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Abstract—Coastal flood is one of the most frequent disasters 

in coastal cities in Indonesia. Semarang the largest city in Central 

Java is one of the cities most affected by rising sea levels. The low 

land surface along the coast and decreasing every year 

accompanied by rising sea levels makes the city prone to tidal 

flooding. To predict the sea level rise, which is the main cause, 

this study offers data analysis using the Auto-Regressive 

Integrated Moving Average (ARIMA) method. The ARIMA 

model is divided into 3 elements, namely: Auto-Regressive (AR) 

model, the Moving Average (MA), and the Integrated (I) model. 

These three elements can be modified to form a new model in 

general form, it will be ARIMA (p, d, q) and this study found that 

model (1,1,1) is more suitable. The results of this study produce 

predictions that are quite accurate than can provide accurate 

data and information for stakeholders to prepare for disaster 

management and mitigation in affected areas. Besides, it can be 

used as a reference for making prevention for the short and 

medium-term in areas prone to coastal flooding. 

Keywords—ARIMA, prediction, time series, coastal flood, sea 

levels 

I. INTRODUCTION 

Flood is one of the most dangerous natural disasters with a 
widespread distribution in developed cities and cities with high 
population density throughout the region globally [1]. Global 
warming and climate change are causing more frequent and 
intense flooding in various regions around the world [2]. IPCC 
(Intergovernmental Panel on Climate Change) research found 
that there is clear evidence that climate change can be felt by 
increasing earth's surface temperature, melting polar ice caps, 
and rising sea levels. The IPCC also predicts that in the next 
two decades the earth's surface temperature will increase by 
about 0.2° C per decade which will trigger melting of ice on the 
earth's surface [3]. 

Semarang has experienced different natural disasters 
several times, but is relatively safe from earthquakes because it 
is far from friction between the earth's crust and volcanoes [4]. 
Disasters that often occur are landslides and floods, both tidal 
floods and floods due to river overflows Tidal flooding is 
caused by rising sea levels and land subsidence [5]. Land 
subsidence is mostly caused by neglect of environmental 
assessments or environmental assessments in policies, 
planning, and programs such as failed city planning and 
excessive groundwater extraction so that flooding is a major 
problem in Semarang City [4]. 

Flood prediction has long been used both to reduce the 
impact of flooding and as an early warning. Prediction is 
carried out by various methods such as using machine learning 
techniques [2], multiple regression for decision makers [6] for 
prediction, even using radar satellites for Geographic 
Information System (GIS) modeling in estimating potential 
flooding in future [7]. Tidal flood is a unique type of flood 
because it is a type of flood that has a fixed factor, namely 
rising sea levels which can be caused by various things. 
Therefore, the optimal prediction is needed to be able to handle 
this problem [8]. 

Tide predictions for sea level can be useful for knowing the 
potential for tidal flooding in the future so that stakeholders can 
prepare themselves for disaster management such as disaster 
mitigation, regional planning, and anticipation of tidal flooding 
to minimize casualties and both material and non-material 
losses. From existing historical data, it can be used as a 
reference for prediction calculations using various models and 
methods to produce fairly accurate predictions. One model that 
is suitable for analyzing time series data is ARIMA 
(Autoregressive Integrated Moving Average). The data 
modeling can be accurately used for short-term predictions so 
that it can be used as an early warning model with an 
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appropriate information system. An accurate prediction of the 
tide of sea level will be very useful for mitigating the potential 
for tidal flooding in coastal areas where the land surface is 
lower than sea level. 

ARIMA modeling has often been used for various 
predictions such as prediction of Seer and Mullet fish catch 
based on data from previous annual catches. With data-
deficient fisheries situations, this method can support the 
evaluation of potential fisheries production for decision-
making and management [9]. Meanwhile, ARIMA modeling is 
also used to monitor rice price movements so that rice trading 
can be supervised and controlled [10]. ARIMA is also applied 
in predicting energy consumption and greenhouse gas (GHG) 
emissions to determine trends in energy use and their effects on 
the environment [11]. 

II. AUTOREGRESSIVE INTEGRATED MOVING AVERAGE 

(ARIMA) 

Autoregressive Integrated Moving Average (ARIMA) or 
also known as the Box-Jenkins time series is a derivative of the 
time series algorithm which completely ignores the 
independence of variables in forecasting [12]. ARIMA uses the 
past and present values of the dependent variable to produce 
accurate short-term predictions, but for long-term predictions 
the accuracy of the prediction is not good. The purpose of 
ARIMA is to determine a good statistical relationship between 
the predicted variables and the historical value of these 
variables so that predictions can be made with this model [11]. 

