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ABSTRACT

Recently, the rise of sea level has caused an increase in rising tides that affected about three million locations around
the world. The tide rising phenomenon has been occurring in Peninsular Malaysia since the 20th century. The purpose
of this study is to determine the most critical station and forecast three stations located on the West Coast of Peninsular
Malaysia. The Box Plot analysis method has been used in this study, the results shown that Bagan Datuk Station is the most
critical station. This is due to the maximum tide s value of Bagan Datuk Station experienced the highest increment of 0.45
m, compared to Port Klang station and Permatang Sedepa Station with only 0.2 m increment in 10 years. However, these
three stations are also experiencing rising tides. Thus, the focus of managing coastal structures should be given to all these
three stations as well. In addition, for forecasting, the Artificial Neural Network (ANN) forecasting model provides better
forecasting results compared to the Autoregressive Integrated Moving Average (ARIMA) model for long-term forecast. In
this study, the artificial Neural Network (ANN) forecasting model obtained value of RMSE 0.05642 at Bagan Datuk Station
compared to the RMSE value of 0.0928 obtained from the ARIMA model at the same station. Besides, MAE value of ANN
method, 0.04387 compared to the MAE value of ARIMA which is worth 0.06391 at Bagan Datuk Station. This study can
conclude that the Artificial Neural Network (ANN) forecasting model is better in high tide forecasting.
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ABSTRAK

Kebelakangan ini, peningkatan air pasang yang disebabkan oleh faktor peningkatan aras air laut telah mempengaruhi
hampir tiga juta lokasi di seluruh dunia. Fenomena peningkatan air pasang telah berlaku di Semenanjung Malaysia
bermula dari abad ke-20. Tujuan kajian ini dijalankan adalah untuk menentukan stesen paling kritikal dan meramalkan
ketiga-tiga stesen yang terletak di Pantai Barat Semenanjung Malaysia. Kaedah analisis Plot Kotak telah digunakan dalam
kajian ini, keputusan menunjukkan Stesen Bagan Datuk adalah stesen yang paling kritikal. Hal ini disebabkan oleh nilai
maksimum Stesen Bagan Datuk mengalami peningkatan yang paling tinggi iaitu dengan nilai 0.45 m, berbanding dengan
stesen Pelabuhan Klang dan Stesen Permatang Sedepa yang mengalami peningkatan 0.2 m sahaja dalam julat 10 tahun.
Walau bagaimanapun, ketiga-tiga stesen ini juga mengalami peningkatan air pasang. Oleh itu, tumpuan pengawasan
dalam pengurusan struktur pesisiran pantai perlu diberi kepada ketiga-tiga stesen ini. Di samping itu, untuk peramalan,
model peramalan Rangkaian Neural Buatan (ANN) memberikan hasil peramalan yang lebih baik berbanding dengan model
Auto Regresi Purata Bergerak (ARIMA) untuk peramalan jangka panjang. Dalam kajian ini, model peramalan Rangkaian
Neural Buatan (ANN) memperoleh nilai RMSE 0.05642 di Stesen Bagan Datuk, berbanding dengan nilai RMSE 0.0928 yang
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diperoleh daripada Model ARIMA. Selain itu, nilai MAE bagi kaedah ANN, 0.04387 berbanding dengan nilai MAE bagi
ARIMA yang bernilai 0.06391 di Stesen Bagan Datuk. Melalui kajian ini, dapat disimpulkan bahawa model peramalan
Rangkaian Neural Buatan (ANN) lebih baik dalam peramalan air pasang.

Kata kunci: Kenaikan air pasang; Banjir air pasang; Peramalan, Rangkaian Neural Buatan (ANN); ARIMA

INTRODUCTION

Sea level rising has been considered as one of the major
threats to especially coastal areas around the world since
global warming appeared in the 20th century (Feng et
al. 2018). Sea level rise is mainly due to the melting of
glaciers and ice during global warming (Li et al. 2019;
Lindsey & Lumpkin 2020; Yin et al. 2015). The factor that
causes global warming is because of the increase in the
concentration of carbon dioxide (CO,) in the atmosphere.
Carbon dioxide is a global warming and acidification gas.
In addition, production such as gases from vehicles, logging
of flora, use of air conditioners and others that will produce
global warming gases (Boyd et al. 2015; Johnson et al. 2015;
Zhang et al. 2018). The rising of sea level at the same time
will cause rising of tidal, thus, forecast of tidal are known
to be important issues in the design of coastal structures,
tidal energy use, prevention of marine disasters and military
affairs (Olbert et al. 2017). Previous research, at Baltic Sea
in the eastern and south-western regions of the sea, the
rate of increase is the fastest and water level extremes are
influenced by an increase in water volume maxima of 3-4
mm/year while the Bangal Delta’s, Bangladesh water level
are rising at a rate of 4.0 between 4.8 mm per year. (Feist et
al. 2021; Pindsoo et al. 2020). This is because of the weather
and climate uncertainty (Yusofa et al. 2022).

