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Abstract

Rainfall has the highest correlation with adverse natural disasters. One of them, rainfall can cause damage to the hot mud
embankments in Sidoarjo, East Java, Indonesia. Therelbre,@-lis study, rainfall prediction is carried out to anticipate the damage
to the embankments. The rainfall prediction was carried out using Long Short-Term Memory (LSTM) based on rainfall parameters:
El-Nino and Indian Ocean Dipole (I0D). Experiments were carried out with two schemes: the first scheme used the E-Nino and
10D parameters, while the second scheme used rainfall time series pattern. Each scheme used varied number of hidden layers,
batch size, and learn drop period. The prediction results using EI-Nino and 10D parameters obtained MAAPE values of 0.9644
with hidden layer, batch size and learn rate drop period values of 100, 64, and 50. The prediction results using rainfall parameters
resulted in a more accurate prediction with a MAAPE value of 0.5810. The best prediction results were obtained with the number
of en layers, batch size and learn rate drop period of 100, 32, and 150 respectively.
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1. Background
3

Rainfall in Indonesia has very high variability '. This rainfall variability is influenced byg Nino and Indian Ocean
Dipole (I0D) symptoms *. El Nino symptom causes a reduction in the number offflouds formed resulting in a longer
dry season in Indonesia. 10D is a phenomenon in which there is an  interaction betw{Ein the sea and the atmosphere
around the equator in the Indian Ocean. This interaction results in a drastic decline in sea surface temperature around
the south coast of Java and the west coast of Sumatra *. During the dry season, rainfall has a strong correlation with
sea surface temperature. Meanwhile,during@@lj rainy season,rainfall does not correlate with sea surface temperature *.

Rainfall is highly influential in various sectors, such as agriculture, development, water resources, industry, and
others *. Rainfall has the highest cdffllation with adverse natural disasters °. One of them is mud puddle disaster that
has occurred since September 2006 in Sidoarjo, about 30 km south of Surabaya, East Java, Indonesia. The mud puddles
can extend to surrounding areas. The expansion of the mud puddle area is prevented by the construction of hot mud
embankments; however the embankments are only made of soil and unstable gravel. Gravel instability can cause
damage to the embankments. Other factors that can cause damage to the embankments include soil displacement and
high rainfall . Therefore, prediction of rainfall is very important to do in order to anticipate damage to the
embankments which can cause the expansion of the Lapindo mud puddle. Rainfall prediction{§ been conducted by
previous researchers. Rainfall prediction by Binh Thai Pham in Hoa Binh Province 1s based on maximum temperature,
minimum temperature, wind speed, relative humidity, and sofg}-adiation as parameters by comparing several methods
of artificial intelligence. The methods are Adaptive Neural Fuzzy Inference System optimized with Particle Swarm
Optimization (PSOANFIS), Artificial Neural Network (ANN), and Support Vector Machme (SVM) with Mean
Absolute Error (MAE) values in cmt:thod 3.281, 3.209, and 2.728 7. The prediction methods that have been done
by previous researchers are one of machine learning methods.

Deep learning is a part of machine learning that has several layers of computation allowing an algoriff# to learn
the representation of a data *. Deep learning significantly improves the quality of various computational]icatious
such as pattern recognition, speech recognition, and object detection °. One of deep learning methods is Long Short-
Term Memory (LSTM) '°.

