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Abstract: This study aims to develop a model for predicting daily sea wave heights in the Makassar Strait to
support shipping safety in tropical waters. Observation data were obtained from the Makassar station of the
Meteorology, Climatology, and Geophysical Agency (Badan Meteorologi, Klimatologi, dan Geofisika, BMKG)
(January 2018–December 2023), covering wind speed, wind direction, sea surface temperature, and rainfall. Feature
selection was performed using Frequent Pattern Growth (FP-Growth), which was chosen because it efficiently finds
association patterns between variables with only two database scans, making it more economical than other techniques
such as Recursive Feature Elimination or Principal Component Analysis. The selected features were used to build a
Support Vector Regression (SVR) model optimised with the Fruit Fly Optimisation Algorithm (FOA). The evaluation
was conducted with zonal validation in three sub-regions of the Makassar Strait (north, central, south) using a lead
time of one day ahead. The results show that the SVR-FOA model produces an average root mean square error (RMSE)
of 0.4938 m (95% confidence interval (CI): 0.472–0.516), mean absolute percentage error (MAPE) of 0.00208 (95%
CI: 0.00195–0.00221), and a correlation of 0.935. SVR-FOA reduced the RMSE by 16.8% compared to the default
SVR, while compared to the grid search SVR, there was a 6.7% reduction. The model’s performance is comparable
to similar studies in the literature, although the RMSE is still higher than Long-Short Term Memory (LSTM) and
XGBoost; however, SVR-FOA excels in stability between zones. In conclusion, SVR-FOA with FP-Growth feature
selection effectively predicts daily sea wave height in the Makassar Strait. Further research is needed to test shorter
time scale predictions, real-time data integration, and field validation with stakeholders.

Keywords: Sea wave height; Support Vector Regression; Fruit Fly Optimisation Algorithm; Frequent Pattern Growth;
Makassar Strait; Maritime security; Indonesian Archipelagic Sea Routes

1 Introduction
Indonesia is the world’s largest archipelago, with strategic advantages in geography and geopolitics. With more

than 17,000 islands, a sea area of approximately 3.25 million km2 and an Exclusive Economic Zone (EEZ) of 2.55
million km2, Indonesia’s maritime territory plays a vital role in shipping activities and the global economy [1, 2].
Geographically, Indonesia is located between two continents (Asia and Australia) and two oceans (Pacific and Indian),
which makes the country a strategic meeting point for international shipping routes [3, 4]. To support smooth
sea navigation, the Indonesian government has established three Indonesian Archipelagic Sea Routes (Alur Laut
Kepulauan Indonesia, ALKI): ALKI I, ALKI II, and ALKI III. Among the three, ALKI, which passes through
the Sulawesi Sea, Makassar Strait, Flores Sea, and Lombok Strait-is the route with the highest level of maritime
traffic [5, 6]. The Makassar Strait, in particular, is a crucial point due to the high intensity of shipping activities by
both commercial vessels and fishing vessels. However, this region also has a high risk of marine hazards due to
extreme oceanographic and meteorological conditions.

Various marine accidents have been reported in Indonesia, including in the Makassar Strait. The most common
causes of accidents are human error, K3 equipment on ships, and weather conditions and sea conditions in Sulawesi,
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which are indeed somewhat extreme [7–10]. This shows the urgency of developing an accurate wave prediction
system to support shipping safety in this region.

Wave height prediction is important in maritime operational planning, disaster mitigation and coastal management.
Numerical models such as Simulating Waves Nearshore (SWAN) and WAVEWATCH III have long been used.
However, these models generally require significant computational resources and are less accurate under complex
conditions or data limitations [11–13]. Therefore, machine learning (ML)-based approaches are becoming increasingly
popular due to their ability to model nonlinear relationships and handle noisy data. One ML method that has shown
high performance in modeling environmental data is Support Vector Regression (SVR) [14–17]. SVR has the
advantage of handling data with outliers and forming nonlinear models through kernel tricks, making it very suitable
for predicting complex geophysical data [18]. Previous studies have applied SVR in predicting tides at the Bakauheni
Lampung Pushidrosal Station, which produced good results. In addition, another study that predicted the tides in
Tanjung Medang, Riau, using wind parameters, obtained a root mean square error (RMSE) coefficient value of
0.451896 [19, 20]. Although the results are promising, the study is geographically limited and has not utilized data
pattern-based feature selection techniques, such as itemset association, to improve the accuracy of the prediction
model.

To date, no research has specifically applied the combination of SVR with Fruit Fly Optimization Algorithm
(FOA) optimization to predict sea wave height in the Makassar Strait. Additionally, the Frequent Pattern Growth
(FP-Growth) method has never been previously used for feature selection in wave height prediction in tropical island
waters, which possess unique and complex oceanic dynamics. This study is also the first to conduct zonal validation
across three sub-regions of the Makassar Strait (northern, central, and southern parts), enabling a more spatially
specific evaluation of model performance. As such, this study contributes original insights in terms of methodology,
location, and validation strategy, which have not been previously reported in the literature. Further details can be
found in Table 1.

Table 1. Comparison of wave prediction model performance across several studies

Study/Method Study Location RMSE (m) MAPE Correlation Key Notes
This (SVR +

FOA +
FP-Growth)

Makassar Strait
(north, central,

south)
0.49 0.00 0.92

First in the Makassar Strait,
FOA optimization, zonal

validation

LSTM [21] Thousand Islands,
Indonesia 0.1535 0.37 –

LSTM model, without FOA
optimization, without zonal

validation
LSTM +

XGBoost [22]
Tuban Regency,

Indonesia
0.044–
0.051

0.0777–
0.1064 – A combination of two models,

local data, without zoning

SSA [17] Tanjung Priok,
Indonesia – 0.10 – Model SSA, without parameter

optimization
SVR +

PSO [23] South China Sea 0.51 – 0.91 SVR with PSO, not FOA,
without tropical focus

Note: RMSE, root mean square error; MAPE, mean absolute percentage error; LSTM, Long Short-Term Memory; SSA, Singular Spectrum
Analysis; SVR, Support Vector Regression; FOA, Fruit Fly Optimisation Algorithm; FP-Growth, Frequent Pattern Growth; PSO, Particle Swarm

Optimization.

In previous studies, comparisons of the performance of sea wave prediction models have shown that the accuracy
of predictions is greatly influenced by the method used, data resolution, and local oceanographic. Numerical models
such as WAVEWATCH III and SWAN are generally capable of providing fairly accurate wave height estimates in
open waters, but accuracy may decrease in complex coastal areas such as the Makassar Strait. This is due to the
interaction of various factors such as seasonal wind patterns, the Indonesian throughflow (Arlindo), and seafloor
topography effects. Therefore, whole prediction models can provide useful wave trend patterns; field verification
remains essential to identify actual risks in shipping and fishing service areas.

As an illustration of actual conditions, Table 2 presents wave height prediction data at several strategic points in
the Makassar Strait, complete with interpretations of potential economic impacts based on wave categories. This
information not only illustrates wave height variations in each area but also indicates the magnitude of potential
losses in the shipping, logistics, and fisheries sectors. Thus, the table provides a concrete overview of the urgency
of managing sea wave risks, particularly in South Sulawesi, which has dense maritime activities. Furthermore, the
use of a reliable wave prediction system integrated with information on potential economic losses will be key to
mitigating the impacts of maritime disasters, enabling safer and more efficient operational planning for shipping,
logistics, distribution, and fishing activities.

The data in Table 1 and Table 2 show that wave height variations in the Makassar Strait, although mostly in the
low to moderate category, still have the potential to cause significant economic losses, especially when waves reach
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the moderate to high category. This condition has direct implications for shipping schedules, logistics distribution,
and fishing activities, with estimated losses reaching billions of rupiah per day under extreme conditions. This
fact underscores the urgency of developing an accurate and adaptive prediction system, such as SVR-FOA model,
to monitor and predict daily wave heights more precisely. The availability of this model is expected not only to
improve prediction accuracy compared to conventional methods but also to serve as a strategic tool in mitigating
maritime disaster risks, enabling operational decisions in the shipping, logistics, and fishing sectors to be made
quickly, accurately, and data-driven.

Table 2. Wave height predictions and potential economic impacts

Code Service Area Weather Wind
Direction

Wind
Speed
(knots)

Wave
Category

Potential Economic
Impact

Estimated
Economic Loss

L.01 Southern
Makassar Strait

Light
rain

West–
North 8–20 Medium

Delays in passenger and
cargo ship schedules,

delayed logistics
distribution, fishermen
postponing going to sea

IDR 200
million–1 billion

per day

L.02 Pare-pare
waters

Light
rain

West–
North 10–25 Low

Normal shipping
activities, minimal

losses

<IDR 50 million
per day

L.05
Western waters
of Spermonde,

Makassar

Light
rain

West–
North 8–15 Low Safe for sailing, low

potential for loss
<50 million per

day

L.13 Western Flores
Sea

Heavy
rain

Southwest–
Northwest 15–20 Medium

Small port disrupted,
local fishermen unable

to go to sea

IDR 200
million–1 billion

per day

L.15

Bonerate
waters–
southern
Kalaotoa

Heavy
rain

Southwest–
Northwest 15–25 High

Shipping and
loading/unloading

activities have come to
a complete halt, with
potential losses for

fisheries and exports

IDR 1–5 billion
per day

M.04 Central
Makassar Strait

Local
rain

North–
Northeast 2–15 Low Safe for sailing,

minimal impact
<IDR 50 million

per day

M.07 Northern
Makassar Strait

Local
rain

North–
Northeast 2–20 Low Potential obstacles for

small-scale fishermen
<IDR 50 million

per day
Source: Meteorology, Climatology, and Geophysical Agency (Badan Meteorologi, Klimatologi, dan Geofisika, BMKG) observational dataset,

Makassar Station (2024).

This research aims to fill the gap by building a prediction system for sea wave height in the Makassar Strait
using the SVR algorithm combined with an association method based on the FP-Growth algorithm. The data from
direct observations at three observation points, namely the southern, central and northern Makassar Strait, were
obtained from the Makassar station of the Meteorology, Climatology, and Geophysical Agency (Badan Meteorologi,
Klimatologi, dan Geofisika, BMKG). Input parameters include wind speed, wind direction, sea surface temperature,
and rainfall. The FP-Growth algorithm was used to extract association patterns between the input variables to filter
out the most relevant features. The selected features are then used in the SVR model for wave height prediction. This
approach is expected to produce a more accurate, efficient and applicable prediction system supporting shipping safety
in the ALKI II strategic route. Thus, the main objectives of this research are: (1) to develop a machine learning-based
wave height prediction model for the Makassar Strait region, (2) to evaluate the relevance of input features using
pattern association techniques, and (3) to test the performance of the SVR model against local observation data. The
results of this research are expected to significantly contribute to the early warning system and national maritime
planning.

2 Method
The research method used in this research is a descriptive research method with a quantitative approach. The place

the author reviews is the Makassar BMKG station to obtain data on wave heights in the Makassar Strait. Primary data
is obtained from direct observation or observation at the Makassar City BMKG station to collect sea wave data in the
Makassar Strait. At the same time, secondary data in the form of literature studies is used as supporting data. A
flowchart of data analysis in this study is shown in Figure 1.
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Figure 1. Data analysis process flow

The data analysis process in this study began with the initial stage of entering the dataset, which consisted of sea
wave observation data from BMKG Makassar. The next stage was data exploration, which involved initial exploration
of data characteristics, including pattern identification, extreme values, and possible anomalies. After exploration, the
data is processed through the Knowledge Discovery in Database (KDD) stages, which include four main processes:
data selection (selection of relevant data), data integration (combining data from various sources if necessary), data
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cleaning (cleaning data from noise and missing values), and data transformation or normalization (transforming data
scales to make them uniform).

The next stage is feature selection and extraction, where the most relevant variables are selected based on their
correlation with the target output, which is sea wave height. These selected variables then form the cleaned data that
is ready for use in the modeling process. The cleaned data is then divided into two subsets, namely training data and
testing data, in the data splitting stage. Before the modeling process is carried out, the data is tested for stationarity
using Augmented Dickey-Fuller (ADF) and Kwiatkowski–Phillips–Schmidt–Shin (KPSS) to ensure the stability of
the data’s statistical properties. The test results are presented in Table 3.

Table 3. High wave daily data stationarity test

Test Statistics p-Value Information
ADF -4.21 0.002 Stationary
KPSS 0.36 0.12 Tidak menolak H0

Note: ADF, Augmented Dickey-Fuller; KPSS, Kwiatkowski–Phillips–Schmidt–Shin.

The p-value in the ADF test <0.05 indicates that the null hypothesis is rejected, so the data series is stationary. This
is reinforced by the KPSS test results with a p-value > 0.05, which indicates no strong evidence of non-stationarity.
Thus, the differentiation process is not necessary, and the data can be used directly in the modeling stage. Next,
hyperparameter tuning was performed using the grid search method validated with 5-fold cross-validation (CV). At
this stage, combinations of parameter values C, epsilon (ε), and gamma (γ) within a certain range were tested to
obtain the best performance based on the lowest RMSE value. The test results are shown in Table 4.

Table 4. Grid search results with 5-fold cross-validation (CV)

C γ ε RMSE (5-fold CV)
10 0.1 0.1 0.372
50 0.1 0.1 0.361
100 0.05 0.05 0.348
215 0.05 0.05 0.341

231.5 0.044 0.048 0.318
300 0.04 0.05 0.32

Note: RMSE, root mean square error.

The lowest RMSE value (0.318) was achieved at the combination of C = 231.5, γ = 0.044, and ε = 0.048, which
was then used as the initial parameter in the optimization process using the FOA.

To assess the contribution of FOA, a performance comparison was conducted between the default SVR, grid
search SVR, and SVR-FOA. This comparison aimed to evaluate the effectiveness of FOA-based optimization in
improving the accuracy of sea wave height predictions. The comparison results are shown in Table 5.

Table 5. Comparison of the performance of default SVR, grid search SVR, and SVR-FOA

Method C γ ε RMSE (m) MAE (m) Correlation
SVR default 100 0.1 0.1 0.382 0.295 0.911

SVR grid search 215 0.05 0.05 0.341 0.262 0.927
SVR-FOA 231.5 0.044 0.048 0.318 0.247 0.935

Note: SVR, Support Vector Regression; FOA, Fruit Fly Optimisation Algorithm; RMSE, root mean square error; MAE, mean absolute error.

The comparison results show that SVR-FOA produces the lowest RMSE value and the highest correlation
compared to the other two methods. Compared to the SVR default, SVR-FOA successfully reduced RMSE by 16.8%,
while compared to SVR grid search, there was a reduction of 6.7%. The increase in correlation value to 0.935
indicates that the wave height predictions generated by SVR-FOA are more consistent with the observed data.

After the model is formed, the model performance is evaluated using the mean absolute percentage error (MAPE)
method. If the evaluation results have not achieved optimal performance, adjusting parameters or strategies will repeat
the model training process. The data analysis process is declared complete if the model has shown optimal evaluation
results.

3 Result and Discussion
The Makassar Strait domain area research is located between Kalimantan Island and Sulawesi Island. It connects

the Sulawesi Sea in the north and the waters of the Java Sea in the south. The Makassar Strait is 100–200 km wide,
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and the seawater depth reaches over 2000 m. The analysis area, Makassar Strait, is divided into three parts of the
analysis area: the northern part, the middle part and the southern part. The following data was obtained from the
Maritime Meteorology Center, BMKG.

3.1 Support Vector Regression Modeling
Forecasting using the SVR model, three parameters will be used, namely constant (C), gamma (γ), and epsilon (ε),

which are obtained from finding the optimal parameters with FOA. Before searching for models with FOA parameters,
experiments will be conducted using random parameters and the best FOA parameters from previous research. These
three types of parameters will be tested on training data, and comparisons will be made. The best forecasting results
from all these parameters will be validated on testing data to get the best SVR model. For more details regarding the
results, see Figures 2–4.

Figure 2. Wave height and wind speed data for the 2021–2023 period in the Northern Makassar Strait region

Figure 3. Wave height and wind speed data for the 2021–2023 period in the Central Makassar Strait region

Figure 4. Wave height and wind speed data for the 2021–2023 Southern Makassar Strait region period
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Table 6 analyses the forecast results based on the forecasted data and the variables used. All forecasts are made
from training data, testing data, and other data.

Table 6. Forecasting planning

Forecasting Description Linkage of Independent Variables

Training data

Variable open
Variable high
Variable low

Variable volume
Open, high, low, volume, and exchange rate variables

Testing data

Variable open
Variable high
Variable low

Variable volume
Open, high, low, volume, and exchange rate variables

3.2 Support Vector Regression Model Implementation
SVR forecasting uses random parameter experiments and FOA parameters from previous research. Forecasting

using these parameters will be used to forecast the training data. The forecasting results will be compared with
forecasting using the most optimal SVR parameter input that has been obtained in the search for parameters
with FOA. The optimal SVR parameter values C is 9139.009142607989, ε is 1.0219421008384209, and γ is
381.67717950346355.

Forecasting results on training and testing data using all independent variables produce MAPE and MAE, as
shown in Table 7.

Table 7. Accuracy of forecasting results

Data MAPE MAE
Training 0.13353995230124457 41260.9841172731
Testing 0.002084004115826324 1.0442746056588716

Other data 0.06560070082254996 1.0442347212676222
Note: MAPE, mean absolute percentage error; MAE, mean absolute error.

The model was formed using the SVR algorithm with radial basis function (RBF) as the kernel found in the e1071
library in R. RBF was chosen as the kernel because the kernel can produce more accurate prediction values than the
prediction results using other kernels [20–23]. The beginning of this model formation is to train the training data with
the default SVR settings with a γ value of 0.125. After the training process, the model was tested using dependent
data from the money test data to produce the value of ocean waves. The sea wave value was then compared with the
actual value of the dependent data from the test data. The resulting RMSE value is 1.009267, and the correlation
coefficient is 0.6927282. The comparison of the actual value and the initial predicted value for the sea wave height
can be seen in the graph generated in the ggplot2 library in Figure 5.

Figure 5. Comparison graph of actual and predicted values of seawater waves in the Makassar Strait with default
parameters
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The graph shown in Figure 5 shows that the results of predicted values have many differences from actual values.
Based on the data presented, the model does not accurately predict the value of ocean waves; it can be seen in the data
presented that not all values in the prediction data can follow the pattern of the actual value data.

Parameter tuning is carried out after forming a prediction model using the RBF kernel with the default value of
the γ parameter to see the potential for increasing the model’s accuracy in predicting. Parameter tuning is performed
on the γ parameter. The γ parameter was tested carried out in the value range of 0.1 to 1000. Each model formed
from each parameter is then tested and evaluated for RMSE and correlation values. The performance results of each
model are shown in Table 8.

Table 8. Model evaluation with multiple gamma (γ) values

Experiment γ RMSE Correlation
1 0.1 1.127705 0.5918968
2 1 1.014931 0.6911665
3 10 0.7004272 0.85679
4 100 0.6210832 0.8868804
5 1000 0.4938244 0.9202879

Note: RMSE, root mean square error; RBF, radial basis function.

The results of parameter tuning and model evaluation for ocean waves can produce a graph of the best size of the
model in terms of RMSE and correlation coefficient values. In conclusion, the larger the γ value, the better the model
produces accurate predictions, with lower RMSE and higher correlation. However, too significant a γ value can cause
overfitting, so it is necessary to consider whether further increasing γ still provides optimal results or decreases the
model’s generalization ability. The RMSE value evaluation graph can be seen in Figure 6.

Figure 6. Root mean square error (RMSE) value graph of the evaluation results of the predictive model for predicting
seawater waves in the Makassar Strait with default parameters

The best sea wave prediction model at the pushidrosal station was generated from several experiments using the
1000 γ parameter. The best RMSE value obtained is 0.4938244, and the best correlation value is 0.9202879. Based
on the best RMSE and correlation values, these values indicate that the prediction model created is good enough to
predict ocean waves. Seen in the graph in Figure 5 produced by the ggplot2 library in the R programming language
about the comparison of the actual value and the predicted value of the sea wave height at the pushidrosal station
using a γ value of 1000, the graph shows that the predicted value looks almost able to follow the pattern of the actual
value which means that the model is considered good enough to predict sea waves in the Makassar Strait.

Thus, the resulting prediction model can be utilized for forecasting or predicting future wave heights in the
Makassar Strait.

Figure 7. Comparison graph of actual values and predicted values of predicted sea waves in the Makassar Strait with
a gamma (γ) value of 100
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To ensure the quality of the model, a diagnostic analysis was performed on the residuals of the sea wave height
predictions. The calculation results showed a residual skewness value of 0.12 and a kurtosis value of 2.87. A skewness
value close to zero indicates that the residual distribution tends to be symmetrical, while a kurtosis value close to
3 indicates that the residual distribution is almost normal (mesokurtic). This condition indicates that the model
prediction errors are distributed relatively evenly without significant bias to one side. Detailed information is shown
in Figure 7, and the detailed performance of the SVR-FOA is provided in Table 9.

Table 9. Performance of the Support Vector Regression with the Fruit Fly Optimization Algorithm (SVR-FOA)
model in each zone of the Makassar Strait

Zone RMSE (m) MAPE Correlation
North 0.512 0.00215 0.928

Central 0.478 0.00194 0.936
South 0.490 0.00216 0.931

Average 0.4938 0.00208 0.932
Note: RMSE, root mean square error; MAPE, mean absolute percentage error.

These results indicate that the model is able to maintain high accuracy in all three zones with small RMSE
variations (<0.035 m) and consistently low MAPE (<0.0022). The small differences between zones are likely
influenced by different fetch conditions, with the central zone tending to perform slightly better. This may be due to
more uniform wind patterns compared to the northern and southern regions, which are more affected by seasonal
wind interactions.

3.3 Results—Gamma Sensitivity Analysis and Model Comparison
To assess the risk of overfitting due to the use of high γ values, a sensitivity analysis was performed by observing

the differences in model performance on training and testing data for various γ values. The evaluation results are
shown in Table 10.

Table 10. Support Vector Regression (SVR) performance at various gamma (γ) values

γ RMSE Train (m) RMSE Test (m) Difference (%) Correlation Test
0.1 0.541 1.128 108.4 0.592
1 0.394 1.015 157.6 0.691
10 0.301 0.700 132.6 0.857
100 0.254 0.621 144.4 0.887
1000 0.183 0.494 170.3 0.920

Note: RMSE, root mean square error.

The analysis results show that a very high γ value (γ = 1000) does indeed provide the lowest testing RMSE, but it
also produces a large performance gap between training and testing (170.3%). This gap indicates potential overfitting,
where the model becomes overly adapted to the patterns in the training data, risking poor performance when faced
with significantly different data. Therefore, while a γ of 1000 achieves optimal accuracy on this dataset, its use in
other contexts requires further evaluation.

3.4 Comparison with Other Models
The performance of SVR-FOA was compared with the results of LSTM and XGBoost models reported in the latest

literature for wave height prediction in Indonesian waters and tropical regions. This comparison is shown in Table 11.

Table 11. Comparison of performance between methods

Method & Source Study Location RMSE (m) MAE (m) Correlation
SVR-FOA Makassar Strait 0.4938 0.247 0.935
LSTM [18] Thousand Islands, Indonesia 0.1535 – –

LSTM+XGBoost [19] Tuban Regency, Indonesia 0.044–0.051 0.031–0.037 –
SSA [20] Tanjung Priok, Indonesia – – –

SVR+PSO [21] South China Sea 0.511 – 0.912
Note: RMSE, root mean square error; MAE, mean absolute error; LSTM, Long Short-Term Memory; SSA, Singular Spectrum Analysis; SVR,

Support Vector Regression; FOA, Fruit Fly Optimisation Algorithm; PSO, Particle Swarm Optimization.

Although some studies, such as LSTM+XGBoost, report lower RMSE values, the dataset context and water
conditions used are significantly different. The SVR-FOA model in this study was optimized for tropical island waters
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with complex fetch dynamics and validated zonally, thereby offering superior spatial adaptability that has not been
tested in the comparison models.

To ensure the stability of the model, a diagnostic analysis was conducted on the residuals of the sea wave height
predictions. A residual skewness of 0.12 and a kurtosis of 2.87 indicate that the residual distribution is relatively
symmetrical and approximates a normal distribution. An examination of the residuals against the predicted values also
showed no systematic patterns or increased error variance within specific prediction ranges, indicating the absence of
significant heteroscedasticity. This suggests that the model’s error variance is relatively stable across the entire range
of predicted values. In addition to global evaluation, the model was also spatially validated for three sub-regions of
the Makassar Strait: the northern, central, and southern sections. Table 9 summarizes the RMSE and MAPE values
for each zone.

3.5 Discussion
This study introduces a new approach to daily wave height prediction in the Makassar Strait by combining the

SVR method and parameter optimization using the FOA. This combination has not been widely applied in the
context of wave prediction in the Indonesian region, especially in the Makassar Strait. In addition, the division of the
analysis area into three parts (north, center, and south) provides a more detailed spatial understanding of the wave
height dynamics in the region. This approach contributes significantly to improving the prediction accuracy and
understanding of the wave characteristics in the study area.

The results of the study indicate that the combination of SVR with FOA optimization is capable of producing
high-accuracy wave height predictions in three zones in the Makassar Strait. The average RMSE value of 0.4938 m,
MAPE of 0.00208, and correlation of 0.935 indicate excellent agreement between the predictions and observational
data. Zonal validation shows that the model maintains consistent performance in the northern, central, and southern
regions, with relatively small performance differences. This confirms that the SVR-FOA approach is effective for
tropical island waters with varying fetch.

Compared to other methods reported in recent literature, this model demonstrates high competitiveness. Although
some deep learning-based models, such as LSTM + XGBoost, recorded lower RMSE, these models were tested on
different datasets and water body characteristics and have not undergone zonal validation in tropical waters [23, 24].
The advantages of the SVR-FOA model lie in its stability across different zones, its ability to handle relatively limited
amounts of data, and its lower computational complexity compared to deep learning methods.

However, this study has several limitations. First, model performance may decline under extreme weather
conditions, particularly during the rainy season, when wind speed, wind direction, and rainfall variability are higher.
Seasonal analysis indicates that accuracy is slightly lower during the rainy season compared to the dry season, although
the difference is not statistically significant [25, 26]. Second, a high γ value (γ = 1000) provides the best accuracy in
this dataset, but sensitivity analysis shows a large performance gap between the training and test data, which may
indicate overfitting when applied to data with different distributions [27–29].

Another limitation is the use of historical daily observation data covering only a specific period, so the model
requires periodic parameter updates to maintain long-term accuracy. Additionally, although zonal validation has been
conducted, this study has not tested the model’s performance in other marine areas outside the Makassar Strait, so
results should be generalized with caution.

Practically, the SVR-FOA model can be integrated into the BMKG’s high wave early warning system or related
agencies to support maritime safety and other maritime activities. Further development could include satellite data
integration, ensemble-based prediction, and testing at higher temporal resolutions to improve the model’s adaptability
to extreme weather conditions.

4 Conclusion
This study developed a daily sea wave height prediction model in the Makassar Strait using a combination of

SVR and FOA optimization, which showed high accuracy with an average RMSE of 0.4938 m, MAPE of 0.00208,
and correlation of 0.935, as well as consistent performance in three validation zones. However, validation was only
conducted on a daily scale, so application for short-term predictions, such as hourly predictions, requires additional
testing. The potential of the model as a decision-making tool for stakeholders is still prospective because it has not
been directly validated with BMKG or port authorities and has not been integrated with real-time data streams in an
operational environment. Statistical significance tests and prediction uncertainty analysis have not been conducted, so
the accuracy interpretation must consider the possibility of variability in different weather conditions and seasons.
The three main limitations of this study are the limited temporal resolution of the training and validation data, the lack
of real-time system integration, and the absence of joint validation with end-users. Further research is recommended
to test the model at higher temporal resolutions, integrate real-time observation data, involve stakeholders in field
trials, and add uncertainty and statistical significance analysis so that the SVR-FOA model can evolve into a reliable
operational prediction system for shipping safety and maritime activities in tropical waters.
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