Knowledge of tidal levels and the ability to predict
the tidal levels has a direct implication to engineering
profession, especially for coastal engineering (Pramanik et
al. 2016). Forecasting is classified as a qualitative method,
where the historical data on variables are predicted either
inappropriate or unavailable and forecasts can be used
based on expert judgment (Islam et al. 2015; Srivastava et
al. 2016). Forecasting cannot be performed with harmonic
models alone because this method requires long historical
data and has high errors (Liu et al. 2019). This will bring
challenges to the accurate of tide forecasts (Consoli et al.
2014). There are various kinds of forecasting techniques
and they are generally competitive (Espinoza 2015; Graff
et al. 2017). Therefore, the use of forecasting models
such as ARIMA and Artificial Neural Network (ANN) to
correct forecasting errors. Throughout the literature, the
Auto Regressive Integrated Moving Average (ARIMA) and
Artificial Neural Network (ANN) models have been applied
for forecasting sea level from critical station.

Boxplots are also known as box and whisker plot
method. It is useful in identifying its properties and
comparing distributions. Boxplot provides basic information
about distribution. It graphically depicts numerical data sets
according to their quartiles. Box plots only work well when
there is sufficient data to provide statistics. In a boxplot, it

has a minimum value, lower quartile, median, upper quartile,
maximum value (Praveen et al. 2018; Vignesh et al. 2018).

The ARIMA model, also known as the Box-Jenkins
model and is commonly used in analysis and forecasting.
ARIMA model is widely used for forecasting technique
in social science and extensively for time series. The
use of ARIMA in time series forecasting is essential with
uncertainty as it does not assume knowledge of any
underlying model. Model ARIMA relies on the historical
values of the series as well as previous error terms for the
prediction (Fattah et al. 2018; Manoj 2014; Shu et al. 2014).
ARIMA models are now widely used for many applications,
such as nature, medicine, and engineering. It is also more
robust and efficient than other more complex structural
models, especially in short-term prediction (Adebiyi et al.
2014; Tealab et al. 2017; Tylkowski & Hojan 2019). Akaike
Information Criterion (AIC) and The Bayesian Information
Criterion (BIC) are both penalized likelihood criteria. They
are sometimes used for choosing best predictor subsets
in regression and often used for comparing non-nested
models, which ordinary statistical tests cannot do (Reddy
et al. 2017). In developing ARIMA model, analysis of
autocorrelation function (ACF) need to be performed for
chosen ARIMA model. In validating the model, diagnostics
checking need to be developed (Alsharif et al. 2019; Bakar
& Rosbi 2017).

The ANN method has been widely used in forecasting
selected natural phenomena over the years (Abiodun et al.
2018). In coastal engineering, the ANN model is used to
evaluate the stability of shield units and rock breakers. As
a data-driven technique, the neural network can represent
non-horizontal and non-periodic complex relationships. It
is also suitable for high and low tide forecasts (Meena &
Agrawal 2015). Multi-layer Perceptron (MLP) is a popular
learning technique in ANN. It is basically a mathematical
model inspired by behaviour of the human brain and
nervous system. MLP is basically made up of three layers;
input layer, hidden layer, and output layer (Mohapatra et al.
2019; Olatunji et al. 2019).

This paper aims to determine the most critical station.
Next, generate tidal forecasting model using ARIMA and
ANN method. Finally, the most suitable model for tidal
forecasting is determined in this study. Artificial Neural
Network (ANN) model is better than model ARIMA model
in time series dataset (Garg et al. 2016; LOLA et al. 2018).
The results were obtained by comparing the root-mean-
square-error (RMSE) and mean-absolute error (MAE) for
ARIMA and ANN models respectively. Generally, the RMSE
and MAE are not strong explanatory by themselves, but they
can be used to provide a more accurate comparison between
the forecasting models. In general, the smaller the value, the



better the model (Dikshita & Singh 2019; Jahanshahi et al.
2019; Prahutama & Mustafid 2016; Srivastava et al. 2016).

STUDY AREA

CASE STUDY AND DATA PREPARATION
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FIGURE 1. Location of Case Study

The study area was conducted at the states of Perak and
Selangor. The study areas selected were station Bagan
Datuk, Port Klang and Permatang Sedepa. Bagan Datuk is
located south of Perak and is the most south western region
of Perak. The area borders the Perak River which separates
Manjung and Central Perak. Port Klang is a major port in
Malaysia. Originally known as Swettenham Harbor, it is the
largest and busiest port in Malaysia. Permatang Sedepa is an
offshore lighthouse in the Straits of Malacca.

TABLE 1. Data on Study Area

Station dlE:ttﬁ)n Coordinate Period

Bagan Datuk 2008-2017 1382;5\1 E 10 years
gzg:;;ang 2008-2017 13§§8NE 10 years
Port Klang 2008-2017 1310 2;?] E 10 years

Data is the most important element in this study. It is
the basis for the analysis and discussion of this study. For
this study, tidal daily history data were required. Therefore,
the daily data used in this study are from the Pusat Cerapan
Bumi, UKM and the National Institute of Hydraulic
Research (NAHRIM). Table 1 above shows the details of the
summarized station.
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METHODOLOGY

BOXPLOTS
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FIGURE 2. Example of Boxplots

Boxplots able to identify the values: minimum value, lower
quartile, median, upper quartile, maximum value. Lower
quartile (Q,) is the value such that 25% of the data lie at.
Median, which known as second quartile (Q,) is indicates as
midpoint. If the data set has an odd number of observations,
then the median is the middle observation (ranked data).
When number of data is even, median is the mean of the
two middle observations. For upper quartile (Q,) is the value
such that 75% of the data lie at. The interquartile range (IQR)
is the length of the box and envelops all of the data between
Q, and Q,. Interquartile Range (IQR) is little affected by the
presence of outliers and is a measure that is very useful for
comparing two data sets. Fences are the limits above and
below the box (generally not visualized) that are used to flag
possible fence is the lower limit computed as Q1 — 1.5 x
IQR (Kendrick et al. 1989; Praveen et al. 2018; Vignesh et
al. 2018).

Auto Regressive Integrated Moving Average (ARIMA)

The model ARIMA (p,d,q) X (P,D,Q), can be expressed as:

$,(BYA = B)Pdp(BYA — B*)?y, = 8 + 0(B)0,(B)e, (1)

Where:

4 is constant value.

Y: is the original values of time series.

& is random noise.

B is backshift operator, BY; =Y,_;

p is autoregressive model AR order

d is the differentiation order

q is moving average model MA order

P is autoregressive seasonal model SAR order
Q moving average seasonal model SMA order

There are several steps to ARIMA modeling. The first
step is the introduction section. Typically, the ARIMA model
has only three parameters (p, d, g) where p represents
the seasonal AR sequence, d for the seasonal differential
sequence, and q for the seasonal MA sequence. The number
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of terms used in the AR and MA models sections is not
arbitrarily selected. Box-Jenkins has proposed structural
methods to determine the best model to use. There are 5
stages to obtain ARIMA model (Fernandez et al. 2017):
Time series exploratory analysis

Model identification

Model Estimation

Model diagnostic examination

Forecasting

MRS

For the efficiency measurement of all approaches, three
performance statistics were used in this study to estimate
performance between observed and predicted tidal water
values, agreement index (d), Root-mean-square-error
(RMSE) and mean absolute error (MAE).

Y (xi—y)?

= 2
d=1 L1 (yi=—xl+x—x])? @
2
Root-mean-square-error (RMSE) can be expressed by:
RMSE = \/(1 - x_]z) 3)
Mean absolute error (MAE) can be defined by:
MAE="SL, |y —xl @)

n is the number of observations, x is the measured and y
is the predicted value (Collantes-duarte & Rivas-echeverria
2015; Srivastava et al. 2016).

Penalized-likelihood criteria:

Akaike information criteria (AIC) and Bayesian Information
Criteria (BIC) are penalized-likehood criteria. They are used
to select the best subset predictors in regression.

Equations for ARIMA non-seasonal models:

AIC = -21loglog (L) +2(p+q+k)

Where L is the maximum value of the probability function,
p is the arrangement of the autoregressive part and q is the
arrangement of the moving average parts. k represents the
ARIMA model shortcut.

Bayesian Information Criteria (BIC) is a model selection
criterion between a limited set of models. It is based on
probability function, and is closely related to Akaike
Information Criteria (AIC).

The BIC equation is:

BIC = AIC + (log log (T) —2)(p+q+ k)
The lower these criteria (AIC or BIC) for the model, the

better the model fits the data (Ongbali et al. 2018; Ray &
Bhattacharyya 2015).

Artificial Neural Network (ANN)

Input
layer

Output
layer

» Activator » 9

FIGURE 3. Simplified Figure of ANN



13

Forward Propagation

I ht_lt!t'll

RV

X Error

Real
value

< Back Propagation

FIGURE 4. Structural Forecasting Methods of Artificial Neural Networks (ANN)

A typical three-layered ANN with the input layer I, hidden
layer H, and output layer O. The most commonly used
transfer function in geoscience is the sigmoid function f (x)
described by equation (Yin et al. 2015):

f)=1+e™™ ©)

Whereas, the differentiation can be expressed by:

d

L - feon-rwi (©)

d

The error function in output neuron can defined as:

1
E= ;Zn (T;—4))* ™

Where, T dan A;are the target and output neuron respectively.
The gradient descent algorithm adjusts the weight according
to the gradient error:

0E
AW;; = Mow, ®)

Where 7 is the learning rate and general form of the % is
expressed as !

9E  _ on . gn-1
owg = O A ©

Substituting equation (9) to equation (8), the gradient error
becomes:

AW,; = —néft - A7 (10)

Where A} is the output value of the sub-layer associated
with the weighting (W;;). If neuron th is one of the output
neurons, then neuron is a hidden layer neuron with the
equation:

6 =T -1 -Y) (1

Finally, the weighting value can be expressed in equation:

Wi = Wt + AW = Wt 4 naf A7 (12)

The steps of Artificial Neural Network model are (Gao
et al. 2017; Mohanty & Mohanty 2015; Shamsuddin et al.
2008; Tealab et al. 2017):

1.  All weight, network threshold levels are randomly
distributed in small range.

2. The first dataset observation inserted in input layer,
each feature in one node.

3. Forward propagation: From left to right, neurons are
activated by each activation of neurons restricted by the
weight.

4. Compare output with real value to obtain error gradient.
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Back propagation: From right to left, error propagates

RESULTS AND DISCUSSION

again. Update the weight according to how much of the

€1ror.

MEDIAN AND MEAN ANALY SIS

f. Increase of iteration repeated steps a-e¢ until the
selected error criterion is satisfied
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FIGURE 5. Boxplots for Bagan Datuk Station from 2008-2017
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FIGURE 6. Boxplots for Port Klang Station from 2008-2017
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FIGURE 7. Boxplots for Permatang Sedepa Station from 2008-2017

Figure 5, 6 and 7 shown the historical tidal data (2008-2017)
obtained from the Department of Hydrography Malaysia for
Bagan Datuk Station, Port Klang station and Permatang
Sedepa station respectively with box plot analysis. In Figure
5, Bagan Datuk station has an abnormal maximum value
in 2012, which has a maximum value exceeding 3.5 m.
In Figure 6, Port Klang station have abnormal maximum
value in 2008 and 2009, which is the minimum value below
2.5m. This is because the data collection using an incorrect
technique or the value is affected by external issues.
However, for Figure 7, Permatang Sedepa station do not
has any abnormal value. This shown that the historical data
collected using the correct technique so that able to perform
higher accuracy. Overall, Figure 5, 6 and 7 shows that the
tide has experienced a consistent increase in the last 10
years.

From the box plot analysis in experiment, table below
shows a comparison of the box plot analysis for all three
stations from year 2008 to 2017. Through box plot, the most
critical stations are determined. In this analysis, the critical
stations will be given high attention so that management
and adaption of the coastline can be control well before tide
flooding or sea level rising.

TABLE 2. Comparison of Boxplots Analysis between All Three

Stations

. Pelabuhan Permatang
Station Bagan Datuk Klang Sedepa
Year 2008 2017 2008 2017 2008 2017
Min 1.80 1.80 235 230 270 270
First 250 245 400 405 360 3.65
Quartile
Median 270 270 445 450 4.00 4.05
Mean 2.64 2.64 4.39 4.44 3.95 4.00
Third
Quartile 285 285 480 485 435 440
Max 315 360 530 550 485 5.05

