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ARTICLE INFO ABSTRACT

Keywords: Global warming, which impacts global temperatures, has led to an increase in sea surface tem-
Sea surface temperature perature (SST). This rise significantly affects marine ecological systems, especially in Indonesia.
Upwelling As a result, long-term forecasting of SST dynamics is essential for shaping various policies.
Indonesian seas However, most studies on SST forecasting have focused on short-term predictions in local or

Deep learning
Convolution neural network
Long sort term memory

medium-sized areas and often overlook the dynamic upwelling that influences SST. In this paper,
we propose a five-year SST prediction for the Indonesian seas, incorporating multi-time-series
satellite data to project upwelling dynamics. We utilized two deep learning time series models
to construct a predictive model that estimates monthly SST values. This model employs extensive
multiple satellite data, encompassing 14,934 points (including SST with a resolution of 0.090,
wind, ENSO, heat flux, and solar radiation) from 2003 to 2021. To enrich the training data and
mitigate overfitting, we applied data augmentation for time series. Experimental results reveal
that all satellite datasets correlate with SST over five years. The 1D-Convolution Neural Network
outperformed the Long-Short Term Memory model, exhibiting the lowest mean absolute error of
0.39 °C compared to 0.45 °C. Our model detected a consistent upwelling dynamic over a five-year
pattern in the Indonesian seas. These findings suggest that our proposed model offers accurate
and efficient long-term monthly SST predictions, crucial for upwelling projections.

* Corresponding author. Department of Oceanography, Faculty of Fisheries and Marine Science, Universitas Diponegoro, Semarang, Central Java, Indonesia.
E-mail address: anindyawirasatriya@lecturer.undip.ac.id (A. Wirasatriya).

https://doi.org/10.1016/j.rsase.2023.101117
Received 20 August 2023; Received in revised form 3 November 2023; Accepted 30 November 2023

Available online 9 December 2023
2352-9385/© 2023 Elsevier B.V. All rights reserved.


mailto:anindyawirasatriya@lecturer.undip.ac.id
www.sciencedirect.com/science/journal/23529385
https://www.elsevier.com/locate/rsase
https://doi.org/10.1016/j.rsase.2023.101117
https://doi.org/10.1016/j.rsase.2023.101117
http://crossmark.crossref.org/dialog/?doi=10.1016/j.rsase.2023.101117&domain=pdf
https://doi.org/10.1016/j.rsase.2023.101117

R. Tresnawati et al. Remote Sensing Applications: Society and Environment 33 (2024) 101117

10°n T

5°N RaacWE: I WO T . . S, .

10°N

100°E 110°E 120°E 130°E 140°E

0 1000 2000 3000 4000 5000 (m)

Fig. 1. Indonesian Seas with its major Islands and bathymetry. The red points denote the validation points as shown in Fig. 4. (For interpretation of the references to
color in this figure legend, the reader is referred to the Web version of this article.)

1. Introduction

Sea Surface Temperature (SST) is an essential parameter in global oceanic and atmospheric systems (Xu et al., 2021) and
dramatically influences the marine ecological system, especially in Indonesia (Qu et al., 2005). Unexpected shifts in SST can retain an
effect on marine biological systems (Xu et al., 2010; Wirasatriya et al., 2017), marine resources (Solanki et al., 2016), and also the
livelihoods of fishers. In addition, SST can correspondingly be employed to represent the dynamics of upwelling to increase global
fisheries production (Kudela et al., 2010). The upwelling phenomenon can be identified by SST cooling and seasonally varying
abundance of nutrients (El Aouni et al., 2021). Therefore, the observation and projection of the upwelling phenomenon can utilize SST
and its importance for forecasting unexpected temperature changes in the ocean.

SST observation data was collected over ship sensing and satellite remote sensing observations (e.g., Xu and Ignatov, 2016). Ship
sensing observations initially cover small areas throughout the ocean area; therefore, usually employed for validation data with
satellite data. The validation process was utilized to select the most appropriate SST remote sensing data to determine oceanographic
phenomena (Zhou, 2020). Today, satellite remote sensing observations or marine satellites can produce nearly 8 Exabyte of data
annually. It forms part of a sizeable oceanographic data, but almost 80% of this data has yet to be explored (Qian et al., 2022). Big data
is the latest trend in managing super-large and complex data with at least three common characteristics: volume, velocity, and variety
(Gartner, 2013). Big data analytics examines data to uncover hidden patterns, correlations, and other insights (Russom, 2011).
Baoleergimuge and Guoyu (2013) summarized some commonly used SST observation methods and presented four datasets, such as
Optimum Interpolation Sea Surface Temperature Analysis (OISSTA) and Extended Reconstructed Sea Surface Temperature (ERSST).
Several SST observation and prediction studies use reanalysis datasets (Sun et al., 2022) and models with small resolutions. This
dataset does not show the natural and extreme conditions that occur in the sea, especially related to extreme conditions. In our
previous study, merged microwave and infrared optimal interpolation (MW_IR OI) data was shown to have the highest validity
compared to other data, primarily to determine extreme temperature cooling, such as tropical cyclone events and upwelling (Tres-
nawati et al., 2022). Satellite data with tight resolution and can show extreme conditions can potentially use more real SST predictions.

SST prediction research has been remarkably prompt recently (Murphy et al., 2021) leveraging artificial intelligence for short-term
and long-term predictions. Artificial intelligence utilizing deep learning for time series forecasts is featured in comprehensive data
analysis, such as Convolution Neural Networks (CNN) (Zheng et al., 2020; Han et al., 2019) and Long Sort Term Memory (LSTM) (Kim
et al., 2020; Zhang et al., 2020). CNN carries the advantage of being able to ascertain hidden features from input data and process
acceleration because it is not a sequentially based model. LSTM includes several benefits in sequence modeling due to its extended
memory function and solving the problem of gradient loss and gradient implosion in the long sequence training process (Jia et al.,
2022). However, it has drawbacks in parallel processing and always takes longer to train. Both of these methods were used for short
and long-term predictions. Short-term predictions start from hour to daily predictions. Short-term predictions are proper for the
prediction of extreme SST changes briefly within a given region, such as marine heatwave (HWT) (Kim et al., 2020). Meanwhile
upwelling events are events in a very long range. Hence, they are more precise with long-term predictions. Long-term predictions start
from monthly to year predictions. Using five years of data, Sun et al. (2021) use a graph neural network to predict SST in the
northwestern Pacific Ocean area. Additionally, predictions with multi-dimensional inputs can be a solution for SST data processing
(Kang et al., 2018; de los Campos et al., 2018), especially in the territory of Indonesia in general.



R. Tresnawati et al. Remote Sensing Applications: Society and Environment 33 (2024) 101117

Table 1
Data source and resolution.
Data Source Period Spatial Total data
Resolution
Sea Surface https://podaac.jpl.nasa.gov/datasetlist 2003-2021 0.09° 1.148.396.054
Temperature
Wind https://www.remss.com/measurements/wind/ 2003-2021 0.25° 149.130.240
https://www.remss.com/measurements/ccmp/
Surface latent heat flux https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single- 2003-2021 0.25° 149.130.240
levels?tab=form
Solar Radiation https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single- 2003-2020  0.25° 149.130.240
levels?tab=form
Oceanic Nino Index https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ 2003-2020 228
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Fig. 2. Data preparation and augmentation.

In recent years, the availability of high-resolution SST data, with a spatial granularity of 0.09°, has provided researchers with a
detailed view of the temperature variations in the Indonesian seas (Tresnawati et al., 2022). However, the high resolution, combined
with the expansive geographical expanse of Indonesia, poses unique challenges. Not only does it result in a substantial volume of data,
but it also introduces computational complexities, especially when using deep learning models for prediction and analysis (Sun et al.,
2022). This study focuses on forecasting extreme events, such as upwellings, manifesting as local patterns in the SST time series data
(Armstrong, 2000). The Convolutional Neural Network (CNN), especially its 1D variant, is adept at capturing these local patterns due
to its architectural design (Qian et al., 2023). On the other hand, given the temporal nature of our data, Long Short-Term Memory
(LSTM) networks, with their ability to capture long-term dependencies in sequential data, become an essential tool in our analytical
arsenal (Zhang et al., 2020). While there are numerous state-of-the-art deep learning architectures available (Sun et al., 2021)
computational efficiency becomes a paramount concern, given the high resolution and volume of our data. Complex architectures,
although potentially more accurate, often demand significant computational resources, both in terms of memory and processing power
(Sun et al., 2022). The SOTA architecture can introduce challenges regarding training time, resource allocation, and real-time
applicability. Hence, our choice of 1D-CNN and LSTM is also influenced by the need to balance accuracy and computational feasi-
bility. In contrast to graph networks (Sun et al., 2021), which are fundamentally designed for interconnected, non-sequential data and
focus on capturing relationships and dependencies between different data points or series, our chosen models are more aligned with
the sequential and local pattern detection required for our study.

Focusing on the vast expanse of the Indonesian seas, which stretch from 91°-147°E to 12°S-12°N, a semi-enclosed sea providing a
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Fig. 3. Deep learning Architecture of (a) 1D-CNN, and (b) LSTM.
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substantial transfer route from the Pacific Ocean to the Indian Ocean and the world’s largest marine ecosystem (Fig. 1). The SST
variability within the Indonesian seas is very complex since it varies diurnally due to the day-night difference (Wirasatriya et al.,
2020a), monthly due to tidal influence (Nugroho et al., 2018; Ray and Susanto, 2016), intra-seasonally as influenced by
Madden-Jullian Oscillation and other planetary waves (Balbeid et al., 2016), seasonally due to the monsoon wind (Setiawan and
Habibi 2011; Setiawan and Kawamura 2011; Wirasatriya et al., 2019, 2020b, 2021), and inter-annually due to El Nino Southern
Oscillation and Indian Ocean Dipole (Susanto et al., 2001; Susanto and Marra 2005; Setiawan et al., 2019, 2020; Wirasatriya et al.,
2017). Thus, the accurate and early SST prediction can determine the dynamics and characteristics of future upwelling that can be used
to determine various policies (Xiao et al., 2019; Rosario et al., 2019). For upwelling case study, we focus on the Maluku Sea since this is
well known area for strong upwelling that occurs during Southeast monsoon season (Setiawan and Habibi, 2011; Wirasatriya et al.,
2017; Sari et al., 2018; Atmadipoera et al., 2018).

2. Data and method
2.1. Data

This study used multi-satellite data for SST and surface wind; and reanalysis data for heat flux, as shown in Table 1 (accessed 1
October 2022). The input of SST dataset was obtained from multiple data sources remote sensing almost the overcast pixel contam-
ination. By avoiding the diurnal cycle after the associated corrections were implied on raw data, valid SST data was represented
(https://podaac.jpl.nasa.gov/dataset/MW_IR_OI-REMSS-L4-GLOB-v5.0). We also consider Oceanic Nino Index (ONI) which is index
for ENSO as an input for SST prediction since Susanto et al. (2006) indicated that ENSO is the main driver for the interannual vari-
ability within the Indonesian seas. Datasets were extracted via Python programming (available on https://git.hub/bowo.adi/) that
plots images to data representative from the netCDF dataset.

2.2. Method

Beyond the mere application of 1D-CNN and LSTM, our methodology introduces several novel techniques tailored for SST pre-
diction in the Indonesian seas. We’ve employed a unique data augmentation technique, constructing monthly averages in diverse
manners, which not only enriches our training dataset but also simulates unforeseen SST situations. This not only ensures our model’s
robustness to diverse scenarios but also prepares it for potential anomalies. Additionally, our sliding-window method, adapted spe-
cifically for our dataset’s nature, ensures that the model is fed with a rich variety of patterns, enhancing its predictive capabilities.

The workflow of the study is briefly summarized in Fig. 2. Following previous studies’ results, the satellite data used in this study
MW_IR_OI with the spatial resolution is 0.090. Other data with a spatial resolution greater than SST are interpolated to equate with
MW _IR_OI resolution with the reference mechanism of the smallest Euclidian distance value with the SST point. The hours’ data was
changed in the form of a daily average. Then the data in the daily form is transformed into monthly average data. The monthly average
data was obtained from the daily data to get the extreme situation and generate unexpected situations from augmentation data. Data
augmentation expands the deep learning model training data and develops an unexpected situation. Augmentation is accomplished by
constructing the monthly average for an entire month and the monthly average for 20 days randomly for each month and selecting ten
times. The SST data available at the lengthiest period accessed is 2003-2021; therefore, the data were separated into training data from
2003 to 2016 and data validation from 2017 to 2021. The feature time series was five years with a 5-year predicted output. The
training set is built by the sliding-window method, a back sliding window of 1 month at a time. With data augmentation, 1848 months
of training data were obtained with 1188 sets of sliding windows. In the validation data, no augmentation is performed to retrieve the
best model in the training process. Moreover, in the SST projections scenario for the next five years, the 2017-2021 validation data is
retained in the best model to cast the 2022-2026 SST prediction.

1D-CNN and LSTM were executed in this study to receive the most suitable model for long-term SST prediction in the expansive
ocean. The model runs for data at an individual point with multivariate data input. The architecture of the 1D-CNN and LSTM
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Table 2
Pearson correlation results.
Variables Correlation with SST
SST 1.000
Wind Vector U -0.117
Wind Vector V —0.479
Heat flux 0.542
Solar Radiation 0.542
ONI —0.542

employed in this study can be seen in Fig. 3.

Convolution with multi-layer perceptron extends a prior neural network from one hidden layer to multiple layers with convolution
layers as feature extraction. As the layers and neurons increase, the organized structure gets to be more complicated than a primary
neural network, which is capable in apprehending nonlinear issues. According to Zhao et al. (2019), CNN architecture is categorized as
one-Dimension (1D) and n-Dimension. 1D is focused on feature extraction of sequential data, and n-Ds were utilized for extraction
features on images, video, or multidimensional data. 1D-CNN approach is proposed in this study to untie with fast computing of the
features from time series sequential sensor data.

The complete process of 1D-CNN is illustrated in Fig. 3a. A layer of one-dimensional sequential data as input [X1,Xaz,. . .. . ., Xx],
where N is data length time of remote sensing data sequences. Multidimensional time series data will be convoluted as a feature
mapping using kernel. Convolutional layers utilize a channel matrix for feature extraction and the pooling layer for feature dimen-
sionality reduction, compressing the sum of data and parameters and decreasing overfitting. Recognizable valuable data can be filtered
to some extent when data pass through the pooling layer within the proposed method. In the convolutional layer operation, the
convolutional filter slides over each sample and executes the convolutional process. In 1D-CNN, multiple filter kernels can be applied
in the convolutional layer with different filter lengths (Arunthavanathan et al., 2021; Li et al., 2018).

The repetitive neural network (RNN) is typically employed for time series prediction. While RNNs ordinarily endure the vanishing
gradient problem. To crush this problem, LSTM was introduced to control the time series data’s memory data (Hochreiter and
Schmidhuber, 1997). The LSTM contains three gate structures: input, forget, and output gates. Input and forget gates are planned to
control the memory cell state. Fig. 3b shows the architecture of the LSTM block used in this paper.

Pearson correlation is used to determine the degree or severity of the relationship between two variables or two features of an
object (Conover, 1979). The magnitude of the Pearson correlation value can be seen in the following equation:

- ndxy — (xR 0y) o)
(1= (TP [ 2= (2]

where x is the first variable, y is the second variable and n is the number of observations Mean Absolute Error (MAE) is a method to
measure the level of accuracy of a forecasting model. The MAE value represents the average error between the forecasting result and
the actual value (Yaffee and McGee, 2000).

M=

1
N (2)

[?n'rn]
MAE ="

with 7, is the value of the i-th forecasting data, r;, is the i-th actual data value, and N is the existing sample size. The metric evaluation
R? score (3), weighted by the variance s? of each output, is used to evaluate the results.
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3. Result and discussion

3.1. Validation result

Pearson correlation expresses the influence of each input variable on SST to see the relationship between variables, i.e., the in-
dependent and the dependent variable (Archdeacon, 1994). The Maluku Sea site sample points were used to determine the variables’
Pearson correlation in Indonesia, as shown in Table 2. Based on the correlation, the SST was likely to be retained by the latent heat flux
and solar radiation with a score of 0.542, which means that it is moderately correlated (Asuero et al., 2006). The ENSO correlation
value was negative at —0.524, which means that there is an inverse relationship between the ENSO index and SST; the more significant
the ENSO value will cause SST cooling in Indonesian seas and vice versa. Meanwhile, in the wind, both vector winds u and v have
negative values of —0.117 and —0.479, meaning that there is an inverse relationship between the wind variable and SST, which in-
dicates that if the wind speed increases, it causes SST cooling in Indonesian waters. These variables have their respective contributions
to SST because no single variable has a correlation value of 0 (zero). Therefore, its intention be included as input for the SST prediction
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Table 3

Performance comparation 1D-CNN and LSTM.
Area 1D-CNN LSTM

MAE R? score MAE R? score

A (West Sumatera) 0.284 0.536 0.286 0.542
B (South Java) 0.559 0.706 0.702 0.533
C (Flores Sea) 0.387 0.684 0.443 0.605
D (Maluku Sea) 0.336 0.587 0.375 0.468
Average 0.3915 0.628 0.4515 0,537

Table 4

MAE for each month for validation 2017-2021 in the Indonesian Seas.
Month 2017 2018 2019 2020 2021
Jan 0.82 0.37 0.48 0.54 0.50
Feb 0.44 0.41 0.45 0.35 0.52
Mar 0.34 0.28 0.40 0.38 0.40
Apr 0.26 0.29 0.33 0.41 0.39
May 0.38 0.37 0.30 0.37 0.30
Jun 0.38 0.43 0.40 0.42 0.30
Jul 0.35 0.49 0.48 0.43 0.30
Aug 0.33 0.41 0.59 0.50 0.36
Sept 0.41 0.39 0.67 0.64 0.44
Oct 0.48 0.40 0.65 0.52 0.39
Nov 0.41 0.30 0.37 0.42 0.44
Dec 0.36 0.34 0.38 0.36 0.46
Average 0.41 0.37 0.46 0.44 0.40
Max 0.82 0.49 0.67 0.64 0.52
Min 0.26 0.28 0.30 0.35 0.30
Total Average 0.42

process.

Indonesia is a tropical region crossed by the equator. The solar movement across the Indonesian equator occasionally occurs in two
different seasons. The Northwest monsoon season occurs in December, January, and February. The Southeast monsoon season takes
place in June, July, and August. The wind that blows in Indonesia is influenced by the seasons; therefore, this wind system is called
monsoon wind (Alifdini et al. (2021). In the first step, 1D-CNN and LSTM models were tested at several territorial ocean samples. The
results of this trial are used as a comparison of the best models operated for Indonesia seas prediction. Four sample points of the
Indonesian seas were considered to represent the condition, namely: West of Sumatra, South of Java, Flores Sea, and Maluku sea.

Fig. 4 shows the plot results of five years of validation data predictions for the four points. Based on Fig. 4, the four regional samples
above demonstrate different SST patterns. Still, the prediction results show a pattern similar to the actual values. This result indicates
that the model is satisfactory for predicting SST values from 2017 to 2021. Fig. 4 shows that LSTM provides too modest a prediction for
the fluctuations; therefore, it retains a higher error value than 1D-CNN as shown in Table 3. This error is especially noticeable in seas
with extreme temperatures, such as in the south of Java and Flores Seas. In Maluku and the west Sumatra Sea, the MAE for both models
doesn’t look so much different.

At the sample point of the western Sumatra Sea, as shown in Fig. 4b, a pattern of ups and downs routine of the actual value was
inducted and followed the pattern of the rise and fall of the prediction, even though the projections carried out were long-term periods.
The annual SST pattern can also be well read by the both prediction model, except during extreme conditions (cooling or heating) of
SST such as in December 2017 where the average actual value of 28.5 °C predicted results are only able to produce a value of 29.5 °C.
Likewise, when extreme warming occurred in March 2020 to reach 30.5 °C, the expected outcome was 29.75 °C.

Flores seas is the area which is strongly affected by the monsoon wind system. Monsoon wind systems affect ocean variations such
as wind, currents, and temperature distribution. Fig. 4c shows the effect of monsoon wind systems on the SST variations. There are 2
peaks of SST cooling which occur during the peak Northwest monsoon (February) and Southeast monsoon (August). In general, this
pattern can be well captured by the prediction results.

The Maluku Sea is also strongly influenced by the Northwest and Southeast monsoon winds (Setiawan and Habibi 2011) as shown
in Fig. 4d. In the Northwest monsoon season, SST warms up to 30 °C, while generally, in the Southeast monsoon season, SST cools up to
27 °C. This pattern can be captured sufficiently by models using both methods. Nevertheless, there is a fairly noticeable difference
between the predicted results and their actual values, especially during the extreme SST cooling in August 2019 of 27 °C, where the
predicted result is only around 28 °C. Considering that Maluku Sea and Flores Sea are the major pathways for Indonesian Throughflow
(ITF) (Sprintall et al., 2009), the small errors of the SST prediction generated from both models may be benefit for the study of future
projected ITF.

For the southern Java, the sampling point is located inside the eastern pole of Indian Ocean Dipole (IOD) (Saji et al., 1999). Thus,
10D strongly influences the SST variation in this area. Although both SST models can capture the pattern of monsoon wind induced
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Table 5
MAE for each month for validation 2017-2021 in the Maluku Sea.
Month 2017 2018 2019 2020 2021
Aug 0.20 0.18 0.73 0.67 0.26
Average 0.41
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Fig. 8. Plotting monthly climatology of Satellite data (2003-2021) (upper figures), prediction result (middle figures) and SST anomaly (prediction-monthly clima-

tology) (lower figures) for Indonesia seas in 2024.

coastal upwelling denoted by the minimum SST in September, they fail to catch the signal of extreme upwelling event during the
positive IOD in 2019. Both models overestimate about >1 °C from the actual SST in August, September and October 2019. For other

years, 1D-CNN has closer value to the actual SST than LSTM.

To compare the overall performance of 1D-CNN and LSTM in predicting SST, MAE was calculated for 4 areas (Table 3). Table 3
shows that 1D-CNN outperforms LSTM, with the lowest MAE value. Therefore, 1D-CNN was then used for training and validation for

data throughout the Indonesia seas.

Training and validation of models in the same period were carried out for all regions of Indonesia. The results of global SST
prediction and validation in Indonesian waters can be seen in Table 4, resulting in a minimum average MAE value of 0.37 °C in 2018
and a maximum of 0.46 °C in 2019. The ground truth, prediction results, and MAE value in each point using the CNN method can be

11



R. Tresnawati et al.

Map Validation January-2025

Map Validation February-2025
Monthly Climatology
3 Y

Monthly Climatology

100°E 110°E

120 130°E

_
140°E

Remote Sensing Applications:

Map Validation March-2025
Monthly Climatology
=8

100°E  110°E  120°E  130°E  140°E

100°E

Map Validation April-2025
Monthly Climatology

110°E 120°E 130°E

140°E

Society and Environment 33 (2024) 101117

Prediction Prediction Prediction
30
28
2
2
" 4 . - o =
100°E 1106 120°E 130°E 110°E 120°E 130 MO0°E 100°E 110 120°E  130°E  140°E 100°E 110°E  120°E  130°E  140°E
Mean of Error : 0.2334 Mean of Error : 0.4041 Mean of Error : 0.3634 Mean of Error : 0.2215 B
10°N B X 10° = / 10 A &
snf 5 5 = :
o°N g - 0" o
5°N bl 5 5 q .
10°N - & - 10° e 3 10°
100°E 110°E 1206 130°E  140°E 100°E 1106 120°E  130°E  140°E 100°E 110°E 120°E  130°E  140°E 100°E  110°E  120°E  130°E  140°E =
Map Validation May-2025 Map Validation June-2025 Map Validation July-2025 Map Validation August-2025
Monthly Climatology Monthly Climatology Monthly Climatology Monthly Climatology
O . 2
30
28
26
2
100°E 110°E 120°E 100°E 110°E 120°E 130°E 140°E 110°E 120°E 130°E 140°E
Prediction Prediction Prediction
—= 5 3
30
28
2
24
120°E 130°E 100°E 110°E 120°E 130°E - 140°E 100°E 110°E 120°E 130°E 140°E
Mean of Error : 0.0799 Mean of Error : 03111 Mean of Error : 0.4583
= ] = = 7 2
10°N 10° = = 10° = - 10° -
| = = = = N =
5°N 3 — s ; - th ., L L
| = L
0°N | o* 0 0
5°N s 5 . 4 "
a % A
ol S - 100 s 10 ¥ 2
100°E  110'E  120°E  130°E  140°E 100°E 110°E  120°E  130°E  140°E 100°E  110°E 1206 130°E  140°E 100°E  110°E  120°E 130 140°E =
Map Validation September-2025 Map Validation October-2025 Map Validation November-2025 Map Validation December-2025
Monthly Climatology Monthly Climatology Monthly Climatology Monthly Climatology
10° : K . - d 10°
30
28
2
2
10° 7 -10°
" A E - - e~
100°E 110°E 100°E 1106 120°E  130°E  140°E 120°E 140°E 100°E 110°E 120 130°E 140°E
Prediction ed
10 10
30
28
26
2
10" -10°
A z -~ A = ~ > e 8 P . 2
100°E  110°E  120°E  130°E  140°E 100°E  110°E  120°E  130°E  140°E 100°E 110 120°E  130°E  140°E 100 110°E  120°E  130°E  140°E
Mean of Error : 0.4179 Mean of Error : 0.2452 Mean of Error : 0.0876 Mean of Error : 0.2117 2
. - : . = - . T e .
10N S e el 10 = & 2= = 10 = 10 = %
— 5 5 3
= %
0" By G 0" , 4
’ g Ay =
b LD E 4
b S 10 . s 10° A 3
100°E 1106 120°E  130°E  140°E 100°E 110°E  120°E  130°E  140°E 100°E  110°E  120°E  130°E  140°E 100 110°E  120°E  130°E  M0°E -2

Fig. 9. The same as Fig. 8 but for 2025.

seen in Figs. 5 and 6 with the MAE value of the month. The predicted results for August 2017-2021 have an average MAE of 0.42 °C, a

minimum MAE value of 0.26 °C in 2017, and a maximum of 0.82 °C in 2017.

The detection of upwelling in the Maluku Sea area in August 2017-2021 obtained results that the cooling of the 27.5 °C SST < that
occurred in 2017 and 2018 could be well read by the prediction model as evidenced by MAE 0.20 °C and 0.18 °C as shown in Table 5.
The year 2019 is over-estimated with the largest MAE value of 0.72 °C. In 2020 the results are predicted under estimated MAE value of
0.62 °C. In 2021 the MAE value is 0.26 °C where SST cooling can be predicted quite well as shown in Fig. 7.

The 2017 predictions gave results similar to the actual situation where temperatures ranged from 27 to 28.5 °C, the lowest SST of
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about 27 °C was around the border of Tomini Bay to Banggai Island, a MAE value of 0.20. In 2018, it seems that the prediction results
are warmer than the actual situation but the MAE value ranges from 0.25 to 0.50 °C. The 2019 prediction looks warmer than it actually
is, and this year the MAE value is the largest compared to other years’ predictions of 0.72 °C around Banggai Bay and the Northern
Maluku Sea region. In 2020 the predicted results look colder SST in the Maluku Sea area than the actual situation ranging from 26.5 to
27.5 °C, with MAE in general only around 0.62 °C. As for 2021, the prediction results look very similar to the actual situation with SST
values ranging from 27.5 to 29.5 °C, MAE values represent quite good results with a <value of 0.5 °C, which is 0.26 °C.

3.2. Projected sea surface temperature 2022-2026

The SST projection of Indonesia seas using the multi-dimensional input CNN method for 2022-2026. This projection was compared
with climatological value from monthly average for each month from 2003 to 2021. SST predictions in 2024 and 2025 are depicted in
Figs. 8 and 9, respectively. Based on the experiment result as shown in Table 6, a minimum anomaly result was 0.04 °C in 2024. The
SST that is projected to be colder than climatological in January, May, June, September, October and November while other months
are projected to be warmer. The maximum anomaly of 0.26 °C is 2025, the SST in 2025 is projected to be warmer than the clima-
tological value.

The projection of SST in the Maluku Sea in August 2022-2026 provides assistances, one of which is to determine the detection of
upwelling in the region as shown in Table 7 and Fig. 10. In general, the Maluku Sea during 2022-2026 is projected to have a positive
anomaly of SST value of 0.431 °C, which means that warmer conditions will occur than the climatological of 2003-2021. Meanwhile,
the projection of upwelling in the Maluku Sea in August 2022-2026 based on the SST value <27.5 °C has the potential to occur in 2024
with a fairly extreme SST cooling ranging from 26 to 27 °C. Meanwhile, in August 2022 and 2023 in the Maluku Sea, it is projected that
there is a potential for upwelling but not as large as in 2024, with SST ranging from 27 to 28 °C seen in the west and south of Banggai
Island. In 2025 and 2026, it is projected that there will be a weakening of upwelling by looking at the SST value of the region which is
quite warm, which is around 28-29 °C except on the west and south sides of Banggai Island there is an SST of around 27.5 °C.

The abundance of nutrients in the Maluku Sea area can be caused by upwelling events. Maluku Sea has the highest average
productivity in August (Setiawan and Habibi, 2011). However, this seasonal phenomenon also has significant inter-annual variability,
ENSO plays a very important role in controlling the spatial pattern of chlorophyll concentration in Indonesia (Susanto et al., 2006).
Chlorophyll concentration due to upwelling greatly affects the condition of capture waters The application of these projection results
can have implications for forecasting fish catch policies in the Maluku Sea area. For example, in the Leihitu water area, Central Maluku
Regency, the potential of the fishery is dominated by pelagic fisheries including tuna (Thunnus spp), kitefish (Decapterus spp), mackerel
(Scommberamorus spp), and others. Data from Maluku Fisheries Statistics shows that fishery production in 2009 was 429,892.2 tons, of
which 10% of fishery production was mackerel (Maluku Provincial Fisheries Service, 2010). One of the properties of pelagic fish
resources is that they are very fond of temperatures ranging from 18 to 31 °C (Collete, 1983), Where in the temperature range is one of
them can be caused by the strengthening of the upwelling phenomenon.

The results of SST predictions and projections in this study can already be used in general by taking the prediction patterns pre-
viously described, but still need to be considered and justified, especially for the waters of the southern region of Java-Bali Island to
West Sumatra where the extreme cooling of SST in 2019 cannot be fully read by the prediction model. We suspect that this condition is
strongly influenced by strong positive IOD activity in 2019 since along the southern coast of Java, IOD is more dominant to control the
interannual variability of SST than ENSO (Wirasatriya et al., 2020b). Furthermore, Iskandar et al. (2022), shows extreme positive IOD
event in 2019 induced anomalously strong upwelling event, particularly along the southern coast of Java and Sumatra. Another
phenomenon that is alleged to be the strong cause of SST cooling is the strong tidal mixing that occurs at the southern Bali to Lombok
Island (Ray and Susanto, 2019).

Predictions and projections of the emergence of upwelling are needed in estimating the condition of the waters in an area, so it is
necessary to conduct in-depth and continuous research. The community, especially fishermen, is expected to be more familiar with the
global climate phenomenon of ENSO and also IOD as well as the use of remote deterrence technology as a detection of the emergence of
upwelling.

The 1D-CNN prediction model, which utilizes surrounding parameters as the latest model in Indonesian waters, has generally
produced prediction patterns that correspond to the actual value or with the climatological value, as evidenced by a monthly average
MAE of <0.5 °C. In certain cases, this model still does not show optimal results, especially in capturing potential extreme events such as
SST cooling <27 °C, so it is necessary to trial other prediction models that are more reliable or daily data analysis with longer series so
that more extreme value information will be obtained.

3.3. Discussion

The Pearson correlation, as a measure of the influence of various input variables on SST, shows the intricate interplay between
various oceanographic and meteorological factors. The validation using sample points from the Maluku Sea highlights the effects of
latent heat flux, solar radiation, the ENSO index, and wind vectors on SST. The moderate correlation value of 0.542 between SST and
the combined influence of latent heat flux and solar radiation points towards a significant, albeit not overwhelming, influence of these
factors on SST. On the other hand, the negative ENSO correlation signifies the cooling effect of a higher ENSO value on Indonesian seas,
echoing the known inverse relationship between the ENSO index and SST.

The monsoonal wind patterns, characteristic of Indonesia due to its location around the equator, play a pivotal role in shaping the
SST. The prediction models, 1D-CNN and LSTM were tested across different territorial ocean samples, with results from these trials
intended to identify the best model for the Indonesian seas. Interestingly, while the LSTM model showed modest predictions with
larger errors, especially for seas with extreme temperatures, the 1D-CNN model generally outperformed LSTM. This disparity was
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Table 6

Monthly anomaly for 2022-2026 from their monthly climatology in the Indonesian Seas.
Month 2022 2023 2024 2025 2026
Jan —-0.28 0.15 —-0.09 0.23 0.08
Feb 0.29 0.33 0.28 0.40 0.20
Mar 0.22 0.28 0.25 0.36 0.17
Apr 0.12 0.09 0.12 0.22 0.05
May —0.03 0.00 0.00 0.08 —0.02
Jun —0.03 —0.06 —0.04 0.11 0.12
Jul 0.17 0.05 0.03 0.31 0.37
Aug 0.28 0.15 0.02 0.46 0.50
Sept 0.23 0.16 —0.10 0.42 0.42
Oct 0.22 0.13 —0.06 0.25 0.32
Nov 0.08 0.02 —0.08 0.09 0.20
Dec 0.24 0.13 0.21 0.21 —0.02
Average 0.13 0.12 0.04 0.26 0.20
Max 0.29 0.33 0.28 0.46 0.50
Min —0.28 —0.06 —0.10 0.08 —0.02

Average All year = 0.15

Table 7

Monthly anomaly for 2022-2026 from their monthly climatology in the Maluku Sea.
Month 2022 2023 2024 2025 2026
August 0.56 0.46 0.16 0.34 0.64
Average all year 0.43

particularly noticeable in the south of Java and Flores Seas.

The intricate patterns of SST, with their seasonal highs and lows, were largely captured by both models. Yet, they sometimes
faltered during extreme SST conditions. For example, in December 2017, the models underestimated the actual SST, and in March
2020, they overestimated it. This suggests potential limitations in the models’ capabilities to predict extreme events or sudden shifts in
SST, which are critical for a myriad of applications, from fisheries to climate modeling.

Furthermore, the Maluku Sea’s strong influence by the Northwest and Southeast monsoon winds results in seasonal variations in
SST, which the models managed to capture fairly well. However, again, during extreme cooling events, the models showed discrep-
ancies with actual values, further emphasizing the need for refining their predictive capabilities. The monsoon wind systems, influ-
encing the south of Java, Maluku Sea and Flores seas, have been shown to affect SST variations. While the prediction models captured
the general trend, they still struggled to predict extreme conditions. This is evident in July 2017 and August 2019, where there was a
notable overestimation by the models.

It’s noteworthy that the 1D-CNN model, despite its occasional shortcomings, still generally performed better than the LSTM model,
as evidenced by lower Mean Absolute Error (MAE) values. The success of the 1D-CNN model, in general, may be attributed to its ability
to capture spatial patterns effectively, making it suitable for oceanographic data.

However, the limitations of the models become more pronounced when considering phenomena like the strong positive IOD ac-
tivity in 2019, which strongly influenced SST cooling. The models’ inability to capture this event suggests that external factors like the
IOD and ENSO play a significant role in SST fluctuations. Furthermore, other factors like tidal mixing, as seen at the southern Bali to
Lombok Island, can also influence SST, and their omission in the current modeling approach might be another limitation. The 1D-CNN
prediction model’s overall good performance, as evidenced by a monthly average MAE of <0.5 °C, is commendable. However, its
occasional failures to predict extreme events point towards the need for further refinement. One potential way forward could be the
inclusion of more input parameters, such as IOD and tides, which might enhance the model’s predictive capabilities.

To date, many products of SST datasets are constructed based on the blended of multi satellite sensors that is limited only on the
near real-time SST product (e.g., Donlon et al., 2007; Sandra et al., 2016; JPL OurOcean Project 2010; Beggs et al., 2011). The present
study managed to develop the SST dataset projected for the future using the 1D-CNN method with high accuracy. This present study
will be benefit for climate change research which need accurate future projection of SST data.

4. Conclusion

This paper proposed five years of SST prediction for the wide-size area Indonesia Sea using multi-time-series satellite data for
upwelling dynamics projection. Two deep learning time series models were utilized to construct a predictive model to estimate the
monthly SST value by employing big multiple satellite data 14.934 point (SST with resolution 0.090°, Wind, ENSO, Heat flux, and solar
radiation) from 2003 to 2021. Data augmentation for time series is applied to enrich the training data model to avoid overfitting. Based
on the experimental result, all satellite datasets correlate with SST in five years, and 1D-Convolution Neural Network has the lowest
mean absolute error evaluation compared to the Long-Short Term Memory model with 0.39 and 0.45, respectively for four points in
Indonesia seas. Prediction and validation of SST globally in Indonesia’s territorial waters in 2017-2021 resulted in a minimum average
MAE value of 0.37 °C in 2018 and a maximum of 0.46 °C in 2019. The detection of upwelling in the Maluku Sea area in August
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2017-2021 obtained results that the cooling of the 27.5 °C SST < that occurred in 2017 and 2018 could be well read by the prediction
model as evidenced by MAE 0.20 °C and 0.18 °C. The year 2019 is over-estimated with the largest MAE value of 0.72 °C. In 2020 the
results are predicted under estimated MAE value of 0.62 °C. In 2021 the MAE value is 0.26 °C where SST cooling can be predicted quite
well. The SST projection of Indonesia’s territorial waters using the multi-dimensional input CNN method for 2022-2026 gets a
minimum anomaly result of 0.04 °C in 2024, SST which is projected to be colder than climatological in January, May, June, September,
October and November while other months are projected to be warmer. The maximum anomaly of 0.26 °C is 2025, the SST in 2025 is
projected to be warmer than the climatological. Attenuation upwelling is expected to be a reference for mitigation and adaptation of
fishery conditions in the Maluku Sea area in the future.
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