Long Short-Term Memory (LSTM) algorithm has been used by previous researchers. LSTM algorithm is used by
Zheng et al. to estimate electricityfpad based on electricity consumption data and it has a better result than statistical
methods such as SARIMA with Root Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE)
equals to 0.0702 and 0.0535 '!. LSTM method is also used by Beibei Yang to predict landslide displacement by
comparing the LSTM and SVM methods. The LSTM algorithm is better than SVM because LSTM algorithm can
make connections in every state at different times, whereas the SVM algorithm only recognizes patterns at a one-time
point, so the LSTM method is more suitable in time series data than SVM method ' LSTM method by Xiangyun Qun
to predict the duration of daily solar radiation using weather predictions shows better results on accuracy as much as
18.34% than the backpropagation method '*. The research is carried out by Aswin S in predicting global average
rainfall for 10368 geographical locations worldwide for 468 days by @iparing two deep learning algorithms, LSTM
and Convolutional Neural Network (ConvNet) based on the value of Mean Absolute Percentage Error (MAPE). The
results indicate that the LSTM algorithm is better than the ConvNet algorithm, with MAPE values 1.6897 and 1.7281.
The parameter used in this study was the average rainfall in one month at each different location '

Based on the superiority of the LSTM algorithm in predicting time series patterns and the importance of rainfall
prediction, the research on the prediction of rainfall in Sidoarjo, East Java using the LSTM algorithm is carried out.
Mitigation of a disaster caused by high rainfall is required, considering that in Sidoarjo there is a mud embankment
which 1s prone to landslides. This research 1s expected to be used as a reference for the community and government to
anticipate the damage to the mud embankments due to the high rainfall in Sidoarjo, East Java.

2. Methodology

2.1 Research Parameter

Rainfall prediction requires data as parameters and target variable. This research uses two parameters, namely El
Nino Index 3.4 and Indian Ocean Dipole (I0D) weekly data from 29 December 2014 to 4 August 2019 collected from
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the Bureau of Meteorology (BOM). Bhrget variable is daily rainfall data collected from Class I Meteorological Station
Juanda Surabaya. Data samples are shown in Table 1.
Table 1 Sample data parameter dan variabel target

Index El-Nino 3.4 Indian Ocean Dipole (10D) Curah Hujan Harian
0.5 -0.46 0
0.37 -0.34 BESE
0.49 -0.34
0.5 -0.34 62,3
0.39 0.73 91,9

Indian Ocean Dipole (IOD) and El-Nino are phenomena in the Indo Pacific Ocean that play an imfErtant role in
the rainfall variability in Indonesia. IOD is a phenomenon in which there is an abnormal increase of sea $EJface
temperature in the Indian Ocean south of India. This phenomenon is accompanied by an abnormal decline of sea
surface temperature in Indonesian waters. EI-Nino is a phenomenon in which there are changes of atmospheric
pressure differences in the tropical regions of the Eastern Pacific Ocean (Mareta, Hidayat, Hidayati, & Alsepan,
2019). Rainfall is the amount of rain that falls in an area in a certain period. Rainfall is measured in millimeters from
a flat surface which is not a catchment area and where evaporation or drainage does not occur . According to the
Meteorology, Climatology and Geophysics Agency (BMKG), rainfall in Indonesia is divided into 4 criteria as shown
in Table 2

Table 2 Rainfall category

Category ? Notes
Light rain - 5mm/ houror 5 - 20 mm / day
Moderate rain 5 - 10mm / hour or 20 - 50 mm / day
Heavy rain 10 -20 mm / hour or 50 - 100 mm / day
Extreme heavy rain = 20 mm / hour or= 100 mm / day

2.2 Analytical Steps
The.steps to predict rainfall using the LSTM algorithm are as follows:
2.2.1 Long Short-Term Memory (LSTM)

Recurrent Neural Network (RNN) is a part of Deep Learning containing dfecurring connection in each unit of
the hidden layer which is interconnected ine different time '2. RNN consists of hidden state h with optional oufut
y and repeats as much as x = (x;, ..., x;). Hidden state h, in the RNN algorithm is updated every step ¢ '. The
formula used to update the hidden stateh,,, is shown in Eq. (3) s

hgy = f(he—q,X¢) (1)
ere f is non-linear activation function.

