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Abstract 
The El Niño-Southern Oscillation (ENSO) is a significant climate phenome-
non with far-reaching impacts on global weather patterns, ecosystems, and 
economies. This study aims to enhance ENSO forecasting with the Extended 
Reconstruction Sea Surface Temperature v5 (ERSSTv5) climate model. The 
M-band discrete wavelet transforms (DWT) are utilized to capture multi-scale 
temporal and spatial features effectively. Long-short term memory (LSTM) 
autoencoders are also used to capture significant spatial and temporal patterns 
in sea surface temperature (SST) anomaly data. Deep learning techniques such 
as the convolutional neural networks (CNN) are used with non-image and 
image time series data. We also employ parallel computing in a various sup-
port vector regression (SVR) approximators to enhance accuracy. Preliminary 
results indicate that this hybrid model effectively identifies key precursors and 
patterns associated with El Niño events, surpassing traditional forecasting 
methods. Results of the hybrid model produce a correlation of 0.93 in 4-month 
lagged forecasting of the Oceanic Niño Index (ONI)—indicative of high suc-
cess rate of the model. Future work will focus on evaluating the model’s per-
formance using additional reanalysis datasets and other methods of deep 
learning to further refine its robustness and applicability. We propose wavelet-
based deep learning models which have potential to shine a light on achieving 
United Nations’ 2030 Agenda for Sustainable Development’s goal 13: “Climate 
Action”, as an innovation with potential in improving time series image fore-
casting in all fields. 
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1. Introduction 
1.1. Background 

The El Niño-Southern Oscillation (ENSO) is a critical climate phenomenon that 
drives significant variability in global weather patterns, primarily through its in-
fluence on sea surface temperatures (SST) and atmospheric pressure across the 
Tropical Pacific Ocean. 

ENSO cycles consist of three different phases: El Niño, La Niña, and the neutral 
phase, each associated with distinct meteorological effects ([1]). El Niño events 
are mainly associated with a strong positive SST anomaly in the equatorial Pacific, 
being the reversal of Walker Circulation—the eastward movement pathways seen 
in normal conditions. As the Pacific Equatorial Counter Current strengthens, 
warmed water piles in the East Pacific. Rising parcels of warm, moist, less dense 
air are formed, resulting in a relative low-pressure system. Accumulation of mois-
ture creates heavy cloud cover—leading to increased rainfall and flooding off the 
West coast of South America in regions such as Peru and Ecuador. Across the 
Pacific, severe droughts can occur in Australia, Southeast Asia, and Southern Af-
rica, areas where there is less warm water to supplement rainfall ([2] [3]). Con-
versely, La Niña, with cooler SST anomalies, strengthens Walker circulation, with 
intensified circulation eastwards—producing drier conditions in the eastern Pa-
cific and increased rainfall in the western Pacific, often resulting in significant 
floods in countries like Indonesia and the Philippines ([4]). 

The United Nations 2023 Climate Change Conference (COP 28) includes a sec-
tion for “Enhancing global efforts to strengthen resilience”. The Global Goal on 
Adaption (GGA) notes that preparation for changes in areas including water, 
food, health, ecosystems, infrastructure, poverty eradication and cultural heritage 
([5]) are to be improved for the future in all countries. We believe that the tech-
niques developed in this study may advance efforts in the GGA through greater 
accuracy of short-term ENSO prediction. 

The 1997-1998 El Niño event, one of the strongest recorded, is a particularly 
strong example of the widespread impacts of ENSO’s meteorological and oceano-
graphic effects. The intense positive SST anomaly resulted in unusually high rain-
fall in coastal regions of South America, particularly in Peru and Ecuador, leading 
to catastrophic flooding. Simultaneously, the near reversal of atmospheric circula-
tion patterns suppressed upwards convection and thus rainfall in the Western Pa-
cific and Southeast Asia, leading to severe droughts in countries such as Indonesia 
and Malaysia. These drought conditions caused various other detrimental effects, 
such as widespread forest fires, which created a severe episode of transboundary 
haze pollution that greatly impacted public health and caused significant economic 
damage overall ([6]). Australia experienced some of its most severe droughts on 
record, with rainfall deficits exceeding a massive 50% below normal in some areas, 
resulting in a significant drop in agricultural output as well as exacerbated water 
scarcity in said regions ([7]). This single event has led to over 2000 deaths and has 
affected approximately 400,000 people ([7]), numbers that could be greatly lessened 
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with proper forecasting and thus suitable amounts of time for preparation. 
The socio-economic ramifications of El Niño are similarly significant, impact-

ing various fields such as agriculture, health, and infrastructure. The 1997-1998 El 
Niño event led to an estimated $33 billion in economic damages globally, with 
losses in agriculture and infrastructure being particularly severe ([7]). The in-
creased frequency of vector-borne diseases, such as malaria and dengue fever, dur-
ing El Niño events further exacerbates public health challenges, particularly in 
tropical regions ([7]). Such impacts highlight the need for accurate predictive 
models to help mitigate the adverse effects of strong ENSO events and support 
effective response strategies. 