ARIMA is a combination statistical method and the 
development of the time series method. This method is quite 
effective for making predictions using time series variables as 
the main analysis data such as natural disaster data, stocks, 
food prices, sales, and demand data. In the short-medium term 
prediction, the accuracy of the prediction results using ARIMA 
is one that is quite accurate but for long-term accuracy the 
predictions will tend to be flat and inaccurate [9]. 

ARIMA model is divided into 3 elements, namely: 
autoregressive model (AR), moving average (MA), and 
Integrated (I). these three elements can be modified to form a 
new model. for example, the autoregressive model and moving 
average (ARMA). however, if you want to make it in its 
general form, it will be ARIMA (p, d, q). p represents the order 
AR, d represents the order I and q represents the order MA 
[13]. 

A. Autoregressive (AR) 

The general form of the autoregressive model with the 
order p (AR (p)) or the ARIMA model (P, 0,0) is stated as 
follows: 

 

 (1) 
which:    

  : Constant 

 : autoregressive parameters to-p  

  : Error value t 

The meaning of autoregressive is that the x value is 
influenced by the x value of the previous period to the p-
period. So, what matters here is the variable itself. 

B. Integrated (I) 

The general form of the integrated model with the order d (I 
(d)) or the ARIMA model (0, d, 0), integrated here is to express 
the difference from the data. it means that in making ARIMA 
models the mandatory requirements that must be met are 
stationary data. if the data is stationary at the level, then the 
order is equal to 0, but if it is stationary at the first difference 
then the order is 1, and so on. 

C. Moving Average (MA) 

The general form of the moving average model with the 
order q (MA (q)) or the ARIMA model (0.0, q) is stated as 
follows: 

  

 (2) 
which: 

  : Constant 

 until  are moving average parameter 

  : Error value t-k  

The purpose of the moving average is that the value of the x 
variable is affected by the error of the x variable. 

Apart from the elements forming the third ARIMA above, 
this method is also divided into two models, namely, ARIMA 
model without seasonality and seasonal ARIMA model. 
ARIMA model without seasonality is not affected by season 
time factor. The general form of ARIMA (p, d, q) can be 
expressed in the following equation:  

    (3) 

or 

   (4) 

Meanwhile, seasonal ARIMA is an ARIMA model which is 
influenced by the time of season factor. this model is usually 
called the Season ARIMA (SARIMA). The general form is 
expressed in the following equation: 

  (5) 

III. DATA ANALYSIS  

Sea level prediction is a complex one and requires a lot of 
data in the process. In this research, the data used in this study 
are sea level data which is the premiere data and the data on the 
height of the sub-districts in Semarang City which are in direct 
contact with the coastline. The data is in the form of the 
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average sea level taken over a period of seven years from 2013 
to 2019 with a total of 84 data. The data is taken from the 
intergovernmental Oceanographic Commission (IOC) database 
of the tidal wave measuring sensor located at the Port of 
Tanjung Mas Semarang. 

After the data is collected, it is analyzed whether the data 
can be used for the prediction process using ARIMA remote by 
normalizing the data. The requirement for data to be used with 
the time series method is to check whether the data is stationary 
or not. There are several ways to do this, among others, with 
differencing. The data analysis process uses Minitab19 
software because the program has easy-to-use navigation and 
can analyze data with various statistical analyzes and data 
management well. 

In prediction using the ARIMA model, there are four stages 
that must be passed, namely, (1) Identification (2) Estimation 
(3) Diagnostic Check (4) Forecasting.  

A. Identification 

The process of checking the data is whether the data is 
stationary or not stationary, the first step is to change the data 
table into a diagram as in Figure. 1, the time series plot for data 
for the period 2013 - 2019 shows that the data is not stationary, 
shown by graphical data that is not consistent and random. 

 
Fig. 1. Time series plot sea level data. 

To make non-stationary data into stationary data, 
differencing is carried out. The process is carried out using the 
backward shift operator B, with the following equation. 

     (6) 

The B notation attached to  has the effect of sliding data 

back one period. If the plot results show the data is still not 
stationary, the differencing process is repeated until the plot 
results show stationary. Next, look for stationary data with 
respect to the range and average with the Autocorrelation 
Function (ACF) and Partial Autocorrelation Function (PACF) 
with the following equation.  

ACF value in the lag-k function. 

    (7) 

PACF value in the lag-k function. 

  (8) 

Fig. 2. ACF and PACF diagram after differencing data. 

