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The ability to accurately predict the EI Nino-Southern oscillation (ENSO) is
essential for seasonal climate forecasting. Monitoring the Pacific Ocean's
surface temperature has many benefits for human life, including a better
understanding of climate and weather, the ability to predict summer and
winter, the ability to manage natural resources, serving as a reference for
maritime transportation and navigation needs, serving as a reference for
climate change monitoring needs, and even serving as a renewable energy
source by utilizing high sea surface temperatures. This study introduces a
deep learning (DL) model with AttentionSeg2Luong model as our proposed
model to the ENSO research community. The present study showcases the
capability of our proposed model to effectively forecast the forthcoming
monthly average Nino index compared to the baseline seq2seq architecture
model. For the dataset, this study utilized monthly observations of Nino 12,
Nino 3, Nino 34, and Nino 4 between January 1870 and August 2022. The
brief result of our experiment was that applying Luong Attention in the
seq2seq model reduced the RMSE error by around 0.03494, 0.04635,

0.03853, and 0.03892 for forecasting Nino 12, Nino 3, Nino 34, and Nino 4,
respectively.
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1. INTRODUCTION

In the system of global climate, the ocean serves as a thermal sink. Through the interchange of mass
and energy, it is crucial in managing and maintaining the global environment. Oceans have recently warmed
significantly as a result of the earth's energy imbalance (EEI), which results in the storage of over 93% of the
planet's heat increase [1]. It is vital to comprehend the present and forthcoming oceanic conditions in order to
maintain a worldwide environment that is as conducive and pleasant for human existence as feasible. To
comprehend how the ocean contributes to climate change, it is important to understand two essential dynamic
variables: subsurface temperature and salinity. Through heat absorption and storage throughout the most recent
period of global warming, the oceans have warmed dramatically. The level of water warmth has dramatically
grown in previous decades [2]. Some researchers shown that the worldwide upper ocean warmed considerably
since 1993 [3]. Recently, the level of warmth absorption in the ocean floor beneath 300 m has risen [4]. The
oceanic system boosts absorbance of heat, that stimulates the oceans' temperature rise. The surface air
temperature is the primary climate change metric that is widely utilized. In consequence, the ocean thermal
content in 2019 attained an all-time high [5]. In contrast, ocean warming studies must also consider the level of
salinity of the water. Prior research established the salinity process that describes how warming indications
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travel starting at the top ocean up to the intermediate ocean, demonstrating the critical importance of saline
circulation to the evolution of oceanic temperatures [6].

Furthermore, the salinity level in the oceans influences the worldwide natural cycle [7]. Ocean salinity
and temperature are also linked to thermohaline expansions, which substantially contribute to rising sea levels
[8]. It is crucial to identify and predict subsurface oceanic salinity and temperature features in order to gain a
deeper knowledge about ocean's processes and variations [9]. The scarcity of in situ data severely restricts
studies of causes and mechanism in the ocean interior [10], which introduces uncertainty into analyses and
predictions of ocean warming [11]. With the exception of high latitudes, a constant observation of the whole
world's ocean from 0 to 2,000 m has been made during the Argo era (since 2004). Before the Argo era, data
were few. Recently, the utilization of neural networks and deep learning for Earth observation has increased.
For instance, some researchers used climatic parameters such as air current and temperature (among other
factors) to calculate sea surface temperature (SST) in order to reproduce the yearly and seasonal variation of
SST prior to the advent of satellites [12]. Some academics predicted SST at multiple sites in the Baltic Sea
spatial clustering, which enabled them to gain an understanding of the daily changes in SST historically and
in the future, as well as an understanding of marine ecosystems and public management [13]. Krasnopolsky
et al. [14] built artificial neural networks to determine the color of the ocean without these data (i.e.,
simulating a sensor malfunction). The Al model developed by them estimates the Chlorophyll A
concentration using as inputs satellite sea surface height, warmth level, salinity levels, and in situ Argo
salinity and vertical warmth characteristics, as well as some further information (longitude, latitude, and time
frame) [14]. During inference (the reconstruction phase), the model does not utilize observed Chlorophyll a
concentration at a specific spot, nor does it use data from adjacent grid points to determine Chlorophyll a
saturation level. Only during the training phase does the network encounter chlorophyll a measurement.
Renosh et al. [15] created a dataset of entangled particles. using model and in situ data, smart maps, and
satellite data.