During the 2010-2011 La Niña, Australia faced widespread flooding that led to 
$5.6 billion in damages and impacted over 200,000 people ([7]). La Niña can in-
fluence atmospheric chemistry by altering the distribution of trace gases, such as 
increased uptake of carbon dioxide by enhanced phytoplankton activity in the 
cooler waters ([8]). Enhanced phytoplankton growth can disrupt marine ecosys-
tems by causing harmful algal blooms, which deplete oxygen and create dead 
zones detrimental to marine life, thus being a major threat to fisheries in zones 
of interest. Additionally, while lower atmospheric CO2 may reduce short-term 
greenhouse gas effects, the disruption of oceanic carbon cycling can affect long-
term climate stability and biodiversity, changes that require pre-emptive measures 
to account for in maintaining global economies and overall public health. 

Understanding and predicting the meteorological impacts of ENSO events, 
such as those observed during the 1997-1998 El Niño, are essential for mitigating 
their adverse effects on vulnerable populations and ecosystems. However, current 
forecasting methods still face challenges in accurately predicting the onset, dura-
tion, and intensity of ENSO events. This research seeks to address these challenges 
by integrating advanced climate models with deep learning techniques, enhancing 
the precision and reliability of ENSO forecasts. 

The objectives of this study were to enhance ENSO forecasting accuracy by 
integrating state of art mathematical tools and deep learning techniques to eval-
uate their effectiveness in processing climate data. Specifically, usage of 1) the 
M-band discrete wavelet transform (DWT) as a pre-processing step in facilitat-
ing multi-scale feature extraction is expected to significantly improve model ac-
curacy. When combined with 2) parallel computing to incorporate all wavelet 
multi-view components in a regression, is likewise expected to improve quality 
of predictions. 3) Encoder-decoder autoencoders were applied to process and 
reconstruct image time series data, preserving spatial information, where differ-
ing performance in usage of multiple nodes and non-image components was to 
be found. 

1.2. Related Works 

In the context of ENSO prediction, two main types of models are commonly used: 
dynamic models and statistical models. Dynamic models are based on the physical 
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equations governing the atmosphere and oceans, integrating variables such as 
SST, wind, and pressure to simulate future climate conditions. These models are 
detailed and simulate complex interactions within the climate system but require 
significant computational resources. In contrast, statistical models rely on histor-
ical data to identify patterns and correlations that can be used to predict future 
ENSO events. These models, including machine learning and neural networks, are 
often less resource-intensive and can see patterns in data that may not be capable 
of being modeled in dynamic models, though they may lack the detailed physical 
realism of dynamic models ([9]). 

Understanding and predicting the El Niño-Southern Oscillation (ENSO) has 
been the focus of many studies due to its significant impact on global climate pat-
terns. A foundational work by Ham et al. defined ENSO’s characteristics and its 
variability, which provided a framework for subsequent research aimed at enhanc-
ing prediction accuracy ([10]). Historically, early studies predominantly relied on 
relatively simple statistical and less complex dynamical models, which, while use-
ful, often struggled with capturing the complex, non-linear dynamics of ENSO 
([2] [11]). These limitations have led to the integration of more sophisticated 
methodologies, such as machine learning and deep learning techniques. 

Building on the advancements in deep learning, LSTM networks and CNNs have 
become essential tools in forecasting and time series analysis, particularly in the 
field of climate science. LSTMs are well-suited for capturing long-term dependen-
cies and trends in sequential data, which is crucial for understanding trends over a 
period of time in a phenomenon like ENSO cycles ([10]). CNNs excel at extracting 
spatial features from image data, making them effective in identifying patterns in a 
time-series gridded data such as SST anomalies across the globe. When combined, 
these architectures have been shown to significantly improve the accuracy of fore-
casts by leveraging both temporal and spatial information ([11]). 

Recent advances in deep learning have shown promise in improving short-term 
ENSO forecasting. Ham et al. (2019) introduced a deep learning framework that 
leveraged convolutional neural networks (CNNs) to capture spatial patterns and 
long short-term memory (LSTM) networks to model temporal dependencies in 
climate data [10]. This approach demonstrated enhanced predictive performance 
compared to traditional methods, highlighting the potential of deep learning in 
this field. Building on this, other researchers have explored hybrid models that 
combine multiple deep learning architectures to better capture the multiscale na-
ture of climate data. 

In addition to neural network model architecture innovations, the use of other 
techniques has been explored in order to increase robustness of predictions. Given 
ENSO’s immensely chaotic nature, a meticulous pre-processing procedure is im-
mensely beneficial to optimizing the model’s ability to capture the underlying pat-
terns causing the fluctuations in ONI values without accidentally picking up 
trends that were the results of external factors. 

The discrete wavelet transform (DWT) serves as not only a key preprocessing 
step for de-noising but simultaneously offers the benefit of being multi-view, 
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presenting multiple different channels (components) holding potentially more in-
formation and trends that may increase accuracy of ENSO prediction ([12]). 

Traditionally, the DWT was mainly used in denoising, where the approxima-
tion component—being the denoised version of the original image—would be 
used in on itself for machine learning; the detail components hold less relevant 
information and pick up on less trends compared to the approximation ([13]). In 
this study however, a parallel computing approach was used to integrate the main 
approximation channel with the information held in each of the detail compo-
nents generated by the wavelet transform to further improve robustness of the 
final predictor model using forms of multiple regression analysis tools. 

