fixed parameter CNN and

SINTEX-F2 are much lower, from 0.48 to 0.25 (Figure 2). The

performance of the CNN with fixed parameters is similar to

that reported in earlier studies by Ham et al. (2019, 2021b),

Yan et al. (2020), Hu et al. (2021), Mu et al. (2021), and

Geng and Wang (2021). Both the varying and fixed parameter

CNNmodels outperform the SINTEX-F2 dynamical model over

12–23-month lead times. The performance of the CNNmodel is

also better than the persistence (Figure 2).

Encouraged by the performance of the CNN model in

predicting the ENSO index of up to the 24-month lead time, we

extended the forecast seasonally varying CNNmodel predictions

to even lead times of up to 3 years. As seen in Figure 2, the all-

season forecasted ENSO index correlation skill is modest but is

higher than 0.35 from 2 to 2.5 years of lead time; afterward, it

drops to 0.25 at around 3 years of lead time. However, the CNN

performs better than persistence, even for a lead time of 3 years

(Figure 2).

4.1.2. Seasonal variation of correlation skill

Because ENSO has a seasonal phase-locking nature, it is

likely to have a similar effect on the forecasting skills for

individual seasons. Figure 3A shows seasonal variation in the

ensemble mean correlation skills for the forecasted seasonal

ENSO index from seasonally varying CNN models of over

12–23 months of lead times, validated against observed seasonal

ENSO index calculated from the OISSTv2 dataset from 1984 to

2021. The correlation skill of seasonally varying CNN models is

observed to be higher than 0.6 during most of the target seasons

for 12–18 months of lead time, except for a few. SINTEX-F2

was observed better only during the winter and spring seasons

but with poor correlations for other seasons relative to the

CNN model. Moreover, high correlation skills of > 0.6 for the

proposed CNN are continued till 21 months of lead time for the

winter (DJF) season. The corresponding skill is below 0.4 after 18

months of lead time for SINTEX-F2 and other fixed parameter

CNN models evaluated in this study as well as some previous

studies, such as Ham et al. (2019), Hu et al. (2021), Mu et al.

(2021), and Zhou and Zhang (2022).

Furthermore, it is critical to comprehend the model

prediction capabilities’ behavior in relation to the spring

predictability barrier. Because of ENSO’s strong seasonal phase-

locking nature, the forecast skills for the boreal spring season

have rapidly declined, allegedly due to the least resilient ocean–

atmosphere system during spring (Webster and Yang, 1992).

Such a spring barrier has been seen for SINTEX-F2 (Figure 3B)

and previous deep learning ENSO forecasting research (Ham

et al., 2019; Hu et al., 2021; Mu et al., 2021; Zhou and

Zhang, 2022), where prediction skills deteriorated during the

spring season. However, this deterioration was noticed with

greater severity around 14 months lead time and continued

to be bad for both SINTEX-F2 (Figure 3B) and previous deep

learning investigations. Interestingly, seasonally variable CNN

models show comparable prediction abilities across all seasons

(Figure 3A), with the first rapid reduction occurring at a

somewhat late lead time, around 20 months. Furthermore, the

expansion of such declining prediction skills beyond 20 months

advance time was restricted to a few seasons (Figure 3A), in

contrast to SINTEX-F2, which is spreading further (Figure 3B).

As a result, the proposed seasonally variable CNN models are

successful in breaking through the so-called spring predictability

barrier. In addition to this, a high correlation skill between

0.5 and 0.6 is noticed in seasonally varying CNN models at

even longer lead times of 2–3 years during the winter and early

spring seasons (refer to Figure 4) when ENSO generally is in its

respective peak and decaying phases.

4.1.3. All season forecasted ENSO index

The time series of the observed, SINTEX-F2 predicted,

and CNN predicted ENSO index along with the spread in the

CNN ensemble members are shown in Figure 5. It is evident

that seasonally varying CNN was successful in recording the

peak ENSO events such as the El Niño of 1997/98, 2002/03,

and 2009/10; and La Niña of 1988/89, 1999/00, 2010/11, and

2020/21. The SINTEX-F2 failed to predict most of those events.

However, the CNN failed to capture the amplitude of the

events correctly; although the amplitude of the forecasted

ENSO index was underestimated, the phase was correctly

predicted even at a longer time of 2.5–3 years (Refer to

Supplementary Figure S1).
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FIGURE 2

Multi-year CNN ensemble mean correlation skills as a function of lead time for all season forecasted ENSO index combined from each seasonal

CNN model (blue) compared with fixed parameter CNN model (green), SINTEX-F2 (orange), and persistent predictions (black) (calculated from

OISSTv2). Validation of CNN experiments is done using the observed ENSO index calculated from OISSTv2 data over 38 years from 1984 to

2021, whereas validation of SINTEX-F2 is done from the period 1984 to 2015 (32 years). Correlations outside light gray shading are statistically

significant at a 95% level based on Student’s 2-tailed t-test.

FIGURE 3

Ensemble mean correlation skills during each target season from seasonally varying CNN models (A) compared against SINTEX-F2 (B) through

12–23 months lead time. The validation period for the CNN experiment is 1984–2021 and SINTEX-F2 is 1985–2015. Hatching and dots represent

the correlations >0.6 and <0.4, respectively. Correlations above 0.32 are statistically significant at a 95% level based on Student’s 2-tailed t-test.

4.1.4. Peak and growth season forecasted
ENSO index

We compared the forecasted ENSO index with those

observed during peak (DJF) and growth Jun–Aug (JJA)

seasons separately. As depicted in Figure 6, we notice a higher

correlation skill in the predicted ENSO index during both peak

and growth seasons at lead times of 18 and 23 months, as was

seen for all season forecasted ENSO index. It is significant that

the proposed CNN models are consistent in forecasting ENSO

events during both growth and peak seasons, with a slightly

improved skill for growth season at the 23-month lead time. On

the other hand, in SINTEX-F2, though it is moderately better
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FIGURE 4

Same as in Figure 3A but up to a lead time of 36 months. Moderate to high correlations of 0.4–0.6 are noted at very high lead times, around 32

months. Correlation above 0.32 is statistically significant at a 95% level based on Student’s 2-tailed t-test.