In figure 2 the data is stationary with the mean and variance 
because there is no lag out of the confident interval (red lines). 
After obtaining the ACF and PACF plots, no more lags come 
out, then the next step is to analyze the model. An ARIMA 
model cannot contain i so then it can fill the order p and q with 
a value of 1, then the tentative models obtained are models 
(1,1,0), (0,1,1) and (1,1,1) of three tentative models above can 
then be tested to find the best model that can be used. The best 

model is a model with high significance and has the smallest 
Mean Square Error (MSE) value. 

B. Estimation and Diagnostic Check 

From the results of the calculation of the three ARIMA 
models (1,1,0), (0,1,1) and (1,1,1) it can be made in the 
comparison table which can be seen in Table.1 seen from the p 
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value will show a significant number if the P-Value <Alpha 5% 
(0.05). 

TABLE I.  COMPARISON MODEL 

Model Parameter P-Value Description MSE 

AR (1) (1,1,0) 0.951 Insignificant 0.0116510 

MA (1) (0,1,1) 0.900 Insignificant 0.0116504 

ARIMA (1,1,1) 
AR 1 0.000 Significant 

0.0102542 
MA 1 0.000 Significant 

Seen in Table 1, it can be concluded that the ARIMA model 
(1,1,1) is the most appropriate model to use because it sees the 
p value which shows the number 0 which indicates a high 
significant value, while the two models show a number that is 
not significant to the alpha value. In addition, the Mean Square 
Error (MSE) value of the ARIMA model (1,1,1) shows the 
lowest value of the three models above. So, it can be concluded 
that this model is the most appropriate model for calculating 
sea level prediction. 

C. Forecast Model 

From the results of data analysis, the ARIMA model (1,1,1) 
is the most appropriate model to use for prediction of sea level. 
Experimental data calculations using sea level data from 2013-
2019 show that the prediction accuracy reaches more than 98% 
for the prediction of the first period, while the prediction for the 
next period has decreased the percentage of accuracy as can be 
seen in Table 2 and Table 3 regarding the results of predictions 
and comparisons with real data. 

TABLE II.  COMPARISON OF PREDICTION RESULTS WITH REAL DATA 

FOR 2017 

No Forecast Real Period Change 
Error 

% 

Accuracy 

% 

1 1.2336 1.220 1/1/2017 0.0136 1.1 98.9 

2 1.2489 1.174 2/1/2017 0.0749 6.4 93.6 

3 1.2649 1.162 3/1/2017 0.1029 8.9 91.1 

4 1.2817 1.159 4/1/2017 0.1227 10.6 89.4 

5 1.2993 1.237 5/1/2017 0.0623 5.0 95.0 

6 1.3177 1.280 6/1/2017 0.0377 2.9 97.1 

TABLE III.  COMPARISON OF PREDICTION RESULTS WITH REAL DATA 

FOR 2019 

No Forecast Real Period Change Error % 
Accuracy 

% 

1 1.1054 1.138 1/1/2019 0.0326 2.9 97.1 

2 1.071 1.248 2/1/2019 0.177 14.2 85.8 

3 1.0378 1.573 3/1/2019 0.5352 34.0 66.0 

4 1.0057 1.231 4/1/2019 0.2253 18.3 81.7 

5 0.9747 1.152 5/1/2019 0.1773 15.4 84.6 

6 0.9448 1.142 6/1/2019 0.1972 17.3 82.7 

 
Fig. 3. Comparison between prediction and real data. 

From the prediction experiment using data from 2013-2016 
to predict the 2017 monthly average height and the results can 
be seen in Table 2 and Figure 3, it can be concluded that the 
prediction results show good accuracy although not evenly 
distributed in each period. The best accuracy results are 
achieved in the first period with an accuracy of up to 98.9% 
with an error of 1.1%. Meanwhile, in the second experiment for 
predicting 2019 using data from 2013-2018, the highest 
accuracy value reached 97.1% in the first period and decreased 
in the next period. The worst accuracy occurs in a period where 
the accuracy only reaches 66% with an error of 34% from the 
analysis that the poor prediction results are due to the lack of 
supporting data variables in the prediction process. 

IV. CONCLUSION 

Sea level prediction is a complex prediction, many factors 
cause sea level tides such as global warming, extreme weather, 
the revolution of the moon to the earth. In this case study 
studied only uses single data variable and single mathematic 
method, namely the monthly average altitude data so that some 
cases in certain periods experience bad accuracy values, but in 
general the results of these predictions can help stakeholders in 
make policies on coastal area zoning and tidal flood mitigation. 
To produce the maximum accuracy value, even to predict 
future tidal flooding, further and complex research is needed, 
such as research on land subsidence, weather prediction and 
global warming. 
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