Deep learning (DL), a technique that automatically finds the pattern in the large amount of data to
be shaped in black box formulation, has the potential to address these challenges in meteorology and
geophysics, particularly extreme learning machine (ELM) cluster [16], DL with recurrent neural network
(RNN) [17], or long short-term memory (LSTM) to predict rainfall by using spatiotemporal data [18]. This
study reported a successful experiment utilizing a Luong attention-based deep learning seq2seq model we
called AttentionSeq2Luong as proposed to forecast the anomaly in the warm phase of the ocean surface in
the middle Pacific. The proposed deep learning model was compared with a seq2seq model without an
attention mechanism. The seg2seq is mostly implemented in many-to-many predictions, but this research
applied it to many-to-one predictions, which made this research special. Another reason for employing
seq2seq architecture is that the Pearson correlation coefficient (PCC) values in the dataset are diverse and are
not dominated by strong PCC values [19]. Meanwhile, when the dataset is dominated by a high PCC value,
the seq2seq architecture does not perform well.

2. RELATED WORKS

Until now, long-term sequences of multisource sea surface measurements from satellite remote
sensing have been produced, but all of them are all restricted to the ocean surface [10]. Past study indicated
that the deeper ocean remote sensing (DORS) approach, when combined with a data set of type float, can
have an opportunity to determine the ocean subsurface implicitly from satellite-based images. Data
integration and mathematical modelling [20], a dynamic conceptual approach [21], and an intuitive statistical
technique are all examples of DORS methodologies [22]. Due to their intricacy and ambiguity, the precision
of mathematical and dynamic modeling techniques for massive subsurface modelling and prediction cannot
be promised. Utilizing deep learning approach namely 3D-EddyNet, Feng et al. [23] experimentally
approximated mesoscale three-dimensional sea heat formations. A number of experts reported a
consequential observational pattern mapping using satellite altimetry to determine the four-dimensional
shape of the Southern Ocean [24]. In a period of tremendous oceanographic information, however,
computational models powered by data, especially those based on advanced deep learning approaches,
outperform excellently and can reach superior precision in the DORS field and implementation.

Intuitive mathematical and statistical models, such as the linear regression model [25], the empirical
orthogonal function-based approach [26], the model of weighted-based geographically regression [27]. Even
though regular methods of machine learning have contributed greatly to DORS research, they are unable to
compensate for the temporal and spatial characteristics of oceanic data. Deep learning approach have an
opportunity to circumvent constraints and improve outcomes. Long short-term memory (LSTM) accumulates
time-series data and enables learning process, whereas convolutional neural networks analyze the
geographical information details of input and enable spatial learning. Deep learning has been used
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successfully in many other industries, but in geosciences, it is nevertheless in its earliest phases and shows
great promise in the DORS discipline as ocean observation data continues to grow [28]. Although certain
investigations have employed deep learning techniques for oceanic mapping, the technologies are still not
widely implemented on oceans [29]. Available data in the field of oceanography are nonlinear in space and
time [30], and the deep learning approach with dual-directional LSTM, namely bidirectional LSTM (Bi-
LSTM), is able to understand these complex and influenced by time characteristics and improve precise
forecasts. The idea may be applicable for reconstructing time-series subsurface properties and deriving other
crucial oceanic variables, such as stream, turbulence, and others.

3. METHOD
3.1. Data

El Nino and La Nina are contrary stages of the ElI Nino-Southern oscillation that may result in
worldwide catastrophic weather events such as drought and inundation. El Nino is a balmy phase characterized
by a higher-than-average SST in the middle and eastern equatorial Pacific Ocean. As shown in Figure 1, there
are four Nino areas for monitoring SST in the tropical Pacific Ocean: Nino 1+2, Nino 3, Nino 4, and Nino 3.4
zones. There are four anomaly event categories in ENSO research, such as weak (0.5-0.9 °C), moderate
(1.0-1.4 °C), strong (1.5-1.9 °C), and exceptionally strong (>2.0 °C), while the associated negative numbers are
utilized for categorizing the intensity of the La Nina phenomenon.

The National Oceanic and Atmospheric Administration site (https://origin.cpc.ncep.noaa.gov)
provides access to historical ONI data, where this research obtained our dataset. This research paper utilized
historical ONI data from January 1870 to August 2022 spanning fifteen decades. The dataset contains
1,831 monthly data points. The dates of each data point correspond to the quarter's middle month. The ONI
value is the average of the SST anomaly values for the previous three months. February's ONI number is the
mean of January through March's ONI numbers. The datasets used in this research are depicted in Figure 2(a)
by explaining Nino 12, Nino 3, Nino 34, and Nino 4 data from January 1870 until August 2022 with y axis in
degrees Celcius and x axis explaining monthly timesteps for 152 years. This research used Pearson
correlation coefficient values as in Figure 2(b) to analyze the correlation between all variables explained as in
(1), where the PCC value is denoted as r,,, the compared variables are denoted as x and y, and the mean

values of each parameter illustrated as x and y.
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Figure 2. Dataset illustration with (a) line charts of monthly sea surface temperature anomalies and
(b) Pearson correlation coefficients (PCC) between all Nifio indices
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3.2. Models

Encoder-decoder or sequence-to-sequence (seq2seq) is one of the architectures of deep learning that
emerged from machine translation development [31]. Seq2seq architecture consist of two layers namely
encoder and decoder. This research decided to implement LSTM into both encoder and decoder layers.
Because LSTM is ideally suited for time series prediction, as well as any other task requiring temporal
memory [32]. As the history of the beginning of seq2seq, seq2seq architecture was accurately and effectively
applied in translating English to French with very long texts [33]. The Figure 3 illustrate the calculation and
process of LSTM, which consist of three gates, such as forget, input, and output gate [32]. This study
examined two seq2seq models, simple LSTM and AttentionSeqg2Luong, to predict one timestep in the future
(t+1) based on two years of data with 24 previous timesteps Figure 4.
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Figure 3. LSTM architecture illustration
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Figure 4. Prediction scenario

3.3. Simple Seg2seq LSTM model

The architecture of the comparison model, simple Seq2seq LSTM, is illustrated in Figure 5(a). This
research adopted the seq2seq architecture in our previous research on indoor climate prediction [19]. As in
our previous, the research batch normalization was still applied because it can boost the training process to
achieve convergence quickly [34]. The repeat vector layer seems useless in this experiment because this
research only predicted one timestep in the future, however, it is still permissible to be implemented.

3.4. Proposed models with AttentionSeq2Luong

Figure 5(b) depicts the architecture of our proposed model, the AttentionSeq2Luong. This
architecture has been used in our previous research, especially in predicting indoor climate data [33]. Due to
the similarity in dataset characteristics seen in the PCC score as shown in Figure 2, this research tried to reuse
our previous architecture models for monitoring the anomaly of the warm phase of the oceanic surface in the
middle of the Pacific. The architecture differed little from simple LSTM seqg2seq, but the Luong attention
mechanism was included. In Figures 5(a) and 5(b), the first dot layer represented Luong attention using dot
scoring by implementing a Keras dot layer for combining hidden states from the encoder and decoder layers.
The second dot layer represented the context vector for merging the dot score results after activation with the
encoder's hidden states. The final stage is the concatenate layer, which combines the context vector after
batch normalization with the decoder's hidden states.

3.5. Hyperparameter settings
The differences between simple seq2seq and proposed models is the execution of the Luong
attentiveness technique, which made this research implementing the same hyperparameters setting to both
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models. In our experiment, several number neurons in LSTM layers were tested to find the best setting for
this case with neuron={8, 16, 32, 48, 64}. The results showed that 16 neurons were the best for this case. The
learning rate, number of epochs, and batch size were respectively set to 0.01; 100; and 256. Both models
utilized Adam optimizer. Meanwhile for prediction scenario, this research predicted one timestep in the
future based on two years data or 24 previous timesteps.
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Figure 5. Proposed deep learning architecture using (a) a simple Seg2seq LSTM architecture and
(b) an attentionSeg2Luong architecture

4, RESULTS AND DISCUSSION
4.1. Preprocessing dataset

This research did not implement any normalization and standardization. The datasets were split into
two parts with the proportion 80% of original datasets to be a train set and 20% of original dataset to be a test
set as illustrated in Figure 6. This approach allowed for a clear evaluation of the performance of the models
without preprocessing alterations. The results reflect the ability of the model to handle raw data, providing
insights into its robustness and generalization capabilities.

