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Abstract 

Climate change on a global scale has triggered an increase in sea levels and heightened the frequency of extreme weather 

events, especially in maritime countries such as Indonesia. These conditions necessitate the development of accurate and 

adaptive weather and marine prediction systems. This study proposes a multi-output prediction model using the eXtreme 

Gradient Boosting (XGBoost) algorithm based on BMKG's Automatic Weather Station (AWS) data from the BMKG. The data 

cover the period 2022-2025 with high temporal resolution and include five main parameters: wind speed, water level, water 

temperature, relative humidity, and wind direction. The hyperparameter tuning process led to the discovery of an optimal 

configuration capable of enhancing the model's accuracy. The evaluation results of the coefficient of determination (R²) and 

Root Mean Squared Error (RMSE) metrics show that the model can predict water temperature, water level, and relative 

humidity with very high accuracy, which is more than 85 percent. The model also performed well in predicting wind speed, 

although it still faced difficulties in handling wind direction due to its cyclical nature. Overall, the XGBoost approach proved 

effective in modeling weather and marine parameters simultaneously and has the potential to be integrated into environmental 

monitoring systems in Indonesia's coastal and archipelagic regions. 
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1. Introduction  

Climate change is becoming an increasingly urgent 

global challenge due to its impacts on various aspects 

of human life around the world [1]. One of the most 

significant impacts of climate change is sea level rise 

[2]. As a maritime country, Indonesia faces great 

challenges in monitoring and predicting dynamic and 

often changing weather and marine conditions [3]. 

Information on weather and marine parameters such as 

wind speed, wind direction, relative humidity, water 

temperature, and water level is essential to support 

various sectors, including shipping, fisheries, 

agriculture, and disaster mitigation. Accurate 

predictions of these parameters can improve safety and 

efficiency in decision-making in coastal areas and the 

high seas [4]. 

Automatic observation technology, such as Automatic 

Weather Station (AWS), has been utilized by 

Meteorology, Climatology, and Geophysics Agency of 

Indonesia (BMKG) to record meteorological and 

marine data automatically, in real-time, and 

continuously [5]. AWS produces data in high temporal 

resolution that has great potential to be analyzed using 

machine learning-based predictive approaches [6]. 

However, the utilization of AWS data still faces a 

number of challenges, especially related to the 

complexity of relationships between variables, large 

data volumes, and interrelationships between 

parameters that are not always linear. Therefore, 

algorithms that can handle multivariate data and 

simultaneously predict multiple outputs are needed. 

https://doi.org/10.29207/resti.v10i2.7031
https://creativecommons.org/licenses/by/4.0/
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One relevant algorithm that has been proven effective 

in dealing with these challenges is eXtreme Gradient 

Boosting (XGBoost). XGBoost is a tree-based boosting 

algorithm built with a focus on performance 

optimization, flexible implementation, and portability. 

It is capable of producing the best solutions in various 

data science applications [7]. This algorithm is effective 

in dealing with complex non-linear relationships and is 

robust to multicollinearity problems between variables 

[8]. Research conducted by [9] showed that the 

XGBoost algorithm effectively handled large-scale 

data. Considering these advantages, this research 

develops a multi-output prediction model, which 

predicts more than one parameter simultaneously, based 

on historical data from AWS. Furthermore, previous 

studies in meteorological forecasting show that 

XGBoost often achieves better prediction performance 

than several alternative algorithms [10]. These findings 

provide additional justification for using XGBoost in 

this study, especially given its suitability for handling 

complex, multivariate, and cyclical environmental data. 

The goal of this research is to build a multi-output 

predictive model for five key weather and marine 

parameters, including wind speed, wind direction, 

relative humidity, water temperature, and water level. 

Modeling is done using the XGBoost algorithm, which 

is expected to produce prediction outputs that are more 

adaptive and responsive to atmospheric and marine 

dynamics. The results of this research are expected to 

support early warning systems, data-based decision 

making, and the development of a more comprehensive 

weather and marine monitoring system in Indonesia. 

2. Methods 

The overall stages of this research are summarized in 

the form of a flowchart, as shown in Figure 1. 

 

Figure 1. Research flow 

As illustrated in Figure 1, this study was conducted 

through nine systematic stages. The process begins with 

data collection from Automatic Weather Stations 

(AWS) as the primary source of weather and marine 

parameters. The raw data then undergoes 

preprocessing, including feature extraction, data 

cleaning, and separation of features and target variables, 

to ensure consistency and reliability of the inputs. The 

dataset is subsequently divided into training and testing 

subsets, followed by feature normalization to eliminate 

scale differences across variables. Afterward, the 

prepared data is used for model training with the 

XGBoost algorithm, and hyperparameter tuning is 

performed to optimize its configuration. Finally, the 

model is evaluated using performance metrics to assess 

accuracy and generalization capability. 

2.1  Data Collection 

This research uses data obtained from the AWS tool 

owned by the BMKG, which functions to record 

meteorological and marine parameters automatically. 

The data generated by the AWS system is stored 

periodically, forming a dataset of environmental 

observations that can be used for further analysis of 

atmospheric and oceanic conditions in the study area. 

The parameters used in this research include wind 

speed, wind direction, water temperature, water level, 

and relative humidity. All data were collected during 

the period from 2022 to 2025, with a recording interval 

of one hour, resulting in a high temporal resolution. 

enabling a more detailed depiction of changes in 

environmental conditions. This high temporal 

resolution supports the conduct of more detailed and 

accurate predictive analyses. 

2.2  Features Extraction 

Processing time series data and extracting relevant 

features are widely regarded as two of the most critical 

stages in traditional machine learning workflows [11]. 

The feature extraction method is an approach that aims 

to obtain a new representation of the features in the 

initial dataset. This technique is very useful for reducing 

computational burden and simplifying data structures, 

without losing important information related to 

prediction [12]. Through feature extraction, existing 

attributes are processed into new features that are more 

meaningful, informative, and relevant for the modeling 

process [13]. 

In this research, feature extraction is focused on 

utilizing temporal information from the timestamp 

variable. Time has cyclical and seasonal characteristics 

that are important to preserve in weather and marine 

data modeling. Therefore, time elements such as year, 

month, date, and hour are extracted as separate features. 

Furthermore, to capture periodic patterns, the month, 

day, and hour attributes are converted into sinusoidal 

and cosinusoidal representations using trigonometric 

functions. This transformation aims to preserve the 

cyclic relationship between times, for example between 

December and January, which are numerically distant 

(12 and 1) but actually chronologically close. 

In addition, additional calendar features such as 

‘weekday’ (day of the week), ‘is_weekend’ (weekend 

indicator), and ‘season’ (season) based on month values 
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were extracted. Such information is important because 

atmospheric and marine conditions can fluctuate 

depending on the time of day, day of the week, or 

season. These extracted features are then included as 

input variables in XGBoost modeling, improving the 

model's ability to understand the time context of 

changing weather and marine conditions. 

2.3  Data Cleaning 

Data cleaning is one of the crucial stages in data pre-

processing that focuses on identifying and rectifying 

inaccurate or inconsistent data to improve the quality of 

the dataset [14]. This stage involves identifying and 

handling data such as empty or null values [15]. In this 

research, the data cleaning process focuses on removing 

entries that have missing values in one or more 

parameters from both the AWS data and the target data. 

By ensuring only complete and consistent data is used, 

this step helps maintain the integrity of the analysis and 

minimizes the potential for bias or error in the later 

stages of modeling.  

In addition to removing incomplete observations, the 

cleaning procedure also involved examining temporal 

continuity and eliminating sensor anomalies that may 

arise due to calibration drift, communication lag, or 

environmental interference. AWS data sets are 

sometimes prone to noise and short-term spikes that do 

not reflect actual meteorological dynamics [16]. 

Therefore, ensuring data consistency prior to modeling 

is essential to prevent bias amplification during 

training. This step enhances model reliability and 

contributes to more stable generalization performance. 

2.4  Feature and Target Separation 

After the cleaning and feature extraction process is 

completed, the data is separated into two main 

components, namely input (features) and output 

(targets). The input features or variables (X) consist of 

a number of parameters that play a role in describing 

environmental conditions and time, including 

geographical coordinates (lon, lat), cyclically 

transformed time features (‘hour_sin’, ‘hour_cos’, 

‘day_sin’, ‘day_cos’, ‘month_sin’, ‘month_cos’), and 

additional temporal attributes such as ‘weekday’, 

‘is_weekend’, and ‘season’. 

The target variable (y) includes five weather and marine 

parameters to be predicted simultaneously through a 

multi-output approach, namely windspeed, water level, 

water temperature (watertemp), relative humidity (rh), 

and winddir. This separation aims to make the data have 

a structure that suits the needs of machine learning 

model training, especially for the XGBoost algorithm 

used in this study. 

2.5  Split Data  

The dataset is divided into training and testing sets 

during the data splitting process [17], [18]. The purpose 

of data splitting is to fairly assess the model's 

performance on data that was not used during training. 

In this study, data division is done with a proportion of 

90% as training data and 10% as test data, utilizing the 

‘train_test_split’ function from the scikit-learn library 

with a specified random state to ensure consistent and 

reproducible data splitting results. Training data is used 

in the model training process so that the algorithm can 

learn patterns from the relationship between features 

and targets. Meanwhile, test data is employed to assess 

how well the trained model is able to accurately predict 

new data. 

The 90:10 data split configuration was selected to 

maximize the learning capacity of the model while 

preserving sufficient unseen data for evaluation [19]. 

Given the relatively large temporal dataset spanning 

multiple years, this proportion ensures that seasonal and 

inter-annual variability are adequately represented in 

both subsets. Such configuration reduces the risk of data 

fragmentation while maintaining statistical validity in 

performance assessment. 

2.6  Features Normalization  

Feature normalization is an important step in data pre-

processing, also known as scaling or standardization. 

This process is intended so that all features are in a 

balanced range of values [20]. Normalization 

guarantees that the data maintains a consistent structure 

and can be accurately processed by machine learning 

algorithms [21]. In the context of this research, 

normalization is performed to align the scale of each 

numeric feature that has a range of different values. This 

scale imbalance can cause features with small values to 

be less influential in the learning process than other 

features that have a larger range, which can reduce 

model performance [22]. 

The Standard Scaler method from the scikit learn library 

is applied to normalize numerical features before model 

training. Using Standard Scaler involves converting the 

values of each feature into a scale that reflects their 

relative distance from the mean, measured in terms of 

standard deviations [23]. The Standard Scaler is used to 

convert numerical features in the dataset thus ensuring 

they are centered at zero with a unit standard deviation, 

ensuring a more uniform and balanced data distribution 

[24]. The main purpose of this process is to align the 

distribution scale between features, so that each feature 

has a balanced weight and can be processed more 

efficiently by machine learning algorithms [25]. This 

process begins by calculating statistics on the training 

data, which is then used to transform both training and 

test data. Normalization is only used for the input 

features ‘X_train’ and ‘X_test’, while the target 

variable (y) remains in its original scale. The purpose of 

this step is to ensure that each feature has an equal 

contribution to the model training, accelerate 

convergence, and improve stability and prediction 

accuracy. 

2.7  Model Training  

XGBoost was introduced by [26], a machine learning 

method that constructs an ensemble of decision trees 

sequentially. XGBoost utilizes a decision tree algorithm 
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as the core model and integrates boosting techniques to 

gradually and accurately improve prediction 

performance [27]. The model training process in this 

study was conducted using the XGBoost algorithm in a 

multi-output regression framework. Mathematically, 

the XGBoost algorithm is formulated as shown in 

Equation 1 [28], [29]. 

ŷ𝑖 =  ∑𝑘=1
𝐾  𝑓𝑘 (𝑥𝑖), 𝑓𝑘 ∈  𝐹                                     (1) 

ŷi represents the forecasted value corresponding to the 

i-th data point. In this equation, K represents the total 

number of decision trees used in the model. The term 

𝑓𝑘 (𝑥𝑖) refers to the function of the k-th regression tree 

that generates an output based on the input features . 

Each 𝑓𝑘 belongs to the set F, which contains all 

possible regression tree functions that can be formed 

within the model. 

The model is trained to predict multiple weather and 

marine parameters at once, namely windspeed, wind 

direction, relative humidity (rh), water temperature 

(watertemp), and water level. To handle multiple 

outputs, a ‘MultiOutputRegressor’ approach is used, 

which wraps the XGBoost model and allows separate 

regression training for each target. 

The normalized training data is used for the model 

fitting process. This process involves training the input 

feature data (extracted time and location features) and 

the target data. The core parameters of the model, 

namely the number of trees (n_estimators), maximum 

depth (max_depth), and learning rate (learning_rate), 

are adjusted during the training process based on the 

tuning results to form the best-performing model. 

Training is performed on the training data 

(‘X_train_scaled’ and ‘y_train’) that has gone through 

a thorough pre-processing stage. 

2.8  Hyperparameter Tuning  

The hyperparameter tuning method deals with the 

process of exploring possible combinations of 

hyperparameter values in the model architecture, with 

the aim of finding the optimal configuration that 

produces the best prediction performance [30]. The 

application of this tuning makes the model more robust 

in the face of data variations and more stable in 

producing consistent predictions [31]. Unlike model 

parameters, which are derived from the training data, 

hyperparameters must be specified beforehand and 

carefully tuned to ensure optimal model performance 

[32]. In this study, the tuning process is applied to the 

XGBoost model packaged in the Multi Output 

Regressor approach, allowing simultaneous modeling 

of several weather and marine target variables. Some of 

the important hyperparameters adjusted include the 

number of decision trees (‘n_estimators’), the 

maximum depth of the tree (‘max_depth’), the learning 

rate (‘learning_rate’), as well as the L1 (‘reg_alpha’) 

and L2 (‘reg_lambda’) regularization parameters. The 

adjustment of these values is crucial as it directly affects 

the accuracy and quality of the predictions produced by 

the model [33]. 

The tuning process is performed using Grid Search and 

Randomized Search approaches with a 3-fold CV cross-

validation technique. GridSearchCV is one of the 

features in the scikit learn library that allows the 

hyperparameter search process to be performed 

automatically and systematically [34]. For the multi-

output model, tuning is done by inserting estimator 

parameters in each XGBoost hyperparameter so that it 

can be processed in the context of the 

MultiOutputRegressor wrapper. In addition, a custom 

score function based on the average coefficient of 

determination (R²) is used, so that the model is not only 

optimal at one target, but is able to provide balanced 

performance across all target variables. The tuning 

process produces the best model based on the highest 

validation score, which is then used in the evaluation 

stage. 

2.9 Model Evaluation  

The evaluation stage is carried out to assess the extent 

to which the performance of the XGBoost model that 

has been developed is able to accurately predict weather 

and marine parameters [35]. This evaluation serves to 

measure the generalization ability of the model to the 

test data, as well as ensuring that the model not only 

works well on the training data, but can also be relied 

upon to predict new data consistently. The evaluation 

process includes two main approaches, namely 

quantitative evaluation and visual evaluation. In 

quantitative evaluation, Root Mean Squared Error 

(RMSE) and the coefficient of determination (R²) are 

used. RMSE is calculated as formulated in Equation 2 

[36]. 

𝑅𝑀𝑆𝐸 =  √  
1

𝑛
 ∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1                 (2) 

RMSE measures the average magnitude of prediction 

errors in the same units as the target variable, where 𝑦𝑖 
is the observed value for each data point, 𝑦̂𝑖 is the 

predicted value, and 𝑛 is the total number of data points. 

The coefficient of determination (𝑅2)is calculated 

using Equation 3 [36]. 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̅)2𝑛
𝑖=1

               (3) 

R² indicates the proportion of variance in the observed 

data that is explained by the model, where 𝑦𝑖 is the 

observed value, 𝑦̂𝑖 is the predicted value, and 𝑦̅ is the 

mean of all observed values. Values closer to 1 indicate 

better predictive performance. Additionally, the 

difference between the R² values of the training and test 

datasets (overfitting gap) was calculated to detect 

potential overfitting. 

Visual evaluation is done by plotting a comparison 

graph between the actual and predicted values for each 

target parameter. This graph provides an intuitive 

picture of the model's consistency and precision in 

following the data pattern. From the evaluation results, 

the model performed well with high R² values and low 

RMSE for most of the target parameters, indicating that 
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the model is capable of performing multi-output 

predictions with sufficient accuracy. 

3. Results and Discussions 

3.1  Hyperparameter Tuning Results 

Model evaluation was carried out to appraise the 

predictive performance of the optimized XGBoost 

model on five target parameters: windspeed, water 

level, watertemp, relative humidity (RH), and wind 

direction. The evaluation uses the R² metric to assess 

the prediction accuracy as well as the RMSE as an 

indicator of the average prediction error. The results of 

the evaluation are presented according to the 

performance on training and testing data. The best 

parameter combinations obtained from the tuning 

process are presented in Table 1. 

Table 1. Results of hyperparameter tuning 

Parameters Grid Search  

Value  

Best 

Value 

‘n_estimators’ 1000, 1200, 1500 1500 

‘max_depth’ 8, 9, 10 10 

‘learning_rate’ 0.03, 0.05, 0.07 0.05 

‘subsample’ 0.9, 0.95, 1.0 0.9 

‘colsample_bytree’ 0.85, 0.9, 0.95 0.95 

‘reg_alpha’ 0.5, 0.7, 1.0 0.5 

‘reg_lambda’ 0.5, 1.0, 1.5 0.5 

A high ‘n_estimators’ parameter indicates that the 

model requires many decision trees to achieve stable 

and accurate prediction results. According to [37], the 

higher the ‘n_estimators’ value, the more boosting 

iterations are performed to obtain optimal performance. 

Meanwhile, a large maximum tree depth (‘max_depth’) 

value indicates that the model learns complex patterns 

in the data. The deeper the tree structure, the more 

complex the patterns learned by the model [38]. To 

avoid overfitting due to such complexity, regularization 

techniques such as ‘reg_alpha’ and ‘reg_lambda’ are 

used to control the model weights [39]. 

In addition, using a learning rate that is not too high 

allows the model to learn slowly and steadily. This is 

important because the learning rate governs how much 

adjustment is made to the model's weights and 

parameters during the training process [40]. The 

‘subsample’ and ‘colsample_bytree’ parameters, which 

are both close to 1, indicate that almost all training data 

and features are used in each learning iteration, while 

still leaving room for variation between trees to improve 

model generalization. The combination of these 

parameters creates a model that is balanced between 

complexity and adaptability to the data and is ready to 

be used in the training process of multi-output models. 

3.2  Model Evaluation Results  

The XGBoost model was applied to predict five weather 

and marine variables: windspeed, wind direction, water 

level, water temperature, and relative humidity. The 

evaluation is done using the RMSE metric and the R², 

and is presented in the form of a graph comparing the 

actual value with the predicted value for each variable. 

Overall, the model produced R² values ranging from 

0.71 to 0.99, indicating very high accuracy for some 

parameters while showing more challenges for others. 

Figure 2 specifically illustrates the evaluation results for 

the windspeed variable.  

 

Figure 2. Graph of evaluation results on the windspeed variable

For the wind speed variable, the model produced an 

RMSE value of 0.81 and R² of 0.82, highlighting that 

the model was capable of describing about 82% of the 

variation in the wind speed data. As seen in Figure 2, 

the prediction line (red) generally follows the pattern of 

the actual line (blue), although there are small 

deviations, especially at the peaks of extreme values. 

This shows that the model is quite sensitive to seasonal 

changes or short-term fluctuations in wind speed, 

although its accuracy decreases slightly at very high 

values. Compared to other parameters, windspeed 

shows a relatively balanced performance, not as stable 

as water level but significantly better than wind 

direction. Meanwhile, the evaluation results for the 

water level variable are shown in Figure 3. 
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Figure 3. Graph of evaluation results on the water level variable 

The predictions for the water level variable performed 

very well, with an RMSE of 0.13 and an R² of 0.93. 

Figure 3 shows that the prediction line almost 

completely merges with the actual line, indicating a 

high agreement between the prediction and observation 

data. This indicates that the XGBoost model is very 

effective in studying sea level rise and fall patterns, 

which tend to be more stable than other atmospheric 

variables. The performance here is noticeably stronger 

compared to windspeed, confirming that XGBoost is 

particularly suited for variables with consistent 

temporal behavior. 

The model shows very accurate prediction results on the 

water temperature variable, with an RMSE of 0.59 and 

a very high R² value of 0.99. Figure 4, the red line 

(prediction) almost completely follows the blue line 

(actual) with very little deviation. This performance can 

be attributed to the relatively more stable seawater 

temperature characteristics that are easily studied by the 

model due to consistent seasonal or daily patterns. 

Among all variables, water temperature is the most 

predictable, showing that the XGBoost model can 

capture highly structured and stable patterns with 

almost perfect accuracy. 

 

Figure 4. Graph of evaluation results on the watertemp variable 

The evaluation of relative humidity shows an RMSE of 

2.63 and an R² of 0.85, indicating that the model does a 

good job of modeling this variable. The fourth graph in 

Figure 5 shows that the prediction line follows the 

direction of change of the actual value quite well, 

although there are small deviations at extreme points. 

The fluctuating humidity values may make it difficult 

for the model to capture the entire pattern with perfect 

precision, but the overall accuracy remains high. This 

result also places relative humidity performance 

between water temperature and windspeed, confirming 

that XGBoost performs best when variability is 

moderate but not excessive. 

Wind direction is the lowest performing variable in this 

model, with an RMSE of 29.54 and an R² of only 0.71. 

From the final graph in Figure 6, it can be seen that the 

prediction line tends to deviate more significantly than 

other variables, especially in the case of sudden changes 

in wind direction. 
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Figure 5. Graph of evaluation results on the rh variable

Overall, the XGBoost model showed very satisfactory 

prediction performance, especially for the watertemp, 

water level and relative humidity (rh) variables, which 

each obtained an R² value above 0.85. This result 

indicates that the model is able to capture the patterns 

and relationships in the data well for these three 

parameters. Furthermore, the difference between 

training and testing R² values was monitored to evaluate 

potential overfitting. The relatively small performance 

gap indicates that the model maintains consistent 

predictive capability across unseen data [41]. This 

suggests that the applied regularization parameters 

effectively controlled model complexity despite the 

high number of boosting iterations. Such stability is 

essential for operational deployment in real-time 

maritime monitoring systems.  

 

 

Figure 6. Graph of evaluation results on the winddir variable 

However, the model performance tends to decrease 

when applied to variables that are characteristically 

more dynamic and complex, such as wind direction. 

The lower R² value for this parameter reflects the 

challenge of modeling wind direction behavior, which 

is highly influenced by high spatial and temporal 

variability, as well as dependence on external factors 

that are not fully captured in the dataset. This is similar 

to the study by [42], which found similar limitations in 

wind-based forecasts. The study showed that although 

XGBoost was able to compete with Random Forest and 

DAN2, this model was consistently outperformed by 

CNN in predicting wind speeds under various weather 

conditions in South Africa, confirming the difficulty of 

modeling wind-based variables. The results of [43] also 

show that XGBoost consistently outperforms Random 

Forest and classical regression in rainfall forecasting, 

with R² values above 0.80. These findings are consistent 

with the results of this study on water temperature and 

water level variables (R² 0.85–0.89), which show that 

XGBoost performs best on variables with a relatively 

stable temporal structure. Furthermore, [10] confirm the 

superiority of XGBoost over Random Forest and 

Support Vector Regression (SVR) in predicting weather 

parameters in Indonesia, with an R² achievement of 

0.8183. However, the study also highlights a decline in 

performance when predicting wind direction, a finding 

that is in line with the results of this study. 
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The comparison results not only reinforce the 

methodological justification for using XGBoost but 

also explain the specific conditions under which this 

model excels or is less than optimal. Beyond 

methodological comparisons, this study also has 

practical implications for coastal and maritime 

operations. The high accuracy obtained for water 

temperature and sea level highlights the potential 

application of XGBoost in supporting operational 

services such as early warning systems, maritime safety 

management, and port operations. Reliable forecasts for 

these parameters can help reduce the risks faced by 

small-scale fishermen and coastal communities, while 

providing useful decision support for government 

agencies and stakeholders involved in maritime 

transportation and disaster risk management. 

Furthermore, this study contributes to the development 

of machine learning applications for weather and 

maritime forecasting by applying the XGBoost 

algorithm in a multi-output framework using AWS 

data. Unlike most previous studies that focused on 

single-output predictions or conventional statistical 

approaches, this study demonstrates XGBoost's ability 

to capture multiple interdependent target variables 

simultaneously. The results also provide empirical 

evidence of the algorithm's robustness to relatively 

stable parameters, while revealing limitations in 

cyclical variables such as wind direction. Therefore, 

this study highlights the need for further research to 

explore hybrid approaches, such as combining boosting 

algorithms with sequential deep learning models or 

cyclic transformations, as well as incorporating 

additional data sources such as satellite datasets and 

reanalysis to improve the generalization and accuracy 

of predictions. 

3.3  Performance Under Extreme Maritime Conditions 

The reliability of the model in predicting uncertain 

maritime phenomena was evaluated through testing 

under extreme conditions. These extreme conditions 

were determined using a statistical distribution 

approach (data-driven approach) due to the limited 

availability of explicit labels for extreme weather 

events. A percentile-based approach was used to define 

extreme events as values that exceed a certain 

distribution threshold and are rare [44]. In this study, the 

95th percentile threshold was used to define extreme 

values for the variables of wind speed, water level, and 

water temperature. The relative humidity variable 

involves a range of values below the 5th percentile and 

above the 95th percentile to capture air humidity 

anomalies. Table 2 presents the results of the RMSE and 

R² metric evaluations specifically for the dataset under 

these extreme conditions. 

The model shows stable performance on the waterlevel 

variable with an R² value of 0.96 and an RMSE of 0.12, 

indicating the model's ability to maintain prediction 

accuracy under extreme water level conditions. The 

watertemp prediction produces the highest R² of 0.99, 

reflecting the ability of the XGBoost algorithm to 

capture ocean thermal patterns even at peak temperature 

ranges. The relative humidity variable also shows good 

performance (R² = 0.92), indicating the model's 

reliability in representing coastal humidity dynamics. 

For the windspeed variable, an RMSE of 0.85 with an 

R² of 0.88 was obtained, indicating an increase in error 

compared to the evaluation of the entire dataset, along 

with increased variability in strong wind conditions. 

The largest prediction error was found in the wind 

direction variable (winddir) with an RMSE of 28.22 

because wind direction is a circular variable that 

inherently causes numerical discontinuities in 

conventional regression approaches [45].  

Table 2. Error Metrics under Extreme Conditions 

Variables RMSE R² 

Windspeed 0.85 0.88 

Waterlevel 0.12 0.96 

Watertemp 0.72 0.99 

Relative Humidity 2.89 0.92 

Wind Direction 28.22 0.79 

To provide a visual illustration of the model's ability to 

follow actual data fluctuations across all output 

variables under extreme conditions, a time-series 

comparison is presented in Figure 7. 

 

Figure 7.  Comparison of fluctuations in predicted vs actual data under extreme conditions 
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The visualization in Figure 7 shows that the model is 

able to follow the dynamics of multi-output variables 

under extreme conditions, with prediction lines that are 

generally consistent with the observation patterns 

across all variables. The highest conformity is seen in 

watertemp and waterlevel, in line with R² values 

approaching 1, while relative humidity and windspeed 

continue to show adaptive capabilities despite an 

increase in deviation during sharp fluctuations. The 

wind direction variable shows wider residuals due to its 

circular and volatile nature. Overall, despite an increase 

in error in several variables, the consistently high R² 

value (>0.79) indicates that the gradient boosting 

approach has good robustness in dealing with high 

variability in extreme maritime conditions. 

4. Conclusions 

This research successfully developed a multi-output 

prediction model based on the XGBoost algorithm to 

estimate five weather and marine parameters at once, 

namely windspeed, water level, watertemp, relative 

humidity, and wind direction. Systematic 

hyperparameter adjustments resulted in the most 

suitable combination of parameters to optimize the 

model. The model showed excellent prediction 

performance, especially for the watertemp, water level, 

and RH variables, with R² values above 0.85 and low 

prediction error rates. 

Model evaluation shows that XGBoost is very effective 

in learning patterns of relatively stable variables, such 

as water temperature and water level. However, the 

model faces challenges in predicting wind direction. 

Nonetheless, the prediction results for all variables 

remain within an acceptable level of accuracy for 

practical applications. In general, the multi-output 

XGBoost approach proved to be reliable in handling the 

simultaneous prediction of various weather and marine 

parameters, and has the potential to be integrated into 

AWS data-based environmental monitoring systems in 

Indonesia's coastal and archipelagic regions. 
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