Long Short-Term Memory (LSTM) is a modification of the RNN methdfl) The LSTM architecture aims to redfle
the long-term dependency on the RNN algorithm by using memory cells to maintain the state for a long time '". The
basic unit of Long Short-Term Memory is called a memory cell where each cell has a linear unit with a weight constant

1% According to ' the steps of forming LSTM model are shown in Eq. (2) — Eq. (8).
fr = o(Wr. [hee1,x¢] + bf) (2)

Where f, isa forget gate, o ini gmoid function, x, is input value in ¢ order, Wy is the weight of forget gate, by
1s bias value on forget gate, and h, 1s output value in 7 order. The output of the ¢ model is obtained from the output of
the previous model or t-1 model 7-7. Sigmoid function is defined by Eq. (3)

e¥ —e™*
a (X) S e Fox {3}
e e

The model then determines which information will be stored. This process consists of two layers, the input gate
layer and the sigmoid layer. Each layer serves to identify which values will be updated and form a vector containing
the possibilities of new values. The merging of these two processes creates a new input value.
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ir = oW [he—y, x] + b;) (4)

C = tanh(W_..[hs_q, %] + b.) (5)

Ce= Ce*Crq+ic*C (6)
The output value is the selected valuw the sigmoid gate.

0r = o (W,.[he—1,x¢] + by) (7)

h; = o, * tanh (C;) : (8)

Where tanh is used to scale values in the range -1 to 1. W, is a weight of input gate, b; bias value on input gate,

C, is a new value that can be ad@}l to the cell state, C, is the cell state, b, bias value on cell state, and o, is the output
gate. The generated output of the model is the selected output based on the cell state model. The architecture of
the LSTM algorithm is shown in Figure 1

A difaktT | A
—» — i
| |
() ® &
Figure 1 Architechture of LSTM [10]

Mean Arctangent Absolute PercentageflBfor (MAAPE) is an equation to calculate the error value of predicted
results. This function is more superior than the Mean Absolute Percentage Error (MAPE) to calculate error values.
MAAPE allows target variable with zero values and a limited range of values so that the network training process is
easier ", MAAPE calculations are formulated by Eq. (9)

N
1 . — f
MAAPE = — Zarctan (|y‘—f‘|) 9)
N ¢ Vi

=1

Where y, is the original data, f_is the predicted data, and N is the number of predicted data. The range of
MAAPE value is 0 to 7 / 2. Smaller MAAPE value indicates a more accurate prediction model ',

3. Result and Discussions

In this research, 240 weekly data from 29 December 2014 to 4 August 2019 were used. El Nino Index Data 3.4
and Indian Ocean Dipole were used as parameters to predict rainfall. The rainfall data collected from BMKG Juanda
had some missing values. filling missing data can be carried out using interpolation method **. Daily rainfall data need
to be accumulated into weekly data to obtain data in the same weeffls EI-Nino Index 3.4 and IOD data. Each parameter

is normalized by Z-score normalization 2. Normalization results for each parameter are shown in Table 3.
Table 3 Sample of normalized data

Index El-Nino Indian Qcean Dipole (10D) Rainfall
-0.0078 -0.9754 0.4612
-0.1656 -0.7017 0.3731
-0.0200 -0.7017 0.4480
-0.0078 -0.7017 2.0269
-0.1413 -1.5912 1.6307

LSTM networks are trained by input data and target variable. In this research, two trials were conducted to make
the patterns of the input data and target variable. The first trial of input data was sequential vector Indexes of the El-
Nino (E) and 10D (I), while the target variable was taken from rainfall data (C). The input data and the target variable
of the first trial were treated as shown in Table 4.
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The second trial predicts rainfall at one time based on sequential data of the previous rainfall. The target data
from the second trial is rainfall in the sequence after the input data. The second triffnly used time-series data of
rainfall. The input and target variable in the trial with rainfall parameter were treated as shown in Table 4.