Autoencoders have been increasingly explored in the context of unsupervised 
learning for their ability to reproduce data while retaining and possibly ampli-
fying essential features. Typically, autoencoders are employed in tasks where the 
goal is to compress data into a lower-dimensional space and then reconstruct it, 
which is particularly useful in handling large, complex datasets. However, prior 
studies have predominantly focused on dimensionality reduction of image da-
tasets and where decoded back to original dimensions only—which were then 
used in the neural network ([14]). This research leverages encoder-decoder au-
toencoders to not only reduce dimensionality for image encoded data, but non-
image data as well, which enhances the model’s ability to pick up generalized 
key features to a higher extent. Such a reconstruction method allows for the 
conjunction with CNNs and LSTMs while simultaneously utilizing the de-
noising and anomaly-detection abilities of autoencoders to further enhance 
ENSO prediction accuracy. 

2. Data and Methods 
2.1. Data Selection and Preparation 

Seen in the full project workflow, Figure 1, this study utilized the Extended Recon-
structed Sea Surface Temperature version 5 (ERSSTv5) dataset, which provides 
global sea surface temperature (SST) anomalies. ERSSTv5 is a widely used dataset 
known for its accuracy in long-term climate studies, offering monthly SST data 
with a spatial resolution of 2˚ × 2˚ from 1854 to present ([15]). This study used a 
time range of January 1949 to December 2014, of length 792 months. This dataset 
was chosen due to its comprehensive coverage and its relevance widespread in 
ENSO—related climate modeling studies and analyzing SST anomalies, which are 
critical in understanding and predicting ENSO events. 

To ensure quality analysis, the image data was centered around the most rele-
vant area for ENSO-related activity, the tropical Pacific region from the ERSSTv5 
dataset. This region is crucial for detecting and understanding the sea surface tem-
perature (SST) anomalies that are indicative of El Niño and La Niña events, as it 
encompasses the key zones where these phenomena typically manifest to the 
greatest extent ([15], Figure 2). This focus allowed for a more detailed and accu-
rate analysis of the SST patterns associated with ENSO variability. 
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Figure 1. Project workflow. 

 

 
Figure 2. Pearson correlation coefficients between sea surface temperature (SST) 
anomalies and El Niño phases, highlighting significant correlations within the Niño 
3.4 region (boxed area). The correlation map indicates strong correlations in the 
central equatorial Pacific, consistent with the expected warming or cooling patterns 
associated with ENSO events. 
 
The SST anomaly was then standardized using scikit-learn’s StandardScalar, 

which normalizes feature values by subtracting the sample mean and dividing by 
the sample standard deviation: 

 .i
i

x m
z

s
−

=  (1) 

In addition to SST data, the Oceanic Niño Index (ONI) was selected as a key 
indicator for identifying ENSO phases. The ONI is derived from SST anomalies in 
the Niño 3.4 region (Figure 2, [16]), covering the central equatorial Pacific [2]. It 
is the standard metric used to classify ENSO events, with thresholds set at ±0.5˚C 
deviations from the average. Given that the goal of the study was to accurately 
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forecast ENSO events, the target dataset was lagged 4 months ahead of time for the 
model to learn precursory patterns indicative of ensuing ENSO events. 

2.2. Data Pre-Processing 
2.2.1. M-Band Discrete Wavelet Transform 
M-band orthogonal discrete wavelet transforms (DWT) are utilized to decompose 
each image in the dataset into multiple frequency bands, enhancing the model’s 
ability to analyze various levels of detail. An M-band DWT is determined by a 
filter bank consisting of M filters ( 2M ≥ ), including a low-pass filter α  and 

1M −  high-pass filters ( )jβ  for 1, , 1j M= −  ([5] [14]). This decomposi-
tion allows for the extraction of both fine and coarse features, capturing multi-
scale spatial and temporal characteristics essential for ENSO prediction. 

In this study, the M-band DWT used prior to deep learning models to capture 
patterns across different scales. The multi-scale approach facilitated by the M-
band DWT will later allow the use of a combined detail model with parallel com-
puting, to overall significantly boost the computational efficiency and accuracy of 
the predictive model ([17]). 

An M-band orthogonal wavelet is considered N-regular if it has N vanishing 
moments; hence wavelets with more vanishing moments tend to be smoother with 
longer filters. 

 
1

2
n

i
i

Mα
=

=∑  (2) 

 ( )

1
0 for 0, , 1; 1, , 1

n
jk

i
i

i k N j Mβ
=

= = − = −∑    (3) 

 ( ) 1 for 1, , 1j j Mα β= = = −  (4) 

 ( ) 0 for 1, , 1j j Mαβ = = −  (5) 

 ( ) ( ) 0 for , 1, , 1 andi j i j M i jβ β = = − ≠  (6) 

For adequate integer values of k, an M-band wavelet can be used to create an 
Mk × Mk wavelet transform matrix to decompose channels of a dimension. 

An example 3-band DWT matrix is  

1 2 3 4 5 6

1 2 3 4 5 6

1 2 3 4 5 6
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The filters for said matrix being 

0.3384 0.1174 0.4036
0.5308 0.5443 0.6285
0.7233 0.0187 0.4606

, , .
0.2390 0.6991 0.4036
0.0465 0.1361 0.0786
0.1459 0.4270 0.2465

α β γ

−     
     −     
     −

= = =     
− −     

     − −
     
−          

 

It can be proven that all the DWT matrices we are using are orthogonal, i.e., 
W W=  for all such DWT matrices W ([18]). 

The 2D DWT of an channel X is defined as the matrix WXW. This decomposi-
tion can be seen as an M × M block matrix where the top-left submatrix is the 
approximation (low frequency) component, and the other submatrices are detail 
(high frequency) components. 

For example, a 2D 3-band DWT decomposes a channel X into a block matrix  

12 13

21 22 23

31 32 33

A D D
WXW D D D

D D D

 
 =  
  

 

where A is the approximation, or low frequency, component and ijD  are detail, 
or high frequency, components ([19]). 

Figure 3 is a 88 × 180 (clipped for multiples of 4) pixel image of the mean SST 
anomalies of the world under Extended Reconstructed Sea Surface Temperatures 
Version 5 in October of 1949. 

 

 
Figure 3. Original image of SST anomalies—observe the presence of a cold 
tongue in the Central Equatorial Pacific. 

 
To pre-process the data, a 4-band 4-regular wavelet filter bank derived from 

[18] was used across each image of the 792 months in the SST anomaly time series 
dataset. As such, an approximation and 15 detail components were generated, 
each now of pixel size 22 × 45 (Figure 4). 
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(a) Approximation component                       (b) Detail components, scaled colors 

Figure 4. Results of wavelet decomposition using the 4-band 4-regular wavelet. The cold tongue in the Tropical Pacific 
in the approximation (top left, subfigure 4(a)) remains noticeable as seen in the original, Figure 3. Because we applied a 
4-band DWT to the image, the image is decomposed into 16 sub-images. The pixel values of detail components are very 
small compared to the approximation, so the subfigure 4(b) is the same as the subfigure 4(a) but with a smaller color 
gradient. 

 
In addition to its usage in pre-processing the image data, the DWT was also 

applied to the target ONI index dataset for the purpose of denoising ([20]). 
Given a signal nS ∈ , 

W = 4-band 4-regular wavelet filter bank: 
For each detail coefficient ( )1, 2,3id i = : 

 1

2

3

a
d

S W S
d
d

 
 
 = × =
 
 
 

  (7) 

4
1 2 3, , ,

n

a d d d ∈  

 Threshold 2log for 1,2,3
4i i
n iδ σ  = = 

 
 (8) 

where iσ  is the standard deviation of the elements of id . 
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 =
 
 
 

  (10) 

 * *tS W S= ×   (where *S  is the denoised signal) (11) 

This approach was beneficial for removing any unexpected anomalies in the 
data that may have been caused by fluctuations in various other variables in the 
global climate—seen in Figure 5. 
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Figure 5. Original ONI index vs. DWT—denoised ONI index from April 1950 to 
April 2015. 

2.2.2. Non-Image Autoencoders 
Autoencoders, particularly those paired with LSTM networks, are effective for di-
mensionality reduction in time-series data to capture critical patterns stored in 
the SST anomaly data. Autoencoders will output multiple nodes or channels based 
on trends observed in the original dataset, each with different configurations that 
the autoencoder decides will best match information patterns observed in the 
original dataset ([21]). By selecting the nodes with highest Pearson correlation to 
the target dataset, training data can be further denoised and optimized for retain-
ing the most ENSO-correlated patterns in the SST anomaly dataset. 

This study utilized a hybrid model, with both original and flattened versions of 
the time-series image data to capture both spatial and generalized trends, respec-
tively—which were then used through a concatenate layer in the CNN. 

In traditional autoencoder architecture, the encoder compresses the input data 
into a lower-dimensional representation (latent space), capturing essential fea-
tures, while the LSTM network learns temporal patterns. This compressed repre-
sentation is then passed through a decoder, which reconstructs the data back to 
its original form, preserving the temporal sequences and features. 

This method is particularly valuable in applications where feature extraction 
from high-dimensional time-series data is very useful, as the non-image data will 
capture key generalized patterns associated with ENSO trends, hence flattened in-
put data was used to create multiple nodes of encoded data in the form of vectors. 
Reconstruction from the decoder thus only maintains the temporal dimensions as 
the final output nodes are all in vector form. 

2.2.3. Convolutional Autoencoders 
Convolutional autoencoders, designed for image data, combine convolutional lay-
ers with autoencoder architecture to perform both dimensionality reduction and 
data reconstruction while preserving spatial information. 

In this setup, instead of flattening the input image data, the encoder directly 
applies convolutional filters to the input image, extracting features and reducing 

https://doi.org/10.4236/acs.2024.144027


W. Zhou, X. D. Wang 
 

 

DOI: 10.4236/acs.2024.144027 460 Atmospheric and Climate Sciences 
 

the spatial dimensions (Figure 6). The decoder then reconstructs the image from 
the compressed representation, maintaining the same spatial dimensions as the 
original time series image dataset. This technique is particularly effective for pro-
cessing and denoising image sequences, allowing the model to learn more highly 
ENSO-correlated particular spatial features for time-series forecasting. 

In our case, 128 channels were reconstructed from the non-image autoencoder, 
and 4 channels from the convolutional autoencoder. Each was trained with 200 
epochs and earlystopping to prevent overfitting. 

 

 
Figure 6. Autoencoder schematic for both non-image and convolutional image 
autoencoder architecture. The input layer represents the original time series data, where 
each time step corresponds to either a feature vector (flattened) or an image. The 
decoder reconstructs the input back to its original dimensions N in multiple different 
channels/nodes in both the non-image autoencoder and in the image autoencoder. 

2.3. Model Framework 
Convolutional Neural Networks 
Neural Networks are composed of three layers—the Input layer, hidden layers, 
and output layers. Each are made of neurons, which receive an input from the 
previous layer and perform a weighted sum with trainable weights w and adds a 
trainable bias value ib . Finally, the neuron applies a specified activation function 
f to produce an output value nz , which serves as the input for the neurons in the 
following layer. Such layers that receive and produce an input are called Dense 
layers. All outputs can be defined by these two equations:  

 
1

,
n

i i j j
j

y b w x
=

= +∑  (12) 

 ( ).i iz f y=  (13) 

A Convolutional Neural Network (CNN) is a type of neural network that is 
often used in the case of learning features from image input data ([22]). For an 
input variable x consisting of c channels, each P × P pixels, the CNN applies N 
convolutional filters, each of size Q × Q. The output , ,i j ny  at each layer is 
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calculated as: 

 
1 1

, , , , ,
0 0

.
Q Q

i j n s t n i s j t n
s t

y w x b
− −

+ +
= =

= ⋅ +∑∑  (14) 

It can be seen that the initial input layer has dimensions of (None, 12, 8, 20, 4) 
in the model framework, Figure 7. The dimension 12 arises from the usage of 
sequences. Prior to model training, the dataset was reformatted into a dataframe-
like sequence, such that there are moving windows of 12 months at a time (Jan 
1949 to Dec 1949, Feb 1949 to Jan 1951, etc.), each correlating to a predicted ONI 
value 4 months ahead of time. This procedure was carried out for both the image 
and non-image data. 

The model framework begins with processing image data through time-distrib-
uted convolutional layers. These layers allow the model to capture spatial features 
independently for each time step, an important method when handling sequential 
data as it preserves temporal information necessary for making predictions based 
on a series of inputs. The Rectified Linear Unit (ReLU) activation function is em-
ployed in these convolutional layers to introduce non-linearity, allowing the 
model to handle complex patterns in the data. Specifically, the ReLU function fil-
ters out negative values using the equation: 

 ( ) ( )max ,0f x x=  (15) 

This function outputs the maximum between the input value and zero, effec-
tively retaining positive values and discarding negative ones, which helps the 
model learn any relevant features. 

Such a manner of processing is necessary as the model will be able to learn much 
more information for a prediction if inputted 12 months of data at a once com-
pared to just one. Following the convolutional operations, max-pooling layers re-
duce the dimensionality while retaining key features for following layers. 

After the convolution and pooling steps, the downsampled image data is passed 
through a Convolutional Long Short-Term Memory (ConvLSTM2D) layer ([23]). 
This layer is critical for capturing both spatial and temporal dependencies in the 
data, which is especially important for time-series prediction tasks. The Con-
vLSTM2D layer uses trainable weights within a 3 × 3 convolutional window and 
applies the hyperbolic tangent (tanh) activation function, which scales input val-
ues to a range between −1 and 1. The tanh activation function is particularly suited 
for the ConvLSTM layer as it helps keep the temporal dependencies needed across 
sequences while also controlling the signal amplitude. 

 ( ) e etanh
e e

x x

x xx
−

−

−
=

+
 (16) 

Concurrently, the non-image data, representing the sequence of features corre-
lated with the target dataset, is processed through a dense layer. This dense output 
is reshaped and repeated to align with the dimensions of the image features before 
being concatenated with the pooled image features, combining the processed im-
age and nonimage output before the final dense and dropout layers. 
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Figure 7. Flow chart of layers included in the full Convolutional Neural Network. 
The left column of layers is for the image data, the right column is for processing 
the nonimage data. They are concatenated before final dense layers to output a 
single forecasted value. Input dimensions of (None, 12, 8, 20, 4) are for time steps, 
sequence windows, height, width, and channels, respectively. 

 

Dropout regularization is applied to these dense layers to prevent overfitting. By 
randomly dropping a fraction of the neurons during training, the dropout regular-
ization helps ensure that the model does not become too dependent on any single 
feature, improving model precision. The dropout rate is set to 0.2 in order to main-
tain a balance between reducing overfitting and retaining model complexity ([24]). 
The final output is then obtained through a softmax activation function in the Dense 
layer, which transforms the combined features into a single predicted value. 

2.4. Support Vector Regression 

Recall that while the detail components of the discrete wavelet transform are gen-
erally not used, they are still components of the original dataset, and hence hold 
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potentially useful information for further optimizing the model. In this study, the 
focus shifted to refining the final predictive model using a parallel computing ap-
proach with multiple regression analysis tools, specifically the Support Vector Re-
gression (SVR) ([25]). After the wavelet transform decomposed the signal into 
approximation and detail components, the regression step was crucial for com-
bining these components into a unified predictive model. 

Support Vector Regression (SVR) was chosen for its high capacity in managing 
high-dimensional and complex data. SVR aims to approximate the underlying pat-
terns in the data while minimizing prediction errors. A distinguishing feature of 
SVR is its margin of tolerance, defined by the  -insensitive loss function. This mar-
gin allows the model to disregard small deviations within a specified range (  ), fo-
cusing on more significant errors that exceed this threshold. This approach en-
hances the final model’s ability to handle noisy data and outliers effectively ([26]). 

Given the already relatively well-performing model from just the wavelet ap-
proximation component of the dataset, we decided to optimize the regression to 
fit to the residuals between the true and approximation-predicted values: 
 ( ) ( ) ( )true 0r t y t y t= −  (17) 

To optimize these residuals, SVR was applied to the detail components ( )jD t  
for 1,2, ,15j =  . The SVR model was used to predict the residual ( )r t  based 
on a linear combination of the detail components: 

( ) ( )
15

1

ˆ j j
j

r t w D t
=

= ∑  

Here, jw  are the weights learned by the SVR model for each detail component 
( )jD t . The final predictor ( )ŷ t  was obtained by adding the optimized residuals 

back to the initial approximation: 

( ) ( ) ( )0ˆ ˆy t y t r t= +  

Support Vector Regression Kernels 
To test out reliability of different SVR models, two different kernels were tested: 
the Radial Basis Function (RBF) kernel and the linear kernel. 

The RBF kernel specializes in its ability to map data into a higher-dimensional 
space where linear relationships can be more easily identified. Such a property 
enhances its ability particularly in capturing complex, non-linear relationships be-
tween the residuals and the detail components, notably in cases where the data is 
not linearly separable ([27]). The RBF kernel is defined as: 

 ( ) 2
, ,

1
, exp

n

i j i k j k
k

K x x x xγ
=

 
= − − 

 
∑  (18) 

where ,i kx  and ,j kx  are the k-th feature values of the i-th and j-th data points, 
respectively, and γ  controls the kernel’s spread. The optimization process in 
SVR with an RBF kernel involves adjusting these kernel parameters to fit the data. 
The predicted residuals ( )r̂ t  in this case are indirectly influenced by the kernel 
parameters rather than directly learned weights. 

A SVR linear kernel was also utilized, which indeed behaves similarly to 
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multivariate linear regression in that both methods attempt to fit a linear relation-
ship between the input features (in this case, the detail components ( )jD t ) and 
the output (the residuals ( )r t ). In both methods, the goal is to find a set of 
weights jw  that best fit the data. 

 ( ) , ,
1

,
n

i j i k j k
k

K x x x x
=

= ⋅∑  (19) 

where ,i kx  and ,j kx  are the k-th feature values of the i-th and j-th data points, 
respectively. 

In both SVR with a linear kernel and multivariate linear regression, the goal is 
to find a set of weights jw  that best fit the data. However, recall that SVR differs 
in its approach towards error minimization through a different kind of loss func-
tion that includes a margin of tolerance, allowing it to be more suited to noisy data 
such as SST anomalies which experience great variation from factors other than 
just ENSO events. 

In experiments for both kernels, fitting the regressions was done with predicted 
values from the detail component models on the validation set, while forecast ac-
curacy was measured using the test dataset. 

2.5. Training and Testing 

Given the added dimension due to sequences, a DataGenerator class was used to 
input the image, non-image and target datasets into the model for both training 
and testing, along with a “on epoch end” shuffler to reduce overfitting. Data was 
split into subsets of proportions 0.6, 0.2, and 0.2 for the training, validation and 
test sets, respectively. 

It is to be noted that the image autoencoder outputs four nodes, or four differ-
ent reconstructed datasets each emphasizing different information from the orig-
inal SST anomaly dataset. As such, tests were run with both each of the four nodes 
individually (where the channel dimension in the CNN would be 1), compared to 
the performance seen in the CNN with a channel dimension of 4, with all nodes 
integrated into the datasets. 

In addition, control experiments were run without the wavelet transform and 
the non-image autoencoded data (non-image data was set to a array of just ones) 
to see the magnitude of improvement gained with the non-image data, wavelet 
transform and SVR (seen in Table 1). 

 
Table 1. Summary of experimental setups. Autoencoders were used for all experiments. 
DWT was used prior to both non-image and image autoencoders. Wavelet approximaion 
used in experiments 1 - 3. Models trained with 24 epochs, Earlystopping on validation loss 
to prevent overfitting. 

Experiment Wavelets 
Non-Image 

Data 
Channel 

Dimension 
Regression Description 

1 No No 1 N/A 
No DWT,  

no non-image data 
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Continued 

2 No Yes 1 N/A 
No DWT,  

with non-image data 

3 Yes Yes 1 N/A 
DWT,  

each node separately 

4 Yes Yes 4 N/A 
DWT,  

all nodes together 

5 Yes Yes 4 Linear 
DWT, all nodes,  
linear regression 

6 Yes Yes 4 RBF 
DWT, all nodes,  
RBF regression 

Metrics 
Metrics calculated to measure accuracy of models include: 1) Pearson correlation 
for evaluating how well trends are followed, 2) Root Mean Square Error (RMSE) 
and 3) Mean Absolute Error for error from true values, and 4) coefficient of de-
termination (R2) for overall performance. In addition, three other metrics were 
used to determine capacity of event forecasting in general ([28]): 

5) Critical Success Index (CSI):  

TPCSI
TP FN FP

=
+ +

 

CSI ranges from 0 to 1, with values closer to 1 indicating better performance. A 
higher CSI means that the model correctly identifies more positive instances while 
lesser false positives and false negatives ([29]). 

6) Hit Rate (HR):  

TPHR
TP FN

=
+

 

HR ranges from 0 to 1, with values closer to 1 indicating better performance. A 
higher HR means the model correctly identifies a greater proportion of actual pos-
itive instances. 

7) False Alarm Ratio (FAR): 

FPFAR
TP FP

=
+

 

FAR ranges from 0 to 1, with values closer to 0 indicating better performance. 
A lower FAR means fewer false alarms, i.e., the model makes fewer incorrect pos-
itive predictions. 
 True Positives (TP): Instances correctly predicted as positive.  
 False Negatives (FN): Instances that are positive but incorrectly predicted as 

negative.  
 False Positives (FP): Instances that are negative but incorrectly predicted as 

positive.  
A ONI threshold of 0.5 was used, as such is what ([30]) classifies as what is 

considered a El Niño or La Niña event. 
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3. Results 

In this section, we will review the overall performance of each of model’s experi-
ments through evaluation of metrics and predicted monthly time series (2001-12-
01 to 2014-12-01). 

Time Series Prediction Graphs 

 
Figure 8. Experiment 1—no DWT, no non-image data, with one node. Trend 
is followed somewhat, however most predictions are very far off in value. 

 

 
Figure 9. Experiment 2—no DWT, with non-image data, with one 
autoencoder node. Notable improvements from Experiment 1. 

 

 
Figure 10. Experiment 3—with DWT (approximation component used) 
and non-image data, with a singular autoencoder node. Improvements 
from Experiments 1 and 2 (Figure 8, Figure 9) can be seen visually. 
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Figure 11. Experiment 4—with DWT (approximation component used) 
and non-image data, with all four nodes used together. Noticeable 
improvements from Experiments 3 (Figure 10), likely due usage of all 
nodes providing more possibly ENSO-correlated information. 

 

 
Figure 12. Experiment 6—with DWT, non-image data, with all four 
nodes used together, and RBF SVR applied for detail components. Not 
much noticeable visual improvement from (Figure 11). 

 

 
Figure 13. Experiment 5—with DWT, non-image data, with all four nodes used 
together, and linear SVR applied for detail components. Small improvement 
from Experiment 4 (Figure 11) can be seen, as it fits better to the actual curve. 

4. Discussion 

As expected, the true control group without wavelets, non-image data, or multiple 
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nodes performed the worst in all metrics (Figure 8). The hybrid model with non-
image data greatly improved all metrics, indicating that the non-image data likely 
aided the model’s overall perception of both trends of events and the magnitudes 
of ENSO events (Figure 9). 
 
Table 2. Performance of all 6 experiments in 1) Pearson Correlation, 2) Root Mean Squared 
Error (RMSE), 3) Mean Absolute Error (MAE), 4) Coefficient of Determination (R2), 5) 
Hit Rate (HR), 6) False Alarm Rate (FAR), 7) Critical Success Index (CSI). Values for best 
performance within each metric are bolded. 

Exp Description Correlation RMSE MAE R2 
Hit 
Rate 

FAR CSI 

Exp 1 
No DWT, no 

non-image data 
0.747 0.473 0.398 0.549 0.364 0.556 0.250 

Exp 2 
No DWT, with 
non-image data 

0.777 0.449 0.372 0.593 0.375 0.200 0.343 

Exp 3 
DWT, each node 

separately 
0.850 0.461 0.356 0.571 0.625 0.444 0.417 

Exp 4 
DWT, all nodes 

together 
0.923 0.315 0.261 0.800 0.781 0.324 0.568 

Exp 5 
DWT, all nodes, 

linear SVR 
0.930 0.312 0.245 0.803 0.875 0.349 0.596 

Exp 6 
DWT, all nodes, 

RBF SVR 
0.910 0.435 0.326 0.618 0.938 0.362 0.612 

 
The addition of the wavelet transform significantly improved almost all metrics, 

namely in the massive 67% increase in hit rate. This is indicative that the denoising 
quality of the wavelet transform was very effective in aiding the model’s ability to 
pick up on precursors, increasing accuracy for predicting changes and trends in 
ENSO events (Figure 10). Before the wavelet transform, the model likely picked 
up external noise in the dataset and viewed it as indicative of variations in ENSO, 
thus scoring far worse in hit rate, CSI, FAR, and correlation. 

Using all four autoencoder nodes as channels likewise can be seen to have im-
proved all metrics remarkably. This improvement is likely due to the greater 
amounts of relevant information from the four different reconstructions storing 
more patterns in the SST anomaly data, indicating that the decoder’s varied alter-
ations from the original data did in fact correctly replicate ENSO-correlated 
trends in the data (Figure 11). 

Usage of the linear Support Vector Regression appeared to have also improved 
all metrics, scoring the highest in correlation, RMSE, MAE, and R2. This is to be 
expected, as the extra information (albeit noisy) made up for any inaccurate biases 
created from using just the approximation of the wavelet transform. However, in 
the general forecasting metrics other than FAR, the RBF Regression scored far 
higher than in both the control and the linear SVR. 

It is seen that while the addition of the RBF SVR improved the model’s ability 
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to forecast the cycle trends themselves (Figure 12), the magnitudes of ENSO 
strength were more accurate than those modeled in the linear SVR and the control 
(Figure 13). Though the RBF likely picked up on more non-linear ENSO precur-
sors in the detail components for higher quality in the predictions of starts and 
ends of ENSO events, the comparatively poor R2, RMSE and MAE were credible 
to the noisy components generating bias in the model’s interpretation of the 
strength in SST anomaly variations. 

5. Conclusions 

We developed a hybrid deep learning model for El Niño event prediction using 
monthly SST anomaly data and additional climate features. M-band discrete 
wavelet transforms (DWTs) were applied to pre-process the data, generating 
multi-scale features. Usage of autoencoders to reconstruct original data into non-
image and image data with high ENSO-indicative patterns were used. Support 
vector regression (SVR) approximators were then employed for integrating wave-
let detail components into the model, further improving final predictions. Multi-
ple control experiments were run to evaluate the extent of improvements from 
each technique used. 

In addition to successfully producing a robust deep learning model for ENSO 
forecasting, the hypotheses that a) incorporating wavelet transforms (DWT) for 
multi-scale feature extraction and b) combining all components with the SVR, 
and the c) usage of both autoencoded image and non-image data in deep learning 
models, would increase accuracy were supported, though to varying degrees 
within each metrics. 

Experiment results indicate that the autoencoder non-image data produced no-
table, improving CSI by 37% from the true control experiment. Usage of the DWT 
on one node also greatly improved all metrics, with a 67% increase in hit rate. The 
usage of all four autoencoder channels improved the model the most, significantly 
improving almost all metrics by a large margin. The final hybrid model, integrat-
ing all these enhancements, achieved the highest overall performance in almost all 
metrics, with a correlation of 0.930, a CSI of 0.612, and advances in overall pre-
dictive accuracy, validating the effectiveness of this combined approach (Table 2). 

6. Future Research 

Some drawbacks of this model are the low resolution of input data. As the dimen-
sions were cut into a quarter of the original, input data to the CNN was relatively 
low, potentially worsening the quality of the predictions. 

Computational efficiency was also a drawback in terms of size of data that could 
be processed, trained upon, or utilized in any way. The entirety of this research 
was done with a CPU, hence in various cases such as the convolutional autoen-
coder, only 4 reconstructions were made to reduce computational times. An in-
crease in channels may allow for greater ENSO correlated information learned 
from the model. 
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Such a principle also applies in the architectures of the deep learning tech-
niques. In both the LSTM autoencoders and the CNN, a balance had to be struck 
between architecture complexity and computational efficiency. Greater complex-
ity of the model may allow for superior feature selection. 

New forms of neural networks may also improve predictions. Usage of the re-
cently developed Vision Transformer Model may perform better over a regular 
convolutional neural network [31]. Quantum convolutional neural networks, liq-
uid neural networks, and continuous time recurrent quantum neural networks 
likewise may further improve robustness of the model. 
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Appendix 

1) Data Availability 
The monthly averaged Sea Surface Temperature Anomaly data from the 

Extended Reconstructed Sea Surface Temperature Data can be found from 
this OpenDAP link: http://iridl.ldeo.columbia.edu/SOURCES/.NOAA/.NCDC
/.ERSST/.version5/.anom/T/. The 3-month running mean standardized Ocea
nic Nino Index Data can be found from NOAA’s website: https://origin.cpc.
ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php. Data is a
vailable from 1950 to present; this study used April 1950 to April 2015. 

2) Wavelet Filter Bank 
Here is the 4-band 4-regular wavelet filter bank used—derived from [14]. 
 

α  ( )1β  ( )2β  ( )3β  

0.08571302 −0.1045086525 0.2560950163 0.1839986022 

0.1931394393 0.1183282069 −0.2048089157 −0.662289313 

0.3491805097 −0.1011065044 −0.250343323 0.6880085746 

0.5616494215 −0.0115563891 −0.2484277272 −0.1379502447 

0.4955029828 0.6005913823 0.4477496752 0.0446493766 

0.4145647737 −0.2550401616 0.0010274 −0.0823301969 

0.2190308939 −0.4264277361 −0.0621881917 −0.0923899104 

−0.1145361261 −0.082739818 0.5562313118 −0.0233349758 

−0.0952930728 0.0722022649 −0.2245618041 0.0290655661 

−0.1306948909 0.2684936992 −0.3300536827 0.0702950474 

−0.0827496793 0.1691549718 −0.2088643503 0.0443561794 

0.0719795354 −0.443703932 0.220295183 −0.0918374833 

0.0140770701 0.0849964877 0.0207171125 10.0128845052 

0.0229906779 0.1388163056 0.0338351983 0.0210429802 

0.0145382757 0.0877812188 0.0213958651 0.0133066389 

−0.0190928308 −0.1152813433 −0.0280987676 −0.0174753464 
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