FIGURE 5

All season forecasted ENSO index from seasonally varying CNN models ensemble mean (blue), ensemble spread (shaded), SINTEX-F2 (orange)

validated with observed OISSTv2 Nino3.4 index (black) at a lead time of 18 (A) and 23 (B) months. The validation period for the CNN experiment

is 1984–2021 and SINTEX-F2 is 1985–2015. Correlation skills mentioned in the figures are statistically significant at a 95% level based on

Student’s 2-tailed t-test.
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FIGURE 6

Time series of the ensemble mean forecasted ENSO index from seasonally varying CNN models (blue), SINTEX-F2 (orange) and validated with

observed OISSTv2 (black) at lead time of 18 (solid) and 23 (dotted) months for (A) DJF and (B) JJA seasons. The validation period for the CNN

experiment is from 1984 to 2021 and SINTEX-F2 is 1985-2015. Correlation skills mentioned in the figures are statistically significant at a 95%

level based on Student’s 2-tailed t-test.

at 18 months, a further drop in the forecast skills is seen at

23 months’ lead time during the peak season; with poor or no

skills during the growth season. In addition, the winter season

further demonstrates moderate correlation skills (0.43–0.39)

for 2.5–3 years lead times with skills to forecast the El-Niño

events of 1997/98, 2009/10, and 2015/16; and La-Niña events

of 1984/85, 1999/00, and 2017/18 with slight underestimation

in amplitude. Nonetheless, the growth season presents only

reasonable to moderate skills at those lead times (Refer to

Supplementary Figure S2).

5. Probabilistic skills

We further evaluated these models for their skills

in probabilistic forecasts based on a relative operating

characteristics (ROC) curve over the best ten ensemble

members varying in initial conditions and internal CNN

parameters. Figure 7 presents the probabilistic skills of all

season forecasted ENSO index at 18- and 23-month lead

times for El Niño, neutral, and La Niña events separated

using a threshold of +0.5◦C. ROC is plotted using hit rate

and false alarm ratios, estimated by the number of events

recorded vs. the total number of events that occurred, and

the number of events wrongly forecasted vs. the number of

nonevents, respectively, at various probability thresholds,

as detailed in Mason and Graham (1999). The values in

the ROC curve near the bottom-left indicate all ensemble

members forecasting an event; thus, a high chance of an

occurrence. Similarly, the values near the top-left indicate

very few members forecasting an event; thus, a low chance

of an occurrence. The overall probabilistic skill of the ROC

curve is judged by the area under the ROC curve (AUC), the

higher the AUC value highly, the more reliable the models

are, and vice versa. Furthermore, the random predictions

have an AUC of 0.5, as indicated by the black line in

Figure 7. For a skill to be significant, it must be between 0.5

and 1.

Seasonally varying CNN models show high probabilistic

skills at both lead times with a slight reduction at 23 months

(Figure 7B). AUC for both El Niño and La Niña events is seen

to be higher than 0.7 at both lead times, which is noteworthy, as

El Niño events are comparatively difficult to predict compared to

La Niña events (Philander, 1999; Luo et al., 2017). In addition, it
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FIGURE 7

Probabilistic skill measured by ROC for various El-Niño (red), Neutral (black), and La-Niña (blue) events from all season forecasted ENSO index

by seasonally varying CNN models at lead time of 18 (A) and 23 (B) months across various probability thresholds. An ensemble size of ten

members is used for estimating the ROC. A threshold of ±0.5◦C is used to separate various types of ENSO events. The dotted gray line indicates

the probabilistic skills of random predictions. The procedure followed for calculating the hit rate and false alarms ratio is adopted by Mason and

Graham (1999). Points to the left indicate many ensemble members capturing an event, whereas points to the right indicate very few members

capturing an event in each panel.

is also important for models to forecast neutral events skillfully

(Goddard and Dilley, 2005; Yu et al., 2010), wherein AUC for

neutral events is >0.62 which is slightly lower than El Niño

and La Niña events. However, skills are still substantially higher

than the skills of random predictions. Moreover, very long

lead forecasts up to 2.5–3 years show a moderate reduction

in this skill compared with 18–23-month-lead times having an

AUC >0.6 for El Niño, La Niña, and neutral events (Refer to

Supplementary Figure S3).

6. Heatmap analysis

The above analysis indicates that the CNN model has good

skills in predicting the ENSO index with a lead time of 1–3

years. In order to identify the regions of the global oceans that

would have contributed to the skillful prediction of ENSO in the

CNNmodel, we carried out a heatmap analysis of the seasonally

varying CNNmodels. The heat map analysis was carried out for

the extreme ENSO events. The heatmap analysis was performed

for the first ensemble member among the best ten members for

the third convolutional layer at 18- and 23-month lead times

focusing on the boreal winter and summer. These heatmaps

were based on the gradients (Equation 3) and activation maps

(Equation 4) multiplied together at each region, better known

as “‘GradCAM,” proposed by Selvaraju et al. (2020); refer to

section Heatmaps of “Methods” for details. Darker regions in

the heatmaps (Figures 8–11) portray stronger influences on the

subsequent ENSO event.

6.1. Growth season (boreal summer)

We illustrate the contribution of various ocean regions using

GradCAM heatmaps in Figure 8 to the growth season at 18-

and 23-month lead times observed during the strongest El Niño

events of 1997 and 2015 and La Niña events of 1998 and 2020.

When compared to previous events, the 1997 El Niño was one of

the strongest on record; predictors for the same were obtained

from the Nov–Jan (NDJ) of 1995.

The prominent regions contributing to the 1997 El-Niño

during the growth season were identified from the heatmaps as

the Western Pacific, Southeast Pacific, Indian Ocean, tropical

and subtropical southern Atlantic, and western hemisphere

warm pool (Figure 8a). Similar regions were also noticed for

the subsequent stronger El Niño event of 2015 (Figure 8c)

when predicted from the NDJ-2013 at 18 months lead time,

where the contributions from the Indian and Atlantic Ocean

were relatively stronger with similar influence from the western

Pacific. On the other hand, the contributors to the stronger

La Niña events of 1998 (Figure 7B) and 2020 (Figure 7D) were

of the opposite nature. Most of the influences come from

similar regions when predicted by NDJ-1996 and NDJ-2018
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FIGURE 8

Contribution of various oceanic regions estimated using GradCAM heatmaps (Selvaraju et al., 2020) for the best ensemble member among the

top ten seasonally varying CNN models during growth (JJA) season ENSO index forecasting for strongest El-Niño of 1997, 2015 and La-Niña of

1998, 2020 with a lead time of 18 months (using NDJ season as predictors) (a–d) and 23 months (using JJA season as predictors) (e–h)

estimated by multiplying Equation (3) and (4). Heatmaps (shaded) are estimated for the third convolutional layer. Darker shades indicate strong

influence, with positively correlated shown in orange and negatively correlated in blue. Strong SSTA and VATA anomalies are overlapped on

heatmaps with black and green contours, respectively, with solid lines for positive and dashed lines for negative values. The Tropical Pacific

Ocean is highlighted by the black box.

at an 18-month lead time, with a weaker influence from the

western Pacific and a stronger influence from the central Pacific.

On the contrary, the contributing areas for the 23-month

lead time are comparatively spread away from the western

and central Pacific to the Indian and Atlantic Oceans with a

stronger influence. For example, the Indian Ocean is strongly

highlighted for 23 months lead time compared to the 18-month

lead for La Niña of 1998 and 2020; El Niño of 2015; and

the Atlantic Ocean for all the mentioned events (Figures 8e–

h).

Interestingly, the roles of these mentioned regions are

already identified in connection with successive ENSO

developments in several past studies. This includes a negative

(positive) dipole mode in the Indian Ocean triggering El Niño

(La Niña) (Behera et al., 2006; Kug and Kang, 2006; Izumo et al.,

2010; Luo et al., 2010). Negative (positive) surface anomalies

in the Atlantic and subtropical Atlantic Ocean may lead to

El Niño (La Niña) (Ham et al., 2013, 2021a; Zhang et al.,

2019; Richter and Tokinaga, 2020) and positive (negative)

surface anomalies in the western hemisphere warm pool

potentially trigger El-Niño (La-Niña) (Park et al., 2018), surface

anomalies in northern Pacific through Pacific meridional Mode

(Chang et al., 2007), and surface and subsurface anomalies

in the western to central Pacific preconditioning for various

ENSO events (Ramesh and Murtugudde, 2012). Thus, the

influential regions captured by the heatmap analyses in
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FIGURE 9

(a–d) Same in Figures 8e–h, but heatmaps are estimated using only gradients as in Equation (4) from the first convolutional layer at 23 months

lead time.
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FIGURE 10

Heatmaps for highlighting the contribution of various oceanic regions for best ensemble member among the top ten seasonally varying CNN

models during peak (DJF) season ENSO index forecasting for strongest El-Niño of 1997/98, 2015/6 and La-Niña of 1998/99, 2020/21 with a lead

time of 18 months (using MJJ season as predictors) (A–D) and 23 months (using DJF season as predictors) (E–H). Heatmap estimation, shades,

and contour meaning are the same as in Figure 7.

our study are supported well by the dynamical analysis in

previous studies.

The precursors during the growth season were also analyzed

from the first convolution layer at the 23-month lead time

due to the stronger influence from the faraway Pacific region.

An intriguing fact was distinguished in the Indian Ocean with

a negative-dipole-mode-like structure as the only foremost

precursor for various mentioned ENSO events, as depicted

in Figure 9. Such a clear negative IOD-like pattern as a

precursor to El Nino events was not captured by the heatmap

analyses in previous studies (Ham et al., 2019, 2021b). A

small disparity is observed though in this additional precursor

analysis for La Niña events where the potential precursors were

supposed to be the positive-dipole-like structure instead of the

negative one.

6.2. Winter season

Potential precursors for the winter season were also

observed for various stronger ENSO events, as shown in

Figure 10. The nature of the precursor regions is similar to

that seen during the growth season and at an 18-month

lead time with predictors from the MJJ season. The major

contributing areas for El Niño of 1997/98 (Figure 10A) and

2015/16 (Figure 10C) are highlighted as a negative-dipole-like

structure in the Indian Ocean as well as anomalies in the western

and subtropical Pacific, and subtropical Atlantic Ocean. The

opposite nature of the precursors is seen for La Niña of 1998/99

(Figure 10B) and 2020/21 (Figure 10C). At the lead time of 23

months using the DJF season as the predictor (Figures 10E–

H), the potential precursors were also noted in far regions
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FIGURE 11

(A–D) Same in Figures 10A–D, but heatmaps are estimated using only gradients as in Equation (4) from the first convolutional layer at 23 months

lead time.

of the tropical Pacific, Indian, and Atlantic Oceans. On the

contrary, the influence of the tropical Pacific at a lead time

of 23 months was also noted along with other regions unlike

during the growth season. This contribution is attributed to

the strong anomalies occurring in the tropical Pacific Ocean

during the preceding peak season, which may be related to
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FIGURE 12

All season forecasted ENSO indexes from seasonally varying CNN models for the ensemble mean (blue), best ensemble member (green), and

individual ten ensemble members (light blue) validated with observed (OISSTv2, black) index over a period from 1984 to 2021 at a lead time of 18

months. Despite the underestimation in the ensemble mean, few ensemble members are seen significantly capturing the amplitude of

important ENSO events. Correlation skills mentioned in the figure are statistically significant at a 95% level based on Student’s 2-tailed t-test.

the biennial mode of ENSO variability (Rasmusson et al.,

1990).

Similar to the growth season, we further analyzed the

heatmap for the winter season at 30 months’ lead time

from the first convolutional layer. The results highlighted the

south-western Indian Ocean as the main contributor. At the

same time, the western hemisphere warm pool and northern

tropical Atlantic Ocean were moderate contributors triggering

successive ENSO events as seen in Figure 11. The anomalies in

the south-western region can further grow in positive or negative

IndianOcean dipolemode events (Rao and Behera, 2005), which

may further trigger the successive ENSO events (Izumo et al.,

2010).

7. Discussion

The forecast skill of seasonally varying CNNmodels is found

to be better than those of the fixed-parameter CNN, SINTEX-

F2 dynamical model, and previous deep learning-based ENSO

predictions (Ham et al., 2019, 2021a; Geng and Wang, 2021;

Hu et al., 2021; Liu et al., 2021; Mu et al., 2021). Despite the

higher forecast skills observed in our CNNmodels for all season

forecasted ENSO index and its seasonal variation, the amplitude

of the ENSO index in the ensemble mean was underestimated

(Figure 5). Such an underestimation is likely due to the selection

of the best ten members for making the ensemble mean. As can

be seen in Figure 12, indeed a few members, among the best ten,

are capable of catching the peak of extreme ENSO events. Such

an underestimation is common in statistical schemes and is also

observed in preceding studies applied to ENSO forecasting (Yan

et al., 2020; Geng and Wang, 2021; Hu et al., 2021; Mu et al.,

2021). Furthermore, such underestimation can be corrected

using a suitable bias correction technique (Eade et al., 2014),

provided that the observed and forecasted indices are highly

correlated, as shown in Figures 5, 6.

Apart from the underestimation, the forecasted all-season

ENSO index was found to miss a few important events,

including the El Niño of 2015/16, La Niñas of 1998/99, 2007/08,

2010/11, and the recent 2020/21 (Figure 5). Nonetheless, these

missed events were found to be reasonably captured either

during the growth/peak season by the ensemble mean (Figure 6)

or by one of the ensemble members with substantial skill

(Figures 12, 13).

In addition to the improvements in deterministic skills,

our CNN models do show noteworthy skills in probabilistic

forecasts. AUC for various types of ENSO events was found

to be significantly higher at 18- to 23-month lead times and

to have reasonable to moderate skills at 30- to 36-month lead

times. The AUC for El Niño events was sometimes found

to be higher compared to that of the La Niña events. Such

skills will greatly benefit from being able to reliably forecast

stronger El Niño events, which may occur more frequently in

future decades due to climate changes (Timmermann et al.,

1999; Cai et al., 2014; Wang et al., 2017; Freund et al., 2020).

Furthermore, the probabilistic skills mentioned above were

based on the +0.5◦C threshold used to separate different types

of ENSO events; it is interesting to note that such skills are least

disturbed when the threshold is increased to +1.0◦C (Refer to

Supplementary Figure S4).

Heatmap analyses suggest that the precursors are widely

spread in the world’s oceans. Though most precursors were in

the tropical Pacific, significant precursors also manifested in the

Indian and Atlantic Oceans much prior to ENSO occurrences.

Moderate to significant contributions (Figure not shown) came

from the tropical Pacific at a lead time of 23 months; such
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FIGURE 13

Same as in Figure 12 but for the DJF (A) and JJA (B) seasons. Correlation skills mentioned in the figures are statistically significant at a 95% level

based on Student’s 2-tailed t-test.

contributions were also noted by Ramesh and Murtugudde

(2012) when they analyzed precursors of ENSO at an 18-month

lead time, suggesting the intrinsic precursors of ENSO may

largely be buried inside the tropical Pacific. Indeed, a separate

numerical study is required to support such an analysis of the

ENSO precursor at a very long lead time of 30–36 months.

Furthermore, the Indian Ocean emerges as one of the main

contributors to successive ENSO events. As noted in additional

heatmaps analysis performed for long (23 months) (Figure 9)

and very long (30 months) lead times (Figure 11), obvious

patterns of negative Indian Ocean dipole are observed with

regions in the south-western Indian Ocean during the growth

and winter seasons, coinciding with stronger SSTA and VATA.

8. Conclusion

The present study demonstrates the potential of CNN

models to accurately forecast ENSO events at long lead times

of up to 2 years in all seasons and further up to 3 years for the

winter season. Such ENSO forecasts are also found to greatly

outperform the state-of-the-art dynamical model SINTEX-F2

and previous deep-learning approaches. The proposed CNN

models are also efficient in forecasting the important extreme

ENSO events during the seasons of interest. Such forewarning

of ENSO events is extremely important as these extremes are

considered to occur more frequently in the near future (Cai

et al., 2014). However, the tropical Pacific Ocean provides the

majority of forecasting skills with a 2-year lead time. Regions

in the Indian, Atlantic, and tropical Pacific Oceans are found

to be responsible for the generation of successive ENSO events.

In particular, substantial contributions come from the Indian

Ocean at longer lead times of 2–3 years. In conclusion, this

study shows that CNN is a prospective tool for providing skillful

ENSO forecasts relative to the current dynamical systems and

can investigate possible precursors.

Data availability statement

The datasets used for training and validating the proposed

CNNmodels are openly available. COBEv2 SST data is obtained

from (https://psl.noaa.gov/data/gridded/data.cobe2.html).

SODA v2 and GODAS datasets are acquired from (http://

apdrc.soest.hawaii.edu/datadoc/soda_2.2.4.php) and (http://

apdrc.soest.hawaii.edu/datadoc/godas_monthly.php). OISSTv2

data is available from (https://psl.noaa.gov/data/gridded/data.

noaa.oisst.v2.html). The outputs of SST from the SINTEX-F2

Frontiers inClimate 15 frontiersin.org

https://doi.org/10.3389/fclim.2022.1058677
https://psl.noaa.gov/data/gridded/data.cobe2.html
http://apdrc.soest.hawaii.edu/datadoc/soda_2.2.4.php
http://apdrc.soest.hawaii.edu/datadoc/soda_2.2.4.php
http://apdrc.soest.hawaii.edu/datadoc/godas_monthly.php
http://apdrc.soest.hawaii.edu/datadoc/godas_monthly.php
https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.html
https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.html
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org


Patil et al. 10.3389/fclim.2022.1058677

dynamical model were furnished on request by Dr. Takeshi Doi,

APL, JAMSTEC, please contact on takeshi.doi@jamstec.go.jp.

Author contributions

KP, TD, VJ, and SB contributed to the study’s

conceptualization, article writing, and findings interpretation.

TD performed the SINTEX-F2 dynamical model setup and

predicted global SSTA. KP was in charge of CNN modeling and

analysis. All authors contributed to the article and approved the

submitted version.

Funding

KP is appreciative of the financial support provided

by the JAMSTEC young research award to carry out

this study.

Acknowledgments

KP gratefully welcomes the financial assistance provided by

the JAMSTEC young research grant as well as the computational

assistance supplied by Earth Simulator by JAMSTEC in order

to complete this project. The authors also want to thank the

reviewers for their insightful feedback on the manuscript. The

authors also thank Python, Keras, and Tensorflow developers for

contributing open-source libraries.

Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could

be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed

or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be

found online at: https://www.frontiersin.org/articles/10.3389/

fclim.2022.1058677/full#supplementary-material

References

Abadi, M., Agarwal, A., Barham, P., Brevdo, E., Chen, Z., Citro, C., et al. (2016).
Tensorflow: Large-scale machine learning on heterogeneous distributed systems.
arXiv preprint arXiv:1603, 04467.

Alexander, M. A., Bladé, I., Newman, M., Lanzante, J. R., Lau, N. C., Scott,
J. D. (2002). The atmospheric bridge: the influence of ENSO teleconnections
on air–sea interaction over the global oceans. J. Clim. 15, 2205–2231.
doi: 10.1175/1520-0442(2002)015&lt;2205:TABTIO&gt;2.0.CO;2

Baño-Medina, J., Manzanas, R., and Gutiérrez, J. M. (2021). On the suitability
of deep convolutional neural networks for continental-wide downscaling of Clim.
change projections. Clim. Dyn. 57, 2941–2951. doi: 10.1007/s00382-021-05847-0

Barnston, A. G., Tippett, M. K., Ranganathan, M., and L’Heureux, M. L. (2017).
Deterministic skill of ENSO predictions from the North American Multimodel
Ensemble. Clim. Dyn. 53, 7215–7234. doi: 10.1007/s00382-017-3603-3

Barnston, A. G., van den Dool, H. M., Zebiak, S. E., Barnett,
T. P., Ji, M., Rodenhuis, D. R., et al. (1994). Long-lead seasonal
forecasts—where do we stand? Bull. Am. Meteorol. Soc. 75, 2097–2114
doi: 10.1175/1520-0477(1994)075&lt;2097:LLSFDW&gt;2.0.CO;2

Behera, S. K., Doi, T., and Luo, J. J. (2021). “Air–sea interaction in tropical Pacific:
The dynamics of El Niño/Southern Oscillation,” in Tropical and Extratropical
Air-Sea Interactions (Amsterdam, Netherlands: Elsevier), 61–92.

Behera, S. K., Luo, J. J., Masson, S., Rao, S. A., Sakuma, H., Yamagata, T., et al.
(2006). A CGCM study on the interaction between IOD and ENSO. J. Clim. 19,
1688–1705. doi: 10.1175/JCLI3797.1

Behringer, D., and Xue, Y. (2004). “EVALUATION OF THE GLOBAL Ocean
DATA ASSIMILATION SYSTEM AT NCEP: THE Pacific Ocean,” in Eighth Symp.
on Integrated Observing and Assimilation Systems for Atmosphere, Oceans, and
Land Surface. AMS 84th Annual Meeting (2004) (Washington State Convention
and Trade Center, Seattle, Washington: AMS), 11–15.

Bergstra, J., and Bengio, Y. (2012). Random Search for Hyper-Parameter
Optimization. J. Mach. Learn. Res. 12, 281–305. Available online at: http://jmlr.org/
papers/v13/bergstra12a.html

Cai, W., Borlace, S., Lengaigne, M., van Rensch, P., Collins, M., Vecchi, G.,
et al. (2014). Increasing frequency of extreme El Niño events due to greenhouse
warming. Nat. Clim. Change 4, 111–116. doi: 10.1038/nClim.2100

Carton, J. A., and Giese, B. S. (2008). A reanalysis of
ocean climate using Simple Ocean Data Assimilation (SODA).
Mon. Weather Rev. 136, 2999–3017. doi: 10.1175/2007MWR1
978.1

Chang, P., Zhang, L., Saravanan, R., Vimont, D. J., Chiang, J. C. H., Ji, L., et al.
(2007). Pacific meridional mode and El Niño-Southern Oscillation. Geophys. Res.
Lett. 34, L16608. doi: 10.1029/2007GL030302

Chen, D., Cane, M. A., Kaplan, A., Zebiak, S. E., and Huang, D. (2004).
Predictability of El Niño over the past 148 years. NatURE 428, 733–736.
doi: 10.1038/nature02439

Cheng, J., Liu, J., Kuang, Q., Xu, Z., Shen, C., Liu, W., et al. (2022). DeepDT:
generative adversarial network for high-resolution climate prediction. IEEE Geosci.
Rem. Sens. Lett. 19, 1–5. doi: 10.1109/LGRS.2020.3041760

Chikamoto, Y., Johnson, Z. F., Wang, S.-Y. S., McPhaden, M. J., and Mochizuki,
T. (2020). El Niño–Southern oscillation evolution modulated by atlantic forcing. J.
Geophy. Res. Oceans 125, e2020JC016318. doi: 10.1029/2020JC016318

Chollet, F. (2015). Keras. Available at: https://github.com/fchollet/keras
(accessed May 12, 2022).

de Silva, A., Mori, I., Dusek, G., Davis, J., and Pang, A. (2021). Automated rip
current detection with region based convolutional neural networks. Coast. Eng.
166, 103859. doi: 10.1016/j.coastaleng.2021.103859

Frontiers inClimate 16 frontiersin.org

https://doi.org/10.3389/fclim.2022.1058677
mailto:takeshi.doi@jamstec.go.jp
https://www.frontiersin.org/articles/10.3389/fclim.2022.1058677/full#supplementary-material
https://doi.org/10.1175/1520-0442(2002)015&lt
https://doi.org/10.1007/s00382-021-05847-0
https://doi.org/10.1007/s00382-017-3603-3
https://doi.org/10.1175/1520-0477(1994)075&lt
https://doi.org/10.1175/JCLI3797.1
http://jmlr.org/papers/v13/bergstra12a.html
http://jmlr.org/papers/v13/bergstra12a.html
https://doi.org/10.1038/nClim.2100
https://doi.org/10.1175/2007MWR1978.1
https://doi.org/10.1029/2007GL030302
https://doi.org/10.1038/nature02439
https://doi.org/10.1109/LGRS.2020.3041760
https://doi.org/10.1029/2020JC016318
https://github.com/fchollet/keras
https://doi.org/10.1016/j.coastaleng.2021.103859
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org


Patil et al. 10.3389/fclim.2022.1058677

Dijkstra, H. A., Petersik, P., Hernández-García, E., and López, C. (2019). The
Application of Machine Learning Techniques to Improve El Niño Prediction Skill.
Frontiers in Physics 7. doi: 10.3389/fphy.2019.00153

Doi, T., Behera, S. K., and Yamagata, T. (2016). Improved seasonal prediction
using the SINTEX-F2 coupled model. J. Adv. Model. Earth Syst. 8, 1847–1867.
doi: 10.1002/2016MS000744

Doi, T., Behera, S. K., and Yamagata, T. (2019). Merits of a 108-member
ensemble system in ENSO and IOD predictions. J. Clim. 32, 957–972.
doi: 10.1175/JCLI-D-18-0193.1

Doi, T., Storto, A., Behera, S. K., Navarra, A., and Yamagata, T. (2017).
Improved prediction of the Indian Ocean Dipole Mode by use of subsurface ocean
observations. J. Clim. 30, 7953–7970. doi: 10.1175/JCLI-D-16-0915.1

Domeisen, D. I. V., Garfinkel, C. I., and Butler, A. H. (2019). The Teleconnection
of El Niño Southern oscillation to the stratosphere. Rev. Geophys. 57, 5–47.
doi: 10.1029/2018RG000596

Eade, R., Smith, D., Scaife, A., Wallace, E., Dunstone, N., Hermanson, L., et al.
(2014). Do seasonal-to-decadal Clim. predictions underestimate the predictability
of the real world? Geophys. Res. Lett. 41, 5620–5628. doi: 10.1002/2014GL061146

Feng, M., Boschetti, F., Ling, F., Zhang, X., Hartog, J. R., Akhtar, M., et al.
(2022). Predictability of sea surface temperature anomalies at the eastern pole of the
Indian Ocean Dipole—using a convolutional neural network model. Front. Clim.
4, 925068. doi: 10.3389/fclim.2022.925068

Freund, M. B., Brown, J. R., Henley, B. J., Karoly, D. J., and Brown, J. N. (2020).
Warming patterns affect El Niño Diversity in CMIP5 and CMIP6 Models. J. Clim.
33, 8237–8260. doi: 10.1175/JCLI-D-19-0890.1

Geng, H., and Wang, T. (2021). Spatiotemporal model based on deep learning
for ENSO forecasts. Atmosphere 12, 810. doi: 10.3390/atmos12070810

Goddard, L., and Dilley, M. (2005). El Niño: catastrophe or opportunity. J. Clim.
18, 651–665. doi: 10.1175/JCLI-3277.1

Ham, Y., G., Kim, J.-H., Kim, E., S., and On, K.-W. (2021b). Unified deep
learning model for El Niño/Southern Oscillation forecasts by incorporating
seasonality in Clim. data. Sci. Bull. 66, 1358–1366. doi: 10.1016/j.scib.2021.03.009

Ham, Y., G., Kim, J.-H., and Luo, J., J. (2019). Deep learning for multi-year ENSO
forecasts. Nature 573, 568–572. doi: 10.1038/s41586-019-1559-7

Ham, Y., G., Kug, J.-S., and Park, J. Y. (2013). Two distinct roles of Atlantic SSTs
in ENSO variability: North Tropical Atlantic SST and Atlantic Niño. Geophys. Res.
Lett. 40, 4012–4017. doi: 10.1002/grl.50729

Ham, Y., Lee, H., Jo, H., Lee, S., Cai, W., Rodrigues, R. R., et al. (2021a).
Inter-basin interaction between variability in the south atlantic ocean and
the El Niño/Southern Oscillation. Geophys. Res. Lett. 48, e2021GL093338.
doi: 10.1029/2021GL093338

Hu, J., Weng, B., Huang, T., Gao, J., Ye, F., You, L., et al. (2021). Deep
Residual Convolutional Neural Network Combining Dropout and Transfer
Learning for ENSO Forecasting. Geophys. Res. Lett. 48, e2021GL093531.
doi: 10.1029/2021GL093531

Huang, B., Ge, L., Chen, X., and Chen, G. (2022). Vertical structure-based
classification of oceanic eddy using 3-D convolutional neural network.
IEEE Transac. Geosci. Remote Sens. 60, 1–14. doi: 10.1109/TGRS.2021.
3103251

Ishii, M., Shouji, A., Sugimoto, S., and Matsumoto, T. (2005). Objective analyses
of sea-surface temperature and marine meteorological variables for the 20th
century using ICOADS and the Kobe Collection. Int. J. Climatol. 25, 865–879.
doi: 10.1002/joc.1169

Izumo, T., Vialard, J., Lengaigne, M., de Boyer Montegut, C., Behera, S. K., Luo,
S., et al. (2010). Influence of the state of the Indian Ocean Dipole on the following
year’s El Niño. Nat. Geosci. 3, 168–172. doi: 10.1038/ngeo760

Jahanbakht, M., Xiang, W., and Azghadi, M. R. (2022). Sea surface temperature
forecasting with ensemble of stacked deep neural networks. IEEE Geosci. Remote
Sens. Lett. 19, 1–5. doi: 10.1109/LGRS.2021.3098425

Jin, E. K., Kinter, J. L., Wang, B., Park, C-. K., Kang, I.-S., and Kirtman,
B.P.et al. (2008). Current status of ENSO prediction skill in coupled
Ocean–atmosphere models. Clim. Dyn. 31, 647–664. doi: 10.1007/s00382-008-
0397-3

Krizhevsky, A., Sutskever, I., and Hinton, G. E. (2012). ImageNet classification
with deep convolutional neural networks. Commun. of the ACM 60, 84–90.
doi: 10.1145/3065386

Kug, J., S., and Kang, I.-S. (2006). Interactive feedback between ENSO and the
Indian Ocean. J. Clim. 19, 1784–1801. doi: 10.1175/JCLI3660.1

Larson, S. M., and Kirtman, B. P. (2014). The pacific meridional mode as an
ENSO precursor and predictor in the North American Multimodel Ensemble. J.
Clim. 27, 7018–7032. doi: 10.1175/JCLI-D-14-00055.1

Latif, M., Barnett, T. P., Cane, M. A., Flügel, M., Graham, N. E., von Storch,
H., et al. (1994). A review of ENSO prediction studies. Clim. Dyn. 9, 167–179.
doi: 10.1007/BF00208250

Liu, J., Tang, Y., Wu, Y., Li, T., Wang, Q., Chen, D., et al. (2021). Forecasting
the Indian Ocean dipole with deep learning techniques. Geophys. Res. Lett. 48,
e2021GL094407. doi: 10.1029/2021GL094407

Lopez, H., and Kirtman, B. P. (2014). WWBs, ENSO predictability, the
spring barrier and extreme events. J. Geophys. Res. Atmos. 119, 114–10, 138.
doi: 10.1002/2014JD021908

Luo, J., J., Liu, G., Hendon, H., Alves, O., and Yamagata, T. (2017). Inter-basin
sources for two-year predictability of the multi-year La Niña event in 2010–2012.
Sci. Rep. 7. doi: 10.1038/s41598-017-01479-9

Luo, J., J., Masson, S., Behera, S., Shingu, S., and Yamagata, T. (2005). Seasonal
climate predictability in a coupled OAGCM using a different approach for
ensemble forecasts. J. Clim. 18, 4474–4497. doi: 10.1175/JCLI3526.1

Luo, J., J., Masson, S., Behera, S. K., and Yamagata, T. (2008). Extended ENSO
predictions using a fully coupled ocean–atmosphere model. J. Clim. 21, 84–93.
doi: 10.1175/2007JCLI1412.1

Luo, J., J., Zhang, R., Behera, S. K., Masumoto, Y., Jin, F.-F., et al. (2010).
Interaction between El Niño and Extreme Indian Ocean Dipole. J. Clim. 23,
726–742. doi: 10.1175/2009JCLI3104.1

Mason, S. J., and Graham, N. E. (1999). Conditional probabilities, relative
operating characteristics, and relative operating levels. Weather Forecast. 14,
713–725. doi: 10.1175/1520-0434(1999)014&lt;0713:CPROCA&gt;2.0.CO;2

Masson, S., Terray, P., Madec, G., Luo, J. J., Yamagata, T., Takahashi, K., et al.
(2012). Impact of intra-daily SST variability on ENSO characteristics in a coupled
model. Clim. Dyn. 39, 681–707. doi: 10.1007/s00382-011-1247-2

Moon, B., K., Yeh, S.-W., Dewitte, B., Jhun, J., G., et al. (2007). Source of low
frequency modulation of ENSO amplitude in a CGCM. Clim. Dyn. 29, 101–111.
doi: 10.1007/s00382-006-0219-4

Mu, B., Qin, B., and Yuan, S. (2021). ENSO-ASC 1.0.0: ENSO deep learning
forecast model with a multivariate air–sea coupler. Geosci. Model Dev. 14,
6977–6999. doi: 10.5194/gmd-14-6977-2021

Ogata, T., Xie, S., P., Wittenberg, A., and Sun, D.-Z. (2013).
Interdecadal amplitude modulation of El Niño–Southern oscillation and
its impact on tropical pacific decadal variability∗ . J. Clim. 26, 7280–7297.
doi: 10.1175/JCLI-D-12-00415.1

Park, J., H., Kug, J.-S., Li, T., and Behera, S. K. (2018). Predicting El Niño
Beyond 1-year Lead: effect of the western hemisphere warm pool. Sci. Rep. 8, 1–8.
doi: 10.1038/s41598-018-33191-7

Patil, K. R., and Iiyama, M. (2022). Deep learning models to predict
sea surface temperature in Tohoku region. IEEE Access 10, 40410–40418.
doi: 10.1109/ACCESS.2022.3167176

Pegion, K. V., and Selman, C. (2017). “Extratropical Precursors of the El Niño-
SouthernOscillation,” inClimate Extremes: Patterns andMechanisms.Washington,
D.C.: American Geophysical Union 299–314.

Philander, S. G. (1999). El Niño and La Niña predictable climate fluctuations.
Rep. Progr. Phys. 62, 123–142. doi: 10.1088/0034-4885/62/2/001

Ramesh, N., and Murtugudde, R. (2012). All flavours of El Niño have similar
early subsurface origins. Nat. Clim. Change 3, 42–46. doi: 10.1038/nClim.
1600

Rao, S. A., and Behera, S. K. (2005). Subsurface influence on SST in the
tropical Indian Ocean: structure and interannual variability. Dyn. Atmos. Oceans
39, 103–135. doi: 10.1016/j.dynatmoce.2004.10.014

Rasmusson, E. M., Wang, X., and Ropelewski, C. F. (1990). The
biennial component of ENSO variability. J. Marine Syst. 1, 71–96.
doi: 10.1016/0924-7963(90)90153-2

Reichstein, M., Camps-Valls, G., Stevens, B., Jung, M., Denzler, J., Carvalhais, N.,
et al., and (2019). Deep learning and process understanding for data-driven Earth
system science. Nature 566, 195–204. doi: 10.1038/s41586-019-0912-1

Reynolds, R. W., Smith, T. M., Liu, C., Chelton, D. B., Casey, K. S., Schlax, M. G.,
et al. (2007). Daily high-resolution-blended analyses for sea surface temperature. J.
Clim. 20, 5473–5496. doi: 10.1175/2007JCLI1824.1

Richter, I., and Tokinaga, H. (2020). An overview of the performance of CMIP6
models in the tropical Atlantic: mean state, variability, and remote impacts. Clim.
Dyn. 55, 2579–2601. doi: 10.1007/s00382-020-05409-w

Ropelewski, C. F., and Halpert, M. S. (1987). Global and
regional scale precipitation patterns associated with the El
Niño/Southern Oscillation. Monthly Weather Rev. 115, 1606–1626.
doi: 10.1175/1520-0493(1987)115&lt;1606:GARSPP&gt;2.0.CO;2

Frontiers inClimate 17 frontiersin.org

https://doi.org/10.3389/fclim.2022.1058677
https://doi.org/10.3389/fphy.2019.00153
https://doi.org/10.1002/2016MS000744
https://doi.org/10.1175/JCLI-D-18-0193.1
https://doi.org/10.1175/JCLI-D-16-0915.1
https://doi.org/10.1029/2018RG000596
https://doi.org/10.1002/2014GL061146
https://doi.org/10.3389/fclim.2022.925068
https://doi.org/10.1175/JCLI-D-19-0890.1
https://doi.org/10.3390/atmos12070810
https://doi.org/10.1175/JCLI-3277.1
https://doi.org/10.1016/j.scib.2021.03.009
https://doi.org/10.1038/s41586-019-1559-7
https://doi.org/10.1002/grl.50729
https://doi.org/10.1029/2021GL093338
https://doi.org/10.1029/2021GL093531
https://doi.org/10.1109/TGRS.2021.3103251
https://doi.org/10.1002/joc.1169
https://doi.org/10.1038/ngeo760
https://doi.org/10.1109/LGRS.2021.3098425
https://doi.org/10.1007/s00382-008-0397-3
https://doi.org/10.1145/3065386
https://doi.org/10.1175/JCLI3660.1
https://doi.org/10.1175/JCLI-D-14-00055.1
https://doi.org/10.1007/BF00208250
https://doi.org/10.1029/2021GL094407
https://doi.org/10.1002/2014JD021908
https://doi.org/10.1038/s41598-017-01479-9
https://doi.org/10.1175/JCLI3526.1
https://doi.org/10.1175/2007JCLI1412.1
https://doi.org/10.1175/2009JCLI3104.1
https://doi.org/10.1175/1520-0434(1999)014&lt
https://doi.org/10.1007/s00382-011-1247-2
https://doi.org/10.1007/s00382-006-0219-4
https://doi.org/10.5194/gmd-14-6977-2021
https://doi.org/10.1175/JCLI-D-12-00415.1
https://doi.org/10.1038/s41598-018-33191-7
https://doi.org/10.1109/ACCESS.2022.3167176
https://doi.org/10.1088/0034-4885/62/2/001
https://doi.org/10.1038/nClim.1600
https://doi.org/10.1016/j.dynatmoce.2004.10.014
https://doi.org/10.1016/0924-7963(90)90153-2
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1175/2007JCLI1824.1
https://doi.org/10.1007/s00382-020-05409-w
https://doi.org/10.1175/1520-0493(1987)115&lt
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org


Patil et al. 10.3389/fclim.2022.1058677

Sasaki, W., Richards, K. J., and Luo, J. J. (2013). Impact of vertical mixing
induced by small vertical scale structures above and within the equatorial
thermocline on the tropical Pacific in a CGCM. Clim. Dyn. 41, 443–453.
doi: 10.1007/s00382-012-1593-8

Selvaraju, R. R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., Batra, D.,
et al. (2020). Grad-CAM: visual explanations from deep networks via gradient-
based localization. Int. J. Comput. Vis. 128, 336–359. doi: 10.1007/s11263-019-
01228-7

Tangang, F. T., Hsieh, W. W., and Tang, B. (1997). Forecasting the equatorial
Pacific sea surface temperatures by neural networkmodels.Clim. Dyn. 13, 135–147.
doi: 10.1007/s003820050156

Taschetto, A. S., Ummenhofer, C. C., Stuecker, M., Dommenget, D., Ashok,
K., Rodrigues, R. R., et al. (2020). “ENSO atmospheric teleconnections,” in
El Niño Southern Oscillation in a Changing Climate, eds M. J. McPhaden,
A. Santoso, and W. Cai (American Geophysical Union), 309–335.
doi: 10.1002/9781119548164.ch14

Timmermann, A., Oberhuber, J., Bacher, A., Esch, M., Latif, M., Roeckner, E.,
et al. (1999). Increased El Niño frequency in a climate model forced by future
greenhouse warming. Nature 398, 694–697. doi: 10.1038/19505

Torrence, C., and Webster, P. J. (1998). The annual cycle of persistence in
the El Nño/Southern Oscillation. Q. J. Royal Meteorol. Soc. 124, 1985–2004.
doi: 10.1002/qj.49712455010

Trenberth, K. E., Branstator, G. W., Karoly, D., Kumar, A., Lau, N., C.,
et al. (1998). Progress during TOGA in understanding and modeling global
teleconnections associated with tropical sea surface temperatures. J. Geophys. Res.
Oceans 103, 14291–14324. doi: 10.1029/97JC01444

Trenberth, K. E., and Hoar, T. J. (1996). The 1990–1995 El Niño-
Southern Oscillation event: longest on record. Geophys. Res. Lett. 23, 57–60.
doi: 10.1029/95GL03602

Tseng, Y., H., Ding, R., and Huang, X. (2017). The warm Blob in the northeast
Pacific—the bridge leading to the 2015/16 El Niño. Environ. Res. Lett. 12, 054019.
doi: 10.1088/1748-9326/aa67c3

Wang, G., Cai, W., Gan, B., Wu, L., Santoso, A., Lin, X., et al. (2017). Continued
increase of extreme El Niño frequency long after 1.5 ◦C warming stabilization.Nat.
Clim. Change 7, 568–572. doi: 10.1038/nClim.3351

Webster, P. J., and Yang, S. (1992). Monsoon and ENSO: Selectively interactive
systems. Q. J. Royal Meteorol. Soc. 118, 877–926. doi: 10.1002/qj.49711850705

Yan, J., Mu, L., Wang, L., Ranjan, R., and Zomaya, A. Y. (2020). Temporal
convolutional networks for the advance prediction of ENSO. Sci. Rep. 10, 1–5.
doi: 10.1038/s41598-020-65070-5

Yu, J., Y., and Kim, S. T. (2010). Three evolution patterns of Central-Pacific El
Niño. Geophys. Res. Lett. 37. doi: 10.1029/2010GL042810

Zhang, C., Luo, J., and Li, S. (2019). Impacts of tropical indian and atlantic
ocean warming on the occurrence of the 2017/2018 La Niña. Geophys. Res. Lett.
46, 3435–3445. doi: 10.1029/2019GL082280

Zhao, Y., Di Lorenzo, E., and Sun, D., and Stevenson, S. (2021). Tropical pacific
decadal variability and ENSO precursor in CMIP5 models. J. Clim. 34, 1023–1045.
doi: 10.1175/JCLI-D-20-0158.1

Zhou, L., and Zhang, R., H. (2022). A hybrid neural network model for ENSO
prediction in combination with principal oscillation pattern analyses.Adv. Atmosp.
Sci. 39, 889–902. doi: 10.1007/s00376-021-1368-4

Frontiers inClimate 18 frontiersin.org

https://doi.org/10.3389/fclim.2022.1058677
https://doi.org/10.1007/s00382-012-1593-8
https://doi.org/10.1007/s11263-019-01228-7
https://doi.org/10.1007/s003820050156
https://doi.org/10.1002/9781119548164.ch14
https://doi.org/10.1038/19505
https://doi.org/10.1002/qj.49712455010
https://doi.org/10.1029/97JC01444
https://doi.org/10.1029/95GL03602
https://doi.org/10.1088/1748-9326/aa67c3
https://doi.org/10.1038/nClim.3351
https://doi.org/10.1002/qj.49711850705
https://doi.org/10.1038/s41598-020-65070-5
https://doi.org/10.1029/2010GL042810
https://doi.org/10.1029/2019GL082280
https://doi.org/10.1175/JCLI-D-20-0158.1
https://doi.org/10.1007/s00376-021-1368-4
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org

	Deep learning for skillful long-lead ENSO forecasts
	1. Introduction
	2. Datasets
	3. Model and methods
	3.1. Proposed CNN architecture
	3.2. Customized loss function to train the CNN
	3.3. Seasonally varying internal CNN parameters
	3.4. Heatmaps
	3.5. SINTEX-F2 dynamical prediction system

	4. Results
	4.1. Deterministic skills
	4.1.1. Multi-year all season ENSO index correlation skill
	4.1.2. Seasonal variation of correlation skill
	4.1.3. All season forecasted ENSO index
	4.1.4. Peak and growth season forecasted ENSO index


	5. Probabilistic skills
	6. Heatmap analysis
	6.1. Growth season (boreal summer)
	6.2. Winter season

	7. Discussion
	8. Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	Supplementary material
	References