Table 4 Input data pattern with El-Nino and 10D paramaeters

@araser E Dataset 1 Sequenriamcmr Target

Ey, E;, Es @, Es L, Iy, I3, 1y, I Ey, Ep, E5, By, Es, Iy, 5, 13, 1y, I Cs

Ey B3, Ey, Es, Eg Iy, 15, 1y, 15, 1g By B3, By, Es, Bg, 13, 15,14, I, I Gy
B350 236 Baaz, Eaanr Eoao | loasi hae 23z, Iozer loo | Eaas, Eazer Eaaze Ezzpr Baao, bas, Boser 13z, oasr laza | Caag

Table 5 Input data pattern with rainfall parameter

araser C Target
Ci.Cy, G5, Cy, G5 Ce
C,,C3,Cy,Cs, Cy Cy
Cya5 Ca36, Ca37) Coam Coao Cosn

LEPM has several parameters affecting prediction results such as a hidden layer, batch size and learn rate drop
period. The hidden layer 1s the number of calculations in the training process conducted, batch size is used to set how
often the weight on the network will be updated, and the learn rate drop period is the number of repetitions to determine
learning rate. The architecture of LSTMorithm in this research is shown in Figure 2, where that E i!ENino data,
l1s 10D data, x, is treated nput data, i, 1s the mput gate, C, is the cell state, o, is the ourput gate, M 1s the number of
hidden layers, and y, is the target variable.

et

X
Output Gate
= M
I 0|
L = = | s
]
S T
] Output
z P
I
Pod NE
Bl | Input Gate |[u

Figure 2 Architecture of LSTM for rainfall prediction

The division of data also influences the prediction results. The data division in the trial conducted with input data
pattern using E1-Nino and IOD parameters and rainfall parameter shows that the 60% training data achieved the
smallest MAAPE value in each input data pattern. The 60% training data was also experimented w{f} hidden layer
variations, batch size, and learn rate drop periods to obtain the best prediction results. The MAAPE values for each
expeffilnt are shown in Table 6 and Table 7.

Based on Table 6, it can be seen that the average MAAPE value on each hidden layer 1s not much different. The
lowest average MAAPE value 1s 0.9681, with 300 hidden layers. The lowest MAAPE value with 300 hidden layers is
0.9720, with 256 batch size value, and 50 learn rate drop period, while the highest MAAPE value with 300 hidden
layers, 32 batch size, and 50 learn rate drop period 1s 0.9990. The highest average MAAPE value with 200 hidden
layers 1s 0.9923. The lowest MAAPE value with 200 hidden layers, 256 batch size value and 50 learn rate drop period
15 0.9677, while the highest MAAPE value with 200 hidden layers, 32 batch size value and 50 learn rate drop period
1s 1.0259. For 100 hidden layers, the lowest MAAPE value is 0.9644 with 64 batch size and 50 learn rate drop period,
while the highest MAAPE value is 1.0288 with 128 batch size and 150 learn rate drop periods. Overall, the lowest
MAAgE value is 0.9644. The results of rainfall prediction with the lowest MAAPE value are visualized in Figure 3
(a). Qi

Based on Table 7, it can be seen that the more the hidden layers, the lower the MAAPE value, and the lower the
batch size value, the lower the MAAPE value. On the other hand, the higher learn rate drop period value, the lower
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the MAAPE value. Each hidden layer has an average MAAPE value which is not much different. The lowest average
MAAPE value 15 0.6218, with 300 hidden layers. The lowest MAAPE value with 300 hidden layers, 32 batch size,
and 150 learn rate drop period is 0.5810, while the highest MAAPE value with 300 hidden layers, 256 batch size, and
50 learn rate drop period is 0.6529. The highest average of MAAPE value is 0.6218, with 100 hidden layers. The
smallest MAAPE value with 100 hidden layers, 32 batch size, and 150 learn rate drop period is 0.5940, while the
highest MAAPE value with 100 hidden layers, 256 batch size, and 50 learn rate drop period is 0.6884. The average
MAAPE value with 200 hidden layers is 0.6253. The lowest MAAPE value with 200 hidden layers, 32 batch size, and
150 learn rate drