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Abstract

The El Nifo-Southern Oscillation (ENSO) is the most significant year-to-year climate
variation, affecting weather and climate systems worldwide. However, current prediction
models, both dynamic and statistical, struggle with accuracy due to the complex mech-
anism of ENSO. This study introduces a regional temperature and salinity prediction
method using a Long Short-Term Memory (LSTM) deep learning model, which is well-
suited for identifying long-term patterns in sequential data. The model is applied to three
specific regions using in-situ data from Argo floats: the central-eastern Pacific, the cen-
tral tropical Pacific Nifio 3.4 region, and the Western Pacific Warm Pool (WPWP). These
regions are chosen because they play key roles in ENSO dynamics. Results show that

the LSTM model performs best in the WPWP, where the average mean squared error
(MSE) is low (0.03), indicating high accuracy and stability. This is likely due to lower
noise in the original data. In contrast, the model performs poorly in the central-eastern
Pacific, where the average MSE is much higher (7.03), suggesting instability due to high
noise in original data. These findings highlight the potential of deep learning for regional
climate predictions and suggest that LSTM models could improve local weather forecast-

ing and fisheries management.
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Plain Language Summary

The current studies focus on predicting the El Nino-Southern Oscillation (ENSO)
in the Central Equatorial Pacific (Nino 3.4 region) using various statistical and machine
learning (ML) models. El Nino-Southern Oscillation (ENSO) is a major climate pattern
that affects weather worldwide, influencing everything from storms to droughts. Scien-
tists use different models to predict ENSO, but these models often struggle because ENSO
is complex and behaves differently across regions. This study looks at how well a deep
learning model, called Long Short-Term Memory (LSTM), can predict ocean temper-
ature and salt levels in three key areas: the Central-Eastern Pacific, the Nino 3.4 region,
and the Western Pacific Warm Pool (WPWP). The LSTM model, an advanced recur-
rent neural network capable of capturing and learning long-term repeating signals in time-
series data, is well-suited for capturing ENSO’s long-term signals. Since ENSO charac-
teristics differ across these three regions, the model’s predictive performance is expected
to vary accordingly. Results show that the LSTM model performs best in the WPWP,
where the error between the actual and prediction (mean squared error: MSE) is low (0.03),
indicating high accuracy and stability in the original real data. In contrast, the model
performs poorly in the central-eastern Pacific, where the average MSE is much higher
(7.03), suggesting instability due to high noise in original data. By comparing the LSTM
model’s accuracy across these regions, this study will provide insights into its strengths
and limitations in forecasting ENSO at different stages. A better understanding of these
regional differences will help improve prediction models, ultimately helping local gov-

ernments in disaster precautions and supporting fisheries management.
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1 Introduction

The El Nifio-Southern Oscillation (ENSO) stands as one of the most influential cli-
mate phenomena globally, exerting profound impacts on weather patterns, oceanic con-
ditions, and ecosystems worldwide (Rasmusson, 1985). Its effects are far-reaching, ex-
tending from the tropics to the mid-latitudes and beyond. El Nino and La Nina are the
two primary phases of ENSO. Both are the result of ocean-atmosphere interactions (Daw-
son & O’Hare, 2000). During El Nifo events, the eastern and central tropical Pacific wa-
ters become warmer than average. In contrast, during La Nina events, water will be cooler

than average (Ibebuchi & Richman, 2024).

Historical Nino 3.4 Sea Surface Temperature Anomaly

NINO3.4 SST Anomaly (°C)
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Figure 1. Nino 3.4 Sea Surface Temperature Anomaly

The Nino 3.4 anomaly index is widely used as an indicator and predictor of ENSO.
It represents the average sea surface temperature (SST) anomalies in the central equa-
torial Pacific (Figure 1). Specifically, it uses a 5-month running mean in the region be-
tween 5°N—5°S and 170°W-120°W, where the ocean and atmosphere show strong sen-
sitivity to each other’s variations. El Nino and La Nina events are defined by anoma-
lies of +0.4°C (Schneider et al., 2013). This index provides valuable insights into how

ENSO impacts those regions.

The Nino3.4 region and the central-eastern Pacific exhibit significant variability in
temperature and salinity due to the influence of ENSO events (Trenberth, 1997). Dur-
ing an El Nino event, weakened trade winds allow warm surface waters to expand east-

ward from the central Pacific, increasing sea surface temperatures (SSTs) in the Nino3.4
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region and the central-eastern Pacific. This shift suppresses the usual upwelling of cold,
nutrient-rich water, leading to higher temperatures and reduced salinity due to increased
precipitation and reduced mixing with deeper saline waters. Conversely, during La Nina,
stronger trade winds enhance the upwelling of cold, nutrient-rich water along the east-
ern Pacific, lowering SSTs and increasing salinity as evaporation intensifies and precip-
itation shifts westward. These oceanic and atmospheric changes play a crucial role in global
climate variability, impacting regional weather patterns, marine ecosystems, and fish-

eries along the South American coast.

The Western Pacific Warm Pool (WPWP) is a region of the Pacific Ocean with some
of the warmest SSTs in the world, extending from the eastern Indian Ocean to the cen-
tral Pacific (Chen et al., 2021). During an El Nifio event, the trade winds weaken, al-
lowing the warm waters of the WPWP to shift eastward toward the central and east-
ern Pacific. This shift disrupts the normal atmospheric and oceanic conditions, suppresses
the upwelling of cold water in the east. Conversely, during La Nina, the WPWP’s warm
waters are more confined to the western Pacific, intensifying the temperature gradient
and trade winds, which enhances upwelling in the eastern Pacific and reinforces the nor-
mal climate pattern. Therefore, the WPWP’s behavior is the opposite of the Nifo3.4

region and the central-eastern Pacific.

Temperature and salinity prediction are often approached as time series forecast-
ing problems, though they are also commonly studied using 4D physical models. Deep
learning has become a popular approach for handling nonlinear time series predictions
(Ismail Fawaz et al., 2019). However, predicting ocean temperature and salinity presents
challenges due to the complex data structures and varying features over time (Wu et al.,
2022). To address these challenges, Long Short-Term Memory (LSTM) networks have
proven particularly effective. Long Short-Term Memory networks (LSTMs) are a spe-
cialized type of recurrent neural network (RNN) designed to effectively model and pre-
dict time series data by capturing long-range dependencies. Traditional RNNs process
data sequentially, where information from previous time steps is passed along to later
ones. However, they face a significant limitation known as the vanishing gradient prob-
lem (Mu et al., 2020). This issue occurs during training when gradients used to update
the model’s weights become so small that the network struggles to learn relationships
between distant time steps, resulting in poor performance for long-term dependencies.

LSTMs address this limitation with a unique architecture that includes three main com-
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ponents: gates, a cell state, and hidden states. The input gate determines what new in-
formation should be added to the memory. The forget gate decides what information from
the past should be discarded. The output gate controls the flow of information from the
memory to the output at the current step. These gates allow the network to selectively
add, retain, or remove information at each time step. These mechanisms work together
to maintain a stable and persistent cell state, which acts as the network’s memory, en-
abling it to retain critical information over extended sequences. As a result, LSTMs can
capture long-term patterns and trends in sequential data, making them highly effective
for tasks like weather forecasting, natural language processing, stock market analysis,
and ENSO predictions (Ibebuchi & Richman, 2024). By overcoming the limitations of
traditional RNNs, LSTMs have become a cornerstone in time series analysis and fore-

casting.

Model Predictions of ENSO from Jan 2025
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Figure 2. Forecasts of the Nino3.4 SST anomaly from dynamical and statistical models that
are run during the first half of the month. Figure provided by the International Research Insti-

tute (IRI) for Climate and Society updated January 2025.
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LSTM networks are particularly well-suited for ENSO prediction due to their abil-
ity to capture long-term dependencies and patterns in sequential data (Ibebuchi & Rich-
man, 2024). LSTM model is not used by IRI and their models have a wide range of vari-
ation (Figure 2 ). Unlike traditional models, which often struggle to effectively incorpo-
rate information from the past, LSTMs are designed with memory cells that selectively
retain or discard information over time. This capability is crucial for ENSO prediction,
as ENSO events develop gradually and are influenced by processes that can span months
to years. LSTM models can capture these slow-evolving signals, tracking the complex
interactions within the ocean-atmosphere system that are essential for forecasting El Nino
or La Nina events. Furthermore, LSTMs handle non-linear relationships, enabling them
to identify subtle patterns in climate data that may be overlooked by linear or shallow
models. By leveraging their memory and non-linearity capabilities, LSTMs have the po-
tential to provide more accurate and reliable ENSO predictions, surpassing traditional
statistical models and other machine learning methods that cannot fully exploit tempo-

ral dependencies in the data.

In this study, an LSTM

model is developed to predict

140°E 160°E 180° 160°W 140°W 120°W 100°W 80°W
20°N =

temperature and salinity in three

10°N

5N

regions, extending beyond the

5%
1005

155

et traditional Nifio 3.4 index bound-

140 160°E 180° 160°W 140°W 120°W 100°W 80°W

aries. The Nino 3.4 index typ-
Figure 3. Box coordinates. ically relies on data from a nar-
row equatorial band (5°S to 5°N)
(Figure 3), but this model expands the input data range to 5°S to 15°N, encompassing
a broader tropical region. In-situ data were collected at 15°N by three Argo floats, which
are autonomous, free-drifting instruments that monitor temperature, salinity, and, in some
cases, additional parameters such as dissolved oxygen at various depths. The influence
of these expanded northern latitudes on the model’s predictions is intriguing to explore.
Since the Nino 3.4 region (5°S to 5°N) has a strong influence on ENSO dynamics, one
might expect that the model’s accuracy could primarily depend on data from this equa-
torial zone. The study will help determine the model’s performance on predicting tem-
perature and salinity in three key regions of the Pacific: WPWP (10°N to 15°N, 140°E
to 160°E, Box 1), the Nino3.4 region (5°S to 5°N, 140°W to 160°W, Box 2), and the central-
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eastern Pacific (5°S to 5°N, 80°W to 100°W, Box 3). Predictions were made at depths

of 10 m, 20 m, and 100 m to capture vertical variations in ocean properties. By analyz-
ing how the predictions differ across regions and depths, this study aims to provide in-
sights into the model’s performance and the underlying oceanographic processes influ-
encing temperature and salinity variability. This approach could reveal whether the pre-
dictive power of the LSTM model is more sensitive to the dominant ENSO signals in the
equatorial region or if the additional data from northern latitudes contributes valuable

insights that refine its forecasts.

2 Method
2.1 Data Acquisition and Pre-Processing

Three in-situ Argo floats were deployed (Fig-
ure 4) during Dec 29, 2024 - Jan 10, 2025 R/V

Thomas G. Thompson senior thesis cruise. They o
record temperature and salinity down to 1000 m & *\\:
and send back the data at a 10-day frequency. These _ 1.)7
3 Argo floats will not be recycled but permanently 4

left in the ocean to continue recording data in the

next 10 years. Figure 4. In-situ Argo floats paths.

Argo DOI files since July 1, 2014 till Jan-
uary 9, 2025 in the entire tropical Pacific region
were obtained from Argo GDAC (Argo, 2025). Temperature and salinity data in the in-
situ region (upper left: 15°N, 140°E; lower right: 5°S, 80°W) were obtained from Argo
DOI files. The raw NetCDF data was cleaned, and temperature, salinity, coordinates,
and time were written into a new CSV file. The Roemmich-Gilson (RG) 14-year con-
secutive climatology mean (Roemmich & Gilson, 2009) of the temperature and salinity
is used as the gridded averaged climatology for the calculation. The data is organized
into a 1° x 1° grid for longitude and latitude. When multiple data points (Argo profiles)
fall within the same grid cell, their average is used for further analysis and modeling, re-
sulting in an average of 1850 grid points for each 126 monthly time steps. Data was then
normalized by calculating the anomaly and dividing by the standard deviation (SD). Then,

for each region (box), the average of each parameter at each depth and each time point
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are taken as the final input dataset. This normalization is shown in Equation 1:

C(ﬂcz‘,yi)ﬂf,z = RC(ﬂﬁi,yi) - MC(Ii,yi)

1
C(ta Z) = E Zc(xi,yi),t,z (1)

i
where (z;,y;) is the geostrophic data point, x stands for longitude and y stands for lat-
itude. C' is the parameter of interest, either temperature or salinity. ¢ is the time series.
z is the depth. RC is actual data from Argo floats, MC is the RG gridded consecutive

climatology, SDRC is the standard deviation of the real data.

To just observe the variability in each parameter beyond the predictable annual
fluctuations, the seasonal cycle is removed from the actual training dataset. This is nec-
essary because temperature and salinity exhibit strong seasonal patterns, and a good model
should focus on predicting deviations from this repeating cycle rather than the cycle it-
self. The seasonal cycle is removed by fitting a harmonic function to the data using a
least-squares approach and then subtracting the fitted function. The harmonic function
used to model the seasonal cycle is given by Equation 2. Although the input dataset is
already in anomaly form (actual - mean), additional seasonal cycle removal helps elim-
inate residual periodicity, ensuring that the model captures non-seasonal variability more

effectively (Nelson et al., 1999).

2mt 2mt 4drt 4rt
S(t,z) = asin — + bcos — in — + dcos — 2
(t, 2) asm365—|— 003365+csm 180+ cos 180—|—e (2)
C(t; z)deseasonalized = C(t7 Z) - S<t7 Z) (3)

where S(t, z) is the harmonic equation to model the seasonal cycle. a,b, ¢, d, e are fitted
parameters. a, b, ¢, d: amplitudes of the sine and cosine components. a,b will remove the
annual cycle, and ¢, d will remove semi-annual cycle. ¢: mean offset. ¢: fractional time,

the day of the year.

An running mean filter (Equation 4) is applied to smooth the data by averaging

over a sliding window (5 days), effectively reducing short-term noise.

n=2
. 1 .
C(Z)smoothed - g Z C(t + 7, Z) (4)

1=—2
2.2 LSTM Prediction Model

The predictive deep learning model was defined using a dataset of both the input

predictors (normalized time series temperature and salinity data) and the predict and
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output (Nifio 3.4 index) (Ibebuchi & Richman, 2024). For training and testing, the dataset
was divided into an 80% training subset (July 1, 2014 to Jan 25, 2023) and a test sub-
set from Jan 26, 2023 to Jan 9, 2025. This partitioning ensures that both subsets con-
tain complete ENSO events. Although the time span can be extended back to 2002, a

smaller, manageable dataset was chosen initially for ease of analysis.

The LSTM model was implemented with layers designed to capture long-term de-
pendencies. A combination of hyper-parameters, such as the number of neurons in each
layer, learning rate, and dropout rate, was optimized to prevent over-fitting and improve
performance. The model was trained using back-propagation through time, employing
an Adam optimizer to minimize the mean squared error (MSE) loss function. The val-
idation dataset was used to monitor training progress, with early stopping implemented

to halt training when validation loss ceased improving.

Figure 5 shows the flow chart in applying the LSTM model. LSTM neurons are
a type of recurrent neural network structure designed to capture long-term dependen-
cies in sequential data, making them well-suited for time series forecasting. In our model,
the input layer consists of a sequence of past observations with a single predictor vari-
able. The LSTM layer contains 50 neurons, a choice determined through experimental
evaluation to balance model complexity and predictive accuracy. The output layer is a
single dense neuron that produces the final prediction. This architecture allows the model

to effectively learn temporal patterns while avoiding overfitting.
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Figure 5. Flow chart in applying the LSTM for temperature and salinity predictions

(Ibebuchi & Richman, 2024).

2.3 Experimental Results and Visualization

To evaluate how well the LSTM model performs in each region, the average per-
formance metrics are preformed, such as accuracy: mean squared error (MSE, Equation
5), root mean squared error (RMSE, Equation 1), mean average error (MAE, Equation
7). MSE measures the overall prediction error. RMSE measures the standard deviation
of prediction errors, providing a measure of the magnitude of the error. MAE measures
the average magnitude of errors in a set of predictions, without considering their direc-

tion. The lower the error metrics indicates better model performance. And the Corre-
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lation coefficient measures the strength and direction of the linear relationship between
observed values (C;) and predicted values (C;). Finally, or error distributions (for regres-
sion tasks) were analyzed to visually compare the performance and stability of the model

with each dataset, giving a comprehensive view of which input data produces a more ac-

curate LSTM model.

N
MSE = 7 3 (- G 5)
RMSE = | — i(a AT (6)
N 1=1
1 N
MAE = —>"|C; — ] (7)
=1

3 Results

Figure 6 shows the temperature anomaly at 10 m depth in the WPWP region (Box
1). The temperature and salinity anomalies for the other regions (Boxes 1, 2, and 3) are
not shown, as they have similar trends. There is a distinct seasonal cycle, with temper-
ature anomalies peaking in the summer months and reaching their lowest points in win-
ter. In winter 2015 - 2016, the temperature in the WPWP is lower than in other years’
winters, shown by greater than -1°C anomaly, which is a signal for El Nifio. During Fl
Nino years, the water is colder than usual in the Western Pacific. In Figure 1, 2016 is

a high temperature (El Nifio) year in the Central and Eastern Pacific. Both result agrees.

The smoothed temperature anomaly (blue dashed line) exhibits fewer extreme fluc-
tuations compared to the actual historical data (light blue solid line). The test predic-
tion (red dashed line) aligns up with the historical data every well that it almost over-
laps all the peaks. The deseasonalized anomaly has a clear offset than the actual histor-
ical anomaly, no more clear seasonal signals, demonstrating that removing the seasonal
cycle does alter the overall trend. The statistical error metrics, including MSE, RMSE,
and MAE, are consistently lower for the smoothed data compared to the unsmoothed
data. For instance, in Box 2 at 10 m depth, the MSE for the unsmoothed data is 0.18,

whereas the MSE for the smoothed data is significantly lower at 0.05 (Table 1). A sim-
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ilar trend is observed in RMSE and MAE values. The statistical error metrics for tem-

perature anomaly are lower in Box 1 and Box 2 compared to Box 3 in the shallow wa-

ter depth (10 m, 20 m). For Box 1 and Box 2, the error metrics are lower in the shal-

low water than deeper water. However, for Box 3, the error metrics is lower in the deep

water than the shallow water. The correlation coefficient for the temperature smoothed

data is high (greater than 0.9) at all depths across all three regions. The salinity statis-

tical results have really different trend than temperature. The error metrics is only low

at Box 1 in all depths but very high (over 1) for all depth in Box 2 and 3. The unsmoothed

correlation coefficient is relative high in Box 1 (over 0.6) but low in Box 2 and Box 3 (less

than 0.5). The smoothing filter also does decrease error metrics in all three regions for

salinity dramatically and increase the correlation coefficient.

Table 1. Temperature(°C) prediction performance for each three box at each depth, where the

train/test ration is 0.8.

‘ Box 1 ‘ Box 2 ‘ Box 3

10 20 100|100 20 100 | 10 20 100
MSE 0.04 0.05 094 | 0.18 0.16 0.55 | 0.84 1.17 0.34
MSE Smoothed 0.01 0.06 0.16 | 0.05 0.03 0.21 | 0.17 0.26 0.08
MSE Deseasonalized 0.04 0.06 097 |0.17 020 1.16 | 0.90 1.21 043
RMSE 0.20 0.23 0.97 | 042 040 0.738 | 0.91 1.08 0.63
RMSE Smoothed 0.10 0.12 0.39 | 0.23 0.18 047 | 041 0.51 0.29
RMSE Deseasonalized | 0.22 0.25 0.99 | 0.41 042 1.08 | 0.95 1.10 0.66
MAE 0.16 0.17 0.75 | 0.32 030 0.55 | 0.70 0.85 0.47
MAE Smoothed 0.08 0.10 0.30 | 0.18 0.13 0.35 | 0.30 0.41 0.22
MAE Deseasonalized 0.16 0.19 0.76 | 0.31 034 0.83 | 0.3 0.85 0.50
Corr 094 092 0.38 | 093 093 0.70 | 0.80 0.74 0.74
Corr Smoothed 098 0.97 087|098 099 092 | 095 0.93 0.93
Corr Deseasonalized 0.72 0.64 0511|091 091 0.67 | 0.74 0.71 0.67
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Figure 6. Temperature anomaly in the WPWP region (Box 1) at a depth of 10 m. The top
panel (A) displays both the training and test datasets of historical data, historical smoothed
data, test predictions, and a 30-day future prediction. The middle panel (B) shows only the test
dataset, including historical data, test predictions, and a 30-day future prediction. The bottom
panel (C) displays both the training and test datasets of historical data, seasonal removed his-
torical data, test predictions, and a 30-day future prediction. The color legend is the same for all
three panels. Light cyan solid line: real historical data. Light blue dashed line: smoothed histori-
cal data. Light purple dashed line: seasonal removed historical data. Black solid line: prediction
in the test dataset. Pink dashed line: seasonal removed prediction in the test dataset. Green

solid line: 30-day future prediction.
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Table 2. Salinity (psu) prediction performance for each three box at each depth, where the

train/test ration is 0.8.

‘ Box 1 ‘ Box 2 ‘ Box 3

| 10 20 100|100 20 100| 10 20 100

MSE 0.02 0.03 0.02 |1.03 1.06 1.19 | 736 7.45 7.09
MSE Smoothed 0.003 0.005 0.04 | 0.10 0.10 0.11 | 1.06 1.05 0.99
MSE Deseasonalized 0.02 0.02 0.02|1.08 101 1.19| 831 833 7.92

RMSE 0.14 0.16 0.14 | 1.01 1.02 1.09 | 2.71 2.72 2.66
RMSE Smoothed 0.06 0.07 0.07 ] 032 0.32 022 1.03 1.02 1.00
RMSE Deseasonalized | 0.13 0.15 0.13 | 1.05 1.05 1.09 | 2.88 290 2.82

MAE 0.106 0.127 0.10 | 0.33 034 0.34 | 0.92 0.88 0.70
MAE Smoothed 0.06 006 005|014 015 0.13 ] 043 042 0.32
MAE Deseasonalized 0.10 0.11 0.10 | 0.34 033 0.36 | 0.99 0.95 0.78

Corr 0.78 0.66 0.51 | 0.32 0.31 0.28 | 0.45 0.42 0.40
Corr Smoothed 0.92 0.89 0.83]0.81 082 082|084 0.82 0.83
Corr Deseasonalized 0.49 0.44 032 ] 0.25 023 024|025 0.24 0.24

4 Discussion
4.1 Smoothing and Deseasonalization Effect on Model Performance

The performance of the LSTM model varies across different regions and depths.
Surprisingly, the best performance is observed in the WPWP region (Box 1) a weak ENSO
signal region, as indicated by lower statistical error metrics. The three evaluation met-
rics, MSE, RMSE, and MAE, collectively measure the magnitude and consistency of pre-
diction errors. A lower value in these metrics suggests better model performance. Ad-
ditionally, the correlation coefficient quantifies the strength of the linear relationship be-
tween observed and predicted values, where higher values indicate better predictive ac-

curacy.

As shown in Tables 1 and 2, the model performs exceptionally well in the WPWP
region, with low error metrics and high correlation coeflicients for both temperature and
salinity anomalies. In contrast, the Central and Eastern Pacific region exhibits higher
prediction errors and weaker correlations, suggesting that the model struggles to cap-
ture variability in this area. The smoothing technique applied to the anomaly data re-

duces extreme fluctuations, leading to lower error metrics and improved correlation across
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all depths (Alysha M. De Livera & Snyder, 2011). This suggests that removing high-frequency

noise enhances the model’s ability to detect meaningful patterns in temperature and salin-

ity anomalies.

Based on simple visualization, the effectiveness of deseasonalization in this study
seems to be well. However, the statistical results doesn’t suggest that the deseasonal-
ization improve the overall model prediction a lot which is contrary to Nelson et al. (1999)’s
study. One possible reason would be that there is still some seasonal cycle that I haven’t
removed by 2, since this equation only remove the annual and semi-annual cycle. An-
other possible explanation is that the LSTM model is so good at capturing the annual
variation, without the clear annual variation, the LSTM model won’t perform as well as

the deseasonalization.

4.2 Regional LSTM Model Performance on Temperature ans Salinity

The LSTM model exhibits different levels of predictive accuracy depending on the
region and depth analyzed. The WPWP region shows strong predictive performance, likely
due to the stable and persistent oceanographic conditions in this area. In contrast, the
central-eastern Pacific presents greater challenges, as indicated by higher MSE, RMSE,
and MAE values. One possible explanation for this discrepancy is the increased variabil-
ity and complex ocean-atmosphere interactions in this region, particularly in relation to

ENSO events.

Temperature predictions generally show higher accuracy than salinity predictions
across all regions. This could be attributed to the fact that temperature data often ex-
hibit stronger seasonal signals and are more directly influenced by large-scale oceanic pro-
cesses, making them easier to model. Salinity, on the other hand, is affected by a range
of complex factors, including precipitation, evaporation, and horizontal advection, which
may introduce additional uncertainty into the model. The results suggest that while the
LSTM model is effective in capturing temperature variability, further refinements may

be necessary to improve salinity predictions.

5 Conclusions

This study developed and applied an LSTM model to predict temperature and salin-

ity anomalies in three distinct oceanic regions, demonstrating varying levels of perfor-
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mance across different locations and depths. The results indicate that the model per-
formed best in the WPWP region, where statistical errors were lower, and correlation
coefficients were consistently high. In contrast, predictions in the Central and Eastern
Pacific exhibited higher errors and lower correlations, highlighting the challenges of fore-
casting in regions with complex variability. Additionally, smoothing the input data re-
duced extreme values and improved overall model accuracy, though its effectiveness var-
ied by region. The findings emphasize the importance of regional differences in ocean
dynamics when designing predictive models. The lower performance in the Central and
Eastern Pacific suggests that standard deseasonalization techniques may not always en-
hance prediction accuracy, as they can potentially remove meaningful inter-annual vari-

ability, particularly in ENSO-dominated regions.

These results suggest that future work should explore alternative preprocessing tech-
niques, such as adaptive filtering or region-specific data transformation methods, to bet-
ter capture key oceanographic signals. Future studies can build upon this work by in-
corporating additional physical variables, such as wind stress or thermocline depth, which
may improve predictive accuracy in regions with strong ocean-atmosphere interactions.
Furthermore, testing hybrid models that integrate LSTM with traditional physical mod-
els could provide a more robust framework for forecasting oceanic anomalies. Ultimately,
refining data preprocessing strategies and model architectures will be essential for im-
proving long-term ocean prediction capabilities, which are critical for understanding and

mitigating climate variability impacts.
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