Based on Table 2 above, the maximum value of Bagan
Datuk Station has experienced the highest increase from
3.15 m to 3.6 m in the last 10 years. For Port Klang and
Permatang Sedepa stations, they also experienced an
increase in the tide with a value of 5.3 m increased to 5.5 m
for Port Klang Station and 4.85 m to 5.05 m for Permatang
Sedepa Station. The increasing difference for Station Bagan
Datuk indicates that the tide at this station is experiencing
a higher increment. Therefore, in this study, Bagan Datuk
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Station was identified as the most critical station because it Bagan Datuk Station experienced the most increase and is
experienced an increase of 0.45 m compared to Port Klang known as a critical station. More focus should be given to
station and Permatang Sedepa Station which experienced  this station.
an increase of 0.2 m only in 2008 to 2017. However, all
three the station is also experiencing an increase in tides.
Therefore, the focus of supervision in managing coastal
structures should be given to these three stations. However,

FORECASTING MODEL ANALYSIS

ARIMA MODEL
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FIGURE 8. ARIMA (3, 0, 1) model for Bagan Datuk station in 10 years
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FIGURE 9. ARIMA (2, 0, 3) model for Port Klang station in 10 years
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FIGURE 10. ARIMA (2, 0, 2) model for Permatang Sedepa station in 10 years

Figure 8, 9 and 10 show the ARIMA forecasting model for
Bagan Datuk, Port Klang and Sedepa Station in 10 years.
The square-rooted error (RMSE) and mean absolute error
(MAE) are shown in Table 3 below. In general, the value
of RMSE should always greater or equal to the MAE. The
higher value of RMSE and MAE will indicate more error.
The forecasting value (blue stripe) shown in Figures 8, 9 and
10 found to be straightening and approaching the median of
the model. This indicates that the forecasting method, model
ARIMA does not have good potential in this tidal forecasting.

In choosing the best forecasting model, the information
criteria of each model need to be compared. This is because
the lower the criteria for the model being investigated, the
better the model fits the data. Thus, value of AIC and BIC
is very important in ARIMA order selection. From figure 8,
9 and 10, ARIMA (3,0,1) model for Bagan Datuk station,
ARIMA (2,0,3) model for Port Klang station and ARIMA
(2,0,2) model for Permatang Sedepa station is selected. This
is because those order of ARIMA provided smallest AIC
and BIC values. The smallest AIC and BIC values will be
selected as the best forecasting model. The value of AIC and
BIC of those stations is compared at the table below:

Year

= Forecasting value |
L}

2027

TABLE 3. Value of AIC and BIC in three station
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Stations Order AIC value BIC value
(3,0,1) 341.83 361.22
Bagan Datuk (2,0,0) 346.27 359.19
(3,0,2) 342.54 365.15
(2,0,3) 343.18 365.80
Port Klang (2,0,0) 346.27 359.19
(3,0,1) 343.83 361.22
(2,0,2) 342.28 361.67
gzg:;;ang (3,0,2) 342.54 365.15
(2,0,0) 346.27 346.49

TABLE 4. Comparison of errors with ARIMA model

Station RMSE MAE

Bagan Datuk 0.0930 0.06399
Port Klang 0.10741 0.07759
Permatang Sedepa 0.15281 0.09283
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Table 4 shows the comparison of RMSE and MAE
values at the three stations with ARIMA forecasting model.
In ARIMA forecasting the results show that Bagan Datuk
Station has the smallest error, with RMSE and MAE values
zof 0.0930 and 0.06399 respectively only. Lower RMSE
values indicate lesser error between measured values
(historical data) and calculated (predictive values) for tidal

changes (Srivastava et al. 2016). Therefore, lower values
for RMSE and MAE will indicate better forecasting. In the
ARIMA forecasting model, Bagan Datuk Station has the
lowest error value therefore it is the station with the best
forecasting performance.

ARTIFICIAL NEURAL NETWORK (ANN) MODEL
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FIGURE 11. ANN model for Bagan Datuk Station in 10 years
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FIGURE 12. ANN model for Port Klang Station in 10 years
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FIGURE 13. ANN model for Permatang Sedepa Station in 10 years

Figure 11, 12 and 13 show the ANN forecasting model for
Bagan Datuk, Port Klang and Sedepa Station in 10 years.
The square-rooted error (RMSE) and mean absolute error
(MAE) are shown in Table 4 below. In general, the value
of RMSE should always greater or equal to the MAE. The
higher value of RMSE and MAE will indicate more error.
The forecast value (blue stripe) in Figure 8, 9 and 10 shows
a relatively normal trend compared to historical data. This
indicates that the forecasting method, model ANN has good
potential in this tidal forecasting.

TABLE 5. Comparison of errors with Artificial Neural Network

(ANN) model
Station RMSE MAE
Bagan Datuk 0.05642 0.04387
Port Klang 0.08242 0.06495
Permatang Sedepa 0.13318 0.08023

Table 5 shows the comparison of RMSE and MAE
values at the three stations with Artificial Neural Network
(ANN) forecasting model. In ANN forecasting the results
show that Bagan Datuk Station has the smallest error, with
RMSE and MAE values of 0.05642 and 0.04387 respectively
only. Lower RMSE values indicate lesser error between
measured values (historical data) and calculated (predictive
values) for tidal changes. Therefore, lower values for
RMSE and MAE will indicate better forecasting. In the ANN
forecasting model, Bagan Datuk Station has the lowest error
value therefore it is the station with the best forecasting
performance.

MOST SUITABLE FORECASTING MODEL

In comparison, Artificial Neural Network model has a
lower RMSE value and MAE value than the ARIMA model.
The value shown in table 6 indicate that model ANN have
RMSE values of 0.05642, 0.08242 and 0.13318 as well as
MAE values 0.04387, 0.06495 and 0.08023 at Bagan Datuk
Station, Port Klang and Permatang Sedepa respectively.

ANN model has lower value compared to ARIMA models,
with RMSE values 0.0928, 0.10741 and 0.15281 and MAE
values 0.06391, 0.07759 and 0.09283 at all three stations.

TABLE 6. Comparison of RMSE and MAE at All Three Stations

RMSE MAE
Stations
ANN ARIMA ANN ARIMA
Bagan Datuk  0.05642  0.0928  0.04387  0.06391
Port Klang 008242 010741  0.06495  0.07759
Permatang 0.13318  0.15281  0.08023  0.09283
Sedepa

The best forecasting stations is Bagan Datuk Station
with the lowest RMSE and MAE values (0.05642 and
0.04387). In Agrawal’s study, which is a study of rain
prediction, his study showed that the model of Artificial
Neural Network (ANN) forecasting has better performance
compared to ARIMA (Agrawal 2006). The results achieved
in this study are in corresponding with the Agrawal study.
Therefore, using the ANN approach along with coastal
structural strategies is very useful to save costs and time for
a forecasting time series.

From the study, we can find that the level of accuracy
of the ANN model prediction compared to the ARIMA model
is not very significant (Frausto-Solis et al. 2008). It can be
said that both models achieve good predictive performance,
based on the relatively low prediction errors of both
models (Yaseen et al. 2018). However, the performance of
the ANN model is better than the ARIMA model in terms
of forecasting accuracy by comparing errors between the
two models. In the ARIMA forecasting Figures, such as
Figures 8, 9 and 10, shown that the ARIMA model pattern
is approach to the median. Meanwhile, for the ANN model,
the forecasting model pattern in the Figure 11, 12 and 13 has
shown a normal pattern with historical patterns. Therefore,
this study is corresponding with other studies, which is the
ANN model is better than the ARIMA model in time series
forecasting (Adebiyi et al. 2014; Ibrahim et al. 2009).
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CONCLUSION

Tidal forecasting has been analysed. The present analysis
uses 10 years observations as inputs. The ARIMA forecasting
method and the ANN are both good methods of forecasting
(Dai & Chen 2019). Through the best forecasting station,
Bagan Datuk station, this study able to determine that the
forecasting model performs better than ARIMA in tidal
forecasting. This result can be ascertained by comparing
error: Root mean square error and mean absolute error. In this
study, the ANN model obtained a value of 0.05642, compared
to the value obtained from the ARIMA Model, 0.0928 for
error RMSE. As well as error MAE with a value of 0.04387
(ANN) compared to 0.06391 (ARIMA). The forecasting of
the ARIMA model is actually not so suitable for long-term
forecasting. This is because the amplitude of the ARIMA
forecasting model will become weaker over the long term
and finally forecast back to the median (Emamzadeh et al.
2016; Munandar 2019). This study reveals that ANN model
can be used as an appropriate forecasting tool for tidal
prediction. ARIMA model, is not as good as Artificial Neural
Network (ANN) model in tidal prediction. In this study, the
present of error of model Artificial Neural Network (ANN)
and ARIMA indicate that better model should be discover for
better accuracy. Therefore, future study should be focused on
obtaining good forecasting values. More attention should be
paid to predicting long-term value based on short historical
data. Future studies could also explore the potential of linear
and non-linear hybrid models in dynamic time series data
prediction.
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