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1. INTRODUCTION

As climate change accelerates, rising sea levels pose significant challenges for coastal regions
worldwide, particularly in areas reliant on marine tourism. Marina Ancol Beach in North Jakarta, Indonesia,
serves as a prime example, attracting numerous visitors while facing the threat of tidal flooding due to
increased sea levels. This phenomenon not only endangers the coastal ecosystem but also impacts the
economic viability of tourism-dependent communities [1], [2]. According to the Department of Water
Resources of DKI Jakarta Province, sea levels are categorized into four levels, with Alert Level 1 representing
the most dangerous conditions and Alert Level 4 indicating normal levels [3]. This classification is crucial
for understanding the potential risks and impacts on coastal ecosystems and tourism-dependent communities.

Sea level is used in storm surge forecasting and can provide a clear signal to increase the warning status
in disaster mitigation, thereby strengthening and supporting disaster emergency management in coastal areas
[4]. Understanding sea level dynamics is crucial for effective coastal management and disaster preparedness.
Accurate predictions can help mitigate risks associated with tidal flooding, allowing local governments and
stakeholders to implement timely interventions. The integration of advanced modeling techniques, such as
ARIMA and Radial Basis Function Neural Networks (RBFNN), offers promising avenues for enhancing
prediction accuracy [5]. ARIMA has been used in previous research [6], [ 7], for example sea level prediction,
yielding predictions that are quite accurate and can serve as a reference for short- and medium-term disaster
prevention [8]. Research comparing ARIMA with exponential smoothing state space models (ESMs) shows
that ARIMA is more effective in predicting short-term sea level rise in the Arabian Sea for the next 3 years,
every month [9]. There is research that shows that RBFNN modeling has very good performance in predicting
heavy metal concentrations in lakes, especially in tropical and dry environments, and is able to identify the
most correlated input parameters in polluted and unpolluted lake scenarios [10]. A study also proves that the
RBFNN method is an alternative that is able to predict the inflation rate in Batam City effectively and
efficiently [11].

Previous studies on sea level rise have employed a variety of methods. Setiawan (2016) utilized a
Support Vector Machine approach optimized by Particle Swarm Optimization to analyze water level data in
the Marabahan area of Barito Kuala Regency, South Kalimantan, covering the period from April 2008 to
December 2012. This study found a mean prediction error, indicated by a Root Mean Square Error (RMSE)
value of 37.685 [12].

Alsuwaylimi (2023) conducted a study to forecast monthly gold prices using ARIMA, Artificial Neural
Networks (ANN) and hybrid models. The findings indicated that the best model for monthly gold prices
forecasting was the ARIMA-ANN hybrid model [13]. In a related study, Baluk (2020) applied a hybrid
approach to predict sea wave levels in Pekalongan, Rembang, and Semarang. This research utilized a Hybrid
Vector Autoregressive-Radial Basis Function Neural Network (VAR-RBFNN) method, demonstrating that
the dataset exhibited non-linearity, which the RBFNN effectively addressed [14]. Additionally, Soebroto
(2015) employed Time Variant Inertia Weight Particle Swarm Optimization (TVIWPSO) in conjunction with
Support Vector Regression (SVR) to predict river water levels. The results revealed a Mean Absolute
Percentage Error (MAPE) of 0.00755 using the SVR-TVWPO method [15].

While previous studies have reported that hybrid forecasting methods can improve predictive
performance, their application to high-frequency sea level forecasting remains limited, particularly for
operational coastal management. Unlike most existing studies that rely on daily or monthly data and focus
on long-term trends, this study introduces a residual-based hybrid ARIMA—Radial Basis Function Neural
Network (RBFNN) framework designed for short-term, hourly sea level forecasting. The model explicitly
decomposes the sea level time series into linear components captured by ARIMA and nonlinear dynamics
learned by RBFNN, enhancing its ability to represent complex local fluctuations. Using 17,520 hourly
observations from the Marina Ancol Floodgate between January 2021 and December 2022, this study
provides one of the first high-resolution forecasting analyses for Marina Ancol Beach. The resulting 24-hour
forecasts offer operationally relevant and actionable information to support local government decision-
making and improve coastal safety for residents and tourists under increasingly dynamic coastal conditions.
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2. RESEARCH METHODS

2.1 Data Source and Research Variable

This research utilizes secondary data obtained from the Jakarta Water Resources Agency. The primary
variable analyzed in this study is sea level, as detailed in Table 1.

Table 1. Research Variable

Variable Description Scale
Y Sea level Ratio

Xi Sea level at 1 hour before observation (#-1)  Ratio
X2 Sea level at 2 hours before observation (¢-2)  Ratio
X3 Sea level at 3 hours b.efore observation (z-3) Ratio
Xn Sea level at n hours before observation (#-n) Ratio

The unit of observation for this research is the hourly sea level data from the Marina Ancol floodgate,
covering the period from January 1,2021, to December 31, 2022. In total, 17,520 observations were collected,
with data updated every hour throughout the year. The structure of the data is presented in Table 2.

Table 2. Data Structure of Research Variables
Sea level (cm)

th-observation date time Y X X2 X . X,

1 1 January 2021 00.00 Yntl X X2 X; X1

2 1 January 2021 01.00 Yl’l+2 Xj,z Xz)z X3,2 Xn,z
17.520 31 December 2022 23.00  Yirsoo Xiizszo Xourszo  Xzizszo ... Xui7520

Table 2 describes the structure of the sea level time-series data used in this study. Each observation
represents an hourly sea level measurement. For example, X;; denotes the sea level recorded at 00:00 on 1
January 2021, while Y: represents the sea level at the next hour (01:00 on the same date).

2.2 Water Level and Marina Ancol Flood Gate

Floodgates are used to manage water flow and control the flow of sea, river, and dam water, allowing
for effective management during sudden increases in water levels. The Jakarta Water Resources Agency
(2023) states that floodgates are vital for regulating water flow. Observing water levels helps determine the
best times to open or close the floodgates [3].

In DKI Jakarta, several floodgates exist, including the Marina Ancol Floodgate, located in North
Jakarta near the popular tourist destination Taman Impian Jaya Ancol. The SDA categorizes water levels at
the floodgates into four groups, with Alert Level 4 representing normal levels and Alert Level 1 indicating
the highest levels. Detailed information about these categories is provided in Table 3.

Table 3. Water Level Category at Marina Jaya Ancol Floodgate
Water Level Category  Status  Water level (cm)

Alert Level 1 Danger >250
Alert Level 2 Alert 200 — 250
Alert Level 3 Watch 170 — 200
Alert Level 4 Normal <170

2.3 Time Series Analysis

Time series data consists of observations where each variable is arranged chronologically. Researchers
often use time series data to identify historical patterns, which can then be applied to forecast future outcomes.
When analyzing time series patterns, it is helpful to consider several key components, including trends,
cycles, seasonal variations, and irregular fluctuations [16].

When studying time series data, researchers typically aim for two main outcomes: to understand or model the
underlying stochastic processes that generate the observed data and to predict future values based on past
observations [17].
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2.3.1 Autoregressive Integrated Moving Average (ARIMA)

ARIMA, also known as the Box-Jenkins method, is a forecasting technique developed by George
Edward Pelham Box and Gwilym Meirion Jenkins, and it is widely used for analyzing time series data. The
ARIMA Box-Jenkins analysis involves five key steps: model identification, parameter estimation,
significance testing of parameters, model diagnostic testing, and selection of the best model [ 18].

The ARIMA (p, d, q) model can generally be expressed in the following Eq. (1) [19]:

¢p(BY(1 — B)*Z = u + 64(B)ay, D
where,
¢p(B) =1—¢1B — ¢,B* — - — ¢ppB”,
gq(B) =1- 913 - 92B2 — et quq,

with B is the backshift operator B/x, = x,_ j-

2.3.2 Radial Basis Function Neural Network (RBFNN)

Radial Basis Function Neural Network (RBFNN) is a type of Artificial Neural Network (ANN)
characterized as a feedforward network capable of short-term forecasting [20]. Among various activation
functions, the Gaussian function is the most commonly used due to its local properties and its ability to
measure the proximity of inputs to the mean (or cluster center). RBFNN consists of a multi-layer architecture,
which includes three distinct layers: an input layer, a hidden layer that employs a non-linear Gaussian
activation function, and a linear output layer. For this research, the architecture of the RBFNN with three
input neurons and four output neurons is illustrated in Figure 1 below.

Input Layer Hidden Layer  Output Layer

Figure 1. Architecture of Radial Basis Function Neural Network

To implement the RBFNN, the first step is to initialize the centroid values, which can be done through
trial and error. Following this, the spread value (neuron width) is calculated using the formula below.

dmax
o; = , 2
i = BE (2)

where g; is the spread value, djqy is the maximum distance between each neuron center, and K is the total
number of neurons formed. Next, we calculate the Gaussian activation function using the formula below.

2
9] 20-],2 ’

where @;; the Gaussian activation function of j-th hidden neuron, x; is the i-th input data, c; is the centroid

2, . . . .
value of the j-th hidden neuron, ||xL- = ¢ || is the distance between the i-¢h data point and the centroid of the
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Jj-th hidden layer, and 0']-2 is the spread value of the j-#4 hidden neuron. Once the calculations are complete,
we will construct the Gaussian matrix, represented by the notation shown below.

P11 P12 - Pij b1rwy dq
_ ‘P:21 <P:22 <P:2j Z lwzl _ ldzl' )
lfpn Piz Qi AN d;

where G is the Gaussian matrix, j is the index of the hidden neuron, and b is the bias, with the bias value set
to 1. Gaussian Matrix can be expressed as follows:

G

G-w=d, (5)
where,
d=[d dy - dT, (6)
w=[Ww wz - wiT (7)
G = . (8)

The next step involves updating the weight values and the bias value using the Gaussian matrix calculation,
as illustrated in formula below.

w = (GT6)™167d, 9

where w is the weight value matrix from the hidden neurons to the output neurons, G is the transpose of the
Gaussian matrix, and (GTG)™! is the inverse of the product of GT and G, with d representing the target
matrix. The next step is to calculate the output using formula below.

)
Yk = Z ®ijWjk + by, (10)
k=1
where yj is the value of the k-th output, wjy is the weight from the j-¢2 hidden neuron to the k-th output
neuron, ¢;; is the i-th Gaussian activation function for the j-th hidden neuron, and by is the bias for the k-th
output neuron. The final step is to determine the class of each data point based on the output index that has
the maximum yy,.

2.3.3 Hybrid ARIMA and Radial Basis Function Neural Network Model (ARIMA-RBFNN)

The ARIMA-RBFNN model combines the strengths of Autoregressive Integrated Moving Average
(ARIMA) for time series analysis and Radial Basis Function Neural Networks (RBFNN) for capturing non-
linear relationships in the data. This hybrid approach aims to improve forecasting accuracy by leveraging the
linear modeling capabilities of ARIMA alongside the flexibility of RBFNN to model complex patterns.

To obtain a hybrid model from ARIMA and an Artificial Neural Network, the results from both models
must be summed . The ARIMA model is constructed using the observation data, while the Artificial Neural
Network model is developed based on the residuals (errors) from the ARIMA model. The relationship can be
expressed as:

?t - Lt + Nt' (11)

where Lt is the fitted value or prediction from the ARIMA model and N; is the fitted value or prediction from
the Artificial Neural Network.

The process typically involves the following steps:

1. Model Identification: Identify the appropriate ARIMA parameters (p, d, g) for the time series
data.

2. ARIMA Forecasting: Use the ARIMA model to generate initial forecasts.

3. Residual Analysis: Analyze the residuals from the ARIMA model to identify non-linear patterns
that the ARIMA model may not have captured.

4.  RBFNN Training: Train the RBFNN using the residuals as the target variable, employing the
inputs from the original time series data.
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5. Final Forecasting: Combine the forecasts from the ARIMA model with the outputs from the
RBFNN to produce the final predictions.

This hybrid model is particularly useful in scenarios where time series data exhibits both linear trends and
complex non-linear behaviors, enhancing the overall forecasting performance.
2.3.4 Evaluation of Forecasting

When evaluating the predictive or forecasting ability of the developed model, it is essential to calculate
the model's accuracy. Common methods for measuring model performance include Mean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE), and Root Mean Square Error (RMSE).

1. MAE indicates the average absolute difference between the actual and predicted values.
1 m
MAE:—Z IRy — Pl. (12)
m t=1

2.  MAPE provides a percentage-based measure of accuracy by calculating the error percentage,
offering a more intuitive understanding of the model's performance.

1 m Rt - Pt
MAPE = —Z A (13)
m t=1

e
3. RMSE quantifies the average squared error, giving greater weight to larger errors in the
predictions.

Mméat=1

RMSE = lem (R, — P,)2. (14)

where m represents the total number of data points, R; is the actual value, and P, is the predicted value [22].

3. RESULTS AND DISCUSSION

This research focuses on forecasting sea levels at the Marina Ancol floodgate in Jakarta using
conventional forecasting methods, specifically Autoregressive Integrated Moving Average (ARIMA). It also
compares the Radial Basis Function Neural Network (RBFNN) method with the hybrid ARIMA-RBFNN
approach. Before delving into the forecasting process, a descriptive analysis is conducted to characterize the
data. This analysis is essential for accurately comparing the distributions of the training and testing datasets,
ensuring reliable results for forecasting the upcoming period.

3.1 Characteristic of the Sea Level

After completing the data preprocessing, the next step is to perform a descriptive analysis of the sea
level data. The plot below illustrates the sea levels at Marina Ancol from January 2021 to December 2022,
presented on an hourly basis.
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Figure 2. Time Series Plot of Hourly Sea Levels
(Source: Output R)

Figure 2 illustrates the overall data pattern, revealing a seasonal trend characterized by a repetitive up-
and-down movement. To gain a clearer understanding of the distribution pattern, a more detailed plot is
generated for the data from January 1 to January 13, 2021, as shown in Figure 3 below.
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Figure 3. Time Series Plot of Sea Level for Period January 1% — January 13", 2021
(Source: Output R)

The seasonal pattern is clearly evident in Figure 3, which indicates that an upward trend typically
occurs from 10:00 a.m. to 1:00 p.m., while a downward trend is observed during the nighttime. In addition
to the time series plot, a summary of the data is provided through a descriptive analysis, as shown in Table 4
below.

Table 4. Descriptive Statistics of Sea Level 2021-2022
Water Level (cm)

Minimum 105
1% Quartile 164
Median 183
3" Quartile 202
Maximum 262
Mean 183

Table 4 shows that the mean sea level at the Marina Ancol floodgate for the period of 2021-2022 is
183 cm, which is categorized as Alert Level 3. The minimum sea level recorded was 105 cm (Alert Level 1),
occurring on November 1, 2022, at 4 a.m., while the maximum sea level reached 262 cm on December 25,

2022, at 11 am.
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Since the time series plot in Figure 2 does not effectively display the data pattern, a re-plotting has been
conducted, dividing the data by month to enhance clarity. The results are shown in Figure 4 below.

260 260 -
240 240 -
220 | 220
’g 200 -| ’é 200 -
Q Q
=] 180 = | 180 |
T) [
E 160 § 160 -
< 1 S | 140 -
% 140 %
120 - 120
100 | Time 100 Time
(a) (b)
Figure 4. Time Series Plot of Sea Level at Marina Ancol Floodgate
(a) January 2021, (b) August 2021
(Source: Output R)
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240 1 220
£ 220 | E| 200 |
= | 200 =
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Figure 5. Time Series Plot of Sea Level at Marina Ancol
(a) January 2022, (b) August 2022
(Source: Output R)

Since the overall time series plot in Fig. 2 does not clearly reveal short-term seasonal patterns, the data
were re-plotted by month to improve interpretability. Figs. 4 and 5 present representative monthly sea level
variations during the rainy season (January) and dry season (August) for two different years. These plots
highlight consistent diurnal tidal cycles as well as seasonal differences in sea level amplitude. Specifically,
January exhibits higher variability and wider ranges of sea level fluctuations compared to August, reflecting
seasonal hydrodynamic conditions. The similarity of patterns across years indicates temporal stability in
short-term sea level behavior, which supports the use of time-series-based forecasting models in this study.
A comparison of the sea levels for January and August in both 2021 and 2022 is presented in Fig. 6.
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Figure 6. Time Series Plot of Sea Level at Marina Ancol
(a) January 2021 dan January 2022, (b) August 2021 dan August 2022
(Source: Output R)

Fig. 6 compares sea levels in January and August for the years 2021 and 2022. The black vertical line
indicates the mean sea level for 2021, while the red vertical line represents the mean for 2022. In January,
the mean sea level in 2021 is higher than that of 2022. Conversely, in August, the mean sea level for 2021 is
lower than for 2022. The numerical data for sea levels can effectively represent the corresponding sea level
categories. The details of the total data in each category are shown below.

Table 5. Detailed Total Data of Sea Level per Category
Water Level Category Status  Total Data

Alert Level 1 (>250 cm) Danger 35
Alert Level 2 (200-250 cm)  Alert 4640
Alert Level 3 (170-200 cm)  Watch 7012

Alert Level 4 (<170 cm)  Normal 5833

Table 5 indicates that the Alert Level 3 category was the most frequently observed over the past two
years (2021-2022), occurring 7,012 times. In contrast, the Alert Level 1 category was the least common, with

only 36 occurrences during this period. Figure 7 below provides a visual representation of the data presented
in Table 5.

8000
7000

6000
5000 4640

7012
5833

4000
3000
2000

1000 35

Alert Level 1 Alert Level 2 Alert Level 3 Alert Level 4
Figure 7. Column Chart Total Data per Sea Level Category

To visualize the distribution pattern by hour, a box plot has been created, and the results are shown in Figure
7 below.
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Figure 8. Box Plot Data Distribution per Hour
(Source: Output R)

Figure 8 illustrates that the sea level in 2022 is higher than in 2021, indicating a rise in sea levels over
the course of one year. Additionally, the data shows that sea levels tend to be higher at noon compared to the

morning, with a decrease occurring later in the day, followed by a subsequent rise at dawn. The monthly
distribution of sea levels is presented in Figure 9.
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Figure 9. Box Plot of Data Distribution per Hour
(Source: Output R)

Figure 9 indicates that the highest sea level category occurred between May and June, while the lowest sea
level was observed in March.

3.2 Modeling using ARIMA

To ensure the robustness of the model, the dataset will be divided into training and testing subsets. The
training set will encompass data from January 2021 to November 2022, while the testing set will consist of
observations from December 2022. Prior to modeling, it is essential to confirm that the data meets the ARIMA
requirements, specifically that it is stationary in both variance and mean. By addressing these prerequisites,

the study seeks to develop a reliable forecasting model that can provide valuable insights into future sea level
trends.

The time series plot indicates that the data is not stationary in variance. To address this issue, data
transformation is necessary to achieve stationarity. One effective method for this is the Box-Cox
transformation. This transformation helps stabilize the variance of the data, making it more suitable for further
analysis, including the application of the ARIMA model. By using the Box-Cox transformation, it is

anticipated that the data will be controlled and rendered stationary, enabling more accurate and effective
modeling.
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The data Y is transformed into Y* = Y4 with A=0.64, and the data is stationary with respect to variance by
observing the rounded value of 1 on the Box-Cox plot for Y*

StDev

Box-Cox Plot of Y

Lower CL_ Upper CL

Box-Cox Plot of ¥*

Lower CL_ Upper CL

X
(using 95,0% confidence)
Estimate 064
Lowier CL 054
Upper €L 074
Rounded Value 064

Limit

(a)

StDev

A
(using 95,0% confidence)
Estimate 100
Lower CL 083
Upper L 7
Rounded Value 100

Limit

(b)

Figure 10. Box-Cox Plot of a) Actual Data (Y), (b) Transformed Data (Y")

(Source: Output R)

After satisfying the stationarity requirement, the next criterion to address is stationarity in terms of
means. The Partial Autocorrelation Function (PACF) and Autocorrelation Function (ACF) plots are presented

below.

08
06
04
02

0,0

Autocorrelation

-0,2
-04

-06

Autocorrelation Function for Y*
(with 5% significance limits for the autocorrelations)

Lag

Partial Autocorrelation

-04-

06

Partial Autocorrelation Function for Y*

(with 5% significance limits for the partial autocorrelations)

038

0,6-

04-

02

0,0

0,2

20 40 60 80 100 120 140 160

Lag

Figure 11. Plot ACF and PACF on Transformed Data

(Source: Output R)

Figure 11 illustrates that the data is not yet stationary, as evidenced by the ACF plot, which displays a
discernible pattern. In the PACF plot, the first lag value is nearly 1, indicating that differencing is necessary
at the first lag. The results following the differencing are presented in Figure 12 and Figure 13.
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Figure 12. ACF and PACEF Plots of Transformed Data after First Differencing

(Source: Output R)

Figure 12 reveals that the ACF plot still exhibits a seasonal pattern, particularly evident at the lag of
12, which is more pronounced than the others. This indicates that the seasonal pattern remains non-stationary.
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The next step is to perform seasonal differencing at the lag of 24, given that the sea level data is recorded
hourly. The results of this differencing are shown in Figure 13.
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Figure 13. ACF and PACF Plots of Differenced Data for Seasonal Period of 24
(Source: Output R)

Figure 13 indicates that the data is now stationary with respect to mean, demonstrating that the ARIMA
model exhibits a seasonal effect with a period of 24. Once all requirements are met, model estimation is
carried out using the ACF and PACF plots presented in Figure 13. Several model estimations for Seasonal
ARIMA have been derived using diagnostic techniques, with detailed information provided in Table 6.

Table 6. Comparison of Prediction Seasonal ARIMA Model
No Estimated Seasonal ARIMA Model Parameter RMSE MAPE

1 SARIMA (1,1,1)(1,1,0%* significant  0.6068132  1.599858
2 SARIMA (1,1,0)(1,1,0)% significant  0.6073556  1.602251
3 SARIMA (0,1,1)(1,1,0)%* significant  0.6077408  1.602967
4 SARIMA (2,1,0)(1,1,0)% significant  0.6063576  1.596974
5 SARIMA (2,1,1)(1,1,0% significant  0.6060967  1.595634
6 SARIMA (0,1,2)(1,1,0%* significant  0.6060296 1.595561
7 SARIMA (1,1,2)(1,1,0)** significant  0.6057199 1.593918

The estimation and testing of the estimated model parameters presented in Table 6 were conducted
using a 95% confidence interval (0=0.05), confirming that the models are statistically significant. Notably,
the Root Mean Squared Error (RMSE) of 0.606 and the Mean Absolute Percentage Error (MAPE) of 1.59%
indicates that the ARIMA model (1,1,2)(1,1,0)** produces the smallest MSE value, demonstrating its
effectiveness. Detailed information is provided in Table 7.

Table 7. The Estimated Parameter Values for The Best ARIMA Model
Model Parameter Coefficient S.E Coefficient P-Value
AR 1 0.2614486 0.0499643 1.670e-07
MA 1 -0.3614227 0.0496345 3.297e-13
MA 2 0.1095503 0.0094495 <2.2e-16
SAR 24 -0.3823873 0.0074701 <2.2e-16

(1,1,2)(1,1,0*

The model indicates that the Marina Ancol Sea level at time t is dependent on its previous values as
well as those from 23 and 24 hours prior. Additionally, the SARIMA (1,1,2)(1,1,0)>* model in Table 7
demonstrates that all p-values for the parameters are less than 0.05, indicating that all model parameter are
statistically significant. The SARIMA (1,1,2)(1,1,0)** model was then fitted using a testing dataset to evaluate
its goodness of fit, with detailed information presented in

Table &.

Table 8. Goodness of ARIMA Model on Data Testing
Model ARIMA RMSE MAPE
SARIMA (1,1,2) (1,1,00* 3.072573  8.829044
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Table 8 presents the MAPE value of 8.8% obtained from fitting the SARIMA (1,1,2)(1,1,0)>* model on the
testing dataset, indicating that this model is sufficiently effective for forecasting sea level at Marina Ancol.

Following the estimation and significance testing of the parameters, diagnostic testing for the SARIMA
(1,1,2)(1,1,0)** model was performed. This included residual analysis, which involved white noise testing
using the Ljung-Box-Pierce test and normality testing using the Kolmogorov-Smirnov test. The results of the
Ljung-Box-Pierce test, shown in Table 9, reveal that the residuals from the model are not white noise, as
indicated by a p-value less than 0.05. This may be attributed to the inherent complexity of sea level variations.

Table 9. White Noise Residual Assumption Test on Estimated Seasonal ARIMA Model

Lag 12 24 36 48
Chi-Square 492,29 1283,26 2923,37 3792,65
DF 7 19 31 43
P-Value 0,000 0,000 0,000 0,000

The residual ACF plot for Model 7, shown in Figure 14, further illustrates that the residuals do not
satisfy the white noise assumption, as significant correlations persist across multiple lags, extending up to lag
150.

ACF of Residuals for Y* .
(with 5% significance limits for the autocorrelations) PACF of Residuals for Y*
(with 5% significance limits for the partial autocorrelations)
04
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Figure 14. ACF and PACF Plot of Residuals for Model 7
(Source: Output R)

The results of the normality test on the ARIMA residuals, conducted using the Jarque-Bera test, show
a chi-square value is 58477 and the P-Value is less than < 2.2e-16. This indicates that the model residuals do
not conform to a normal distribution, as evidenced by a p-value less than 0.05. This non-normality may be
attributed to the substantial volume of sea level data at Marina Ancol, as illustrated in Figure 2.

3.3 Modeling using Hybrid ARIMA-RBFNN Models

After obtaining the residual data from the optimal ARIMA model, the next step is to perform Hybrid
modeling using ARIMA and Radial Basis Function Neural Networks (RBFNN). The first phase involves
modeling the data with the ARIMA method. Following the identification of the best ARIMA model, the
subsequent step is to apply the RBFNN method, utilizing inputs derived from the significant lags identified
in the PACF plot and the residuals from the best ARIMA model. The PACF of the ARIMA model residuals
is depicted in Figure 15.
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Figure 15. PACF Plot of Residuals from the Optimal ARIMA Model
(Source: Output R)

Figure 15 shows that the residuals from the optimal ARIMA model still exhibit significant partial
autocorrelations, indicating the presence of remaining temporal dependence not captured by the linear model.
The most prominent and consistent significance occurs around the 24-hour lag, which corresponds to the
dominant diurnal tidal cycle. Based on this, the RBFNN input structure was designed to include residuals
from lag 1 to lag 24 in order to capture short-term nonlinear dependencies within one complete tidal cycle.
This input selection is not only supported by the PACF pattern but also aligns with the physical characteristics
of sea level dynamics and ensures that the RBFNN effectively learns intra-day nonlinear behavior without
introducing excessive model complexity. Consequently, the input variables for the RBFNN modeling consist
of 24 variables, specifically the residuals from the 1% lag to the 24th lag, denoted as e;_,€;_2, ..., €t_24, -

After completing the data preprocessing, the training and testing datasets for the RBFNN analysis
are defined: data from January 2021 to October 2022 is used for training, while November 2022 is designated
for testing. The Radial Basis Function Neural Network (RBFNN) employed in this study adopts a three-layer
architecture consisting of an input layer, a hidden layer, and an output layer. The input layer receives lagged
residual values as predictor variables, while the hidden layer is composed of radial basis neurons using a
Gaussian (exponential) activation function to capture nonlinear patterns in the data. The output layer
generates the final forecast through a linear combination of the hidden layer outputs.

The number of hidden nodes determines the model complexity and is selected through a trial-and-error
process by testing 1 to 10 nodes. The optimal architecture is chosen based on the smallest RMSE obtained
from the testing dataset. Both input and output variables are normalized prior to training to improve numerical
stability and learning efficiency. The detailed RMSE results for different network configurations are
presented in Table 10.

Table 10. RMSE of RBFNN Models According to Total Node in Hidden Layer
Total Node RMSE Training RMSE Testing

1 0.999 1.002
2 0.998 1.002
3 0.993 0.994
4 0.991 0.986
5 0.989 0.985
6 0.973 1.003
7 0.971 1.004
8 0.968 1.017
9 0.962 1.015
10 0.962 1.018

Table 10 indicates that the smallest RMSE value for the training dataset is achieved by the RBFNN
model with a total of 8 nodes, yielding an RMSE of 0.962. Conversely, the smallest RMSE value for the
testing dataset is produced by the model with 7 nodes, resulting in an RMSE of 0.975. The selection of the
number of nodes in the hidden layer is based on the smallest RMSE observed in the testing dataset; thus, the
optimal RBFNN model is identified as RBFNN (24,7,1) represents 24 nodes in the input layer, 7 nodes in the
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hidden layer, and 1 node in the output layer. Compared to conventional linear models such as ARIMA,
RBFNN is more flexible in capturing nonlinear relationships in the data. Moreover, unlike more complex
deep learning models, such as LSTM or deep neural networks, the selected RBFNN structure maintains a
simple architecture with lower computational cost while still delivering competitive accuracy. These
characteristics make the chosen RBFNN configuration suitable for short-term sea level forecasting using
high-frequency data.

3.4 Forecasting Sea Level of Marina Ancol using Hybrid ARIMA-RBFNN Model

In alignment with the primary objective of this research, which is to forecast the sea level at the Marina
Ancol floodgate, both ARIMA modeling and RBFNN modeling for the residuals have been conducted. A
comparison of the MAPE values for the training and testing datasets is presented in Table 11.

Table 11. Comparison of MAPE value in ARIMA and Hybrid Model
MAPE ARIMA MAPE Hybrid
Training 2.47% 2.44%
Testing 2.76% 2.74%

Table 11 shows that the hybrid ARIMA-RBFNN model achieves a slightly lower MAPE than the
ARIMA model for both training and testing datasets. Although the numerical improvement appears modest,
this result is meaningful in the context of short-term sea level forecasting, where residual errors are already
small and further reductions are inherently difficult to obtain. The improvement indicates that the hybrid
model is able to capture nonlinear residual patterns that remain unmodeled by ARIMA, leading to more stable
and reliable forecasts. Moreover, the consistent performance gain observed in both training and testing phases
suggests that the hybrid approach enhances generalization rather than merely fitting noise, which is
particularly important for operational forecasting applications such as tidal flooding preparedness.

To forecast the next 24 hours, starting from January 1, 2023, at 1 a.m. to 11 p.m., the model employed
is Hybrid SARIMA (1,1,2)(1,1,0)**~RBFNN (24,7,1). Detailed forecasting results are provided in Table 12.

Table 12. Sea Level forecasting at Marina Ancol for January 1st 2023 (per hour)
No Time ARIMA Residual Sea Level Rise

17521 01:00 151.200 0.058 151.26
17522 02:00 146.251 0.095 146.35
17523 03:00 151.643 0.072 151.71
17524 04:00 151.462 0.080 151.54
17525 05:00 153.868 0.069 153.94
17526 06:00 159.548 0.063 159.61
17527 07:00 171.858 0.037 171.90
17528 08:00 169.970 0.030 170.00
17529 09:00 177.642 0.046 177.69
17530 10:00 180.217 -0.061 180.16
17531 11:00 188.850 -0.076 188.77
17532 12:00 192.809 -0.106 192.70
17533 13:00 197.528 -0.134 197.39
17534 14:00 198.067 -0.163 197.90
17535 15:00 199.984 -0.198 199.79
17536 16:00 190.049 -0.216 189.83
17537 17:00 185.332 -0.149 185.18
17538 18:00 180.026 0.081 180.11
17539 19:00 185.886 0.195 186.08
17540 20:00 183.109 0.130 183.24
17541 21:00 171.919 0.223 172.14
17542 22:00 161.364 0.856 162.22
17543 23:00 159.977 0.851 160.83
17544 00:00 158.356 0.786 159.14

Table 12 presents examples of 24-hour sea level forecasts generated by the hybrid model, showing
short-term fluctuations that are mainly driven by tidal dynamics. The 24-hour sea level forecasts mainly
reflect short-term tidal behavior at Marina Ancol Beach.
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Figure 16. Forecasted Sea Level Values for 24-hour

Fig. 16 shows predicted patterns with clear daily fluctuations consistent with coastal tidal cycles. In
addition, short-term changes in sea level are influenced by local weather conditions such as wind, air pressure,
and rainfall. These factors introduce nonlinear effects that cannot be fully captured by the ARIMA model
alone, which explains why the hybrid ARIMA—-RBFN model provides slightly improved forecasts.

Previous studies on sea level forecasting generally use either statistical models or machine learning
methods with daily or monthly data. Many of them focus on long-term trends rather than short-term
predictions. In contrast, this study uses hourly sea level data and a hybrid ARIMA-RBFNN approach to
improve short-term forecasting. Although the improvement in accuracy is modest, the results are comparable
to those reported in earlier hybrid modeling studies and demonstrate the benefit of combining linear and
nonlinear models for high-frequency sea level data.

The 24-hour forecast horizon is chosen to support short-term decision-making and early warning for
tidal flooding. Short-term forecasts are useful for local authorities to prepare mitigation actions, manage
coastal activities, and improve public safety in tourism areas. Extending the forecast horizon may increase
uncertainty due to rapidly changing weather conditions. Therefore, a 24-hour horizon provides a practical
balance between accuracy and usefulness.

4. CONCLUSION

In conclusion, this study successfully forecasts the sea level at the Marina Ancol floodgate using a
Hybrid ARIMA-RBFNN model. The results indicate that the Hybrid method outperforms the traditional
ARIMA approach, as evidenced by lower MAPE values. The Hybrid model effectively addresses residual
issues, which are not classified as white noise in the ARIMA model. The forecast reveals a seasonal pattern
in sea level, with elevated levels expected at the beginning of the year, fluctuations through mid-year, and
another peak at year-end. These findings align with observed rainfall patterns, underscoring the model's
relevance and accuracy in predicting sea level changes. Overall, the Hybrid ARIMA-RBFNN approach
proves to be a robust tool for effective sea level forecasting, contributing valuable insights for flood
management and planning in the Marina Ancol area.

Despite these promising results, this study has several limitations. First, the forecasting horizon is
limited to 24 hours, which restricts its applicability for longer-term planning. Second, the model relies solely
on historical sea level data and does not explicitly incorporate external physical factors such as wind,
atmospheric pressure, or rainfall, which may influence sea level variability. In addition, the improvement in
forecasting accuracy over the ARIMA model is relatively modest, indicating that further enhancement is
possible.

Future research may extend this work by exploring longer forecast horizons, integrating meteorological
and oceanographic variables, and comparing the proposed hybrid model with other advanced machine
learning or deep learning approaches. Such extensions could improve forecasting accuracy and broaden the
practical usefulness of sea level prediction models for coastal risk management.
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