4.2. Model training

To measure the training process in this research, the loss plot in MAE, as shown in Figure 7(a) for
simple seq2seq and Figure 7(b) for attentionSeq2Luong, was used to monitor the model in learning process.
The dataset used for the training process were the train sets colored blue in Figure 6, where 80% of the train
sets were used to train the model and the other 20% were used to validate the training process. A quick
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glance at Figure 7 shows that the slit between training and validation loss using simple seq2seq LSTM was
wider than the slit between training and validation loss using AttentionSeq2Luong. All models were trained
using a relatively small dataset, allowing this research to be sufficiently executed on Google Collaboratory

with the TensorFlow version 2.8.2 and Keras version 2.8.1 libraries.
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Figure 7. Train and validation loss plot in MAE with (a) Seq2seq LSTM and (b) attentionSeg2Luong

4.3. Model testing and research result

This study tested the models with testing data to compare their performance. By using testing data,
Table 1 compare the prediction results of Nino 12, Nino 3, Nino 34, and Nino 4 to the ground truth data using
MAE, RMSE, and R?. Meanwhile, the comparison of both models’ prediction results with ground truth data
is depicted in Figure 8. From Table 1, overall, the implementation of AttentionSeq2Luong model gave
significant improvements in almost all predictions. Applying Luong Attention in the seq2seq model reduced
the RMSE error by around 0.03494, 0.04635, 0.03853, and 0.03892 for forecasting Nino 12, Nino 3,
Nino 34, and Nino 4, respectively. Applying Luong attention also boosted the coefficient of determination
values for forecasting Nino 12, Nino 3, Nino 34, and Nino 4 by 0.27497, 0.14723, 0.08050, and 0.16375,
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respectively. In MAE, our proposed model improved the prediction of Nino 3, Nino 34, and Nino 4 by
decreasing the error around 0.00597, 0.02124, and 0.03229, respectively, but increased the prediction of Nino

12 by around 0.01263.

Table 1. Prediction results

Metrics

Simple Seq2seq

Luong Attention-based Seq2seq

Nino 12 MAE
RMSE
R2
MAE
RMSE
R2
MAE
RMSE
R2
MAE
RMSE
RZ

Nino 3

Nino 34

Nino 4

0.409369
0.596675
0.207550
0.308916
0.421389
0.617100
0.268810
0.347810
0.758974
0.246585
0.300187
0.612627

0.421831
0.561740
0.482527
0.302944
0.375040
0.764337
0.247574
0.309283
0.839480
0.214295
0.214295
0.776377
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Figure 8. Testing results for predicting Nino 12, 3, 34, and 4
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From explained data comparison of prediction result using data testing between base model using
simple seq2seq and our proposed model using AttentionSeg2Luong, it can be concluded that our proposed
model can outperform the base model, which can bring positive impact to ENSO research and time-series
prediction research. Compared to our previous research in ENSO using other deep learning with temporal
transformer-based models, this research using deep learning with seq2seq-based models resulted in a much
better positive improvement result with a lower error in MAE and RMSE [35]. This research found that deep
learning using a seg2seq-based approach is promising to be explored more in time-series research, as proven
by the successful results of this research.

5. CONCLUSION

By conducting experiments using the Nino anomaly dataset, specifically Nino 12, Nino 3, Nino 34,
and Nino 4, and implementing deep learning models for the time-series data, this research made a significant
contribution to the monitoring of warm phase anomalies at the sea surface in the middle pacific. The results
showed that our proposed models with the AttentionSeq2Luong model outperformed the LSTM seq2seq
models without the Luong attention implementation when predicting the next timestep in the future based on
24 previous timesteps (predicting the next month's data based on two years of previous data). Based on the
data from our research, we conducted a successful experiment using a Luong attention-based deep learning
seg2seq model, which we named AttentionSeg2Luong. This model was proposed to forecast the anomaly in
the warm phase of the ocean surface in the middle Pacific. This model may have positive impacts on our
community, including improved predictive accuracy, enhanced understanding of ENSO dynamics, practical
application and policy implications, cross-disciplinary insight, community preparedness and awareness, and
data utilization in handling big data.

Another attention-based mechanism in deep learning research is Bahdanau attention-based, which
may give significant improvement in Pacific Ocean surface temperature monitoring research for future
research to be explored further. There is a belief that time series forecasting is a difficult task, so
incorporating new variables such as atmospheric data such as wind pattern and atmospheric pressure, oceanic
variables such as sea-level height level, ocean current, and subsurface ocean temperature, and precipitation
pattern data may enhance the prediction outcomes. Collaboration with oceanographers is required for future
research aimed at gaining knowledge about our planet and preventing damage that will affect future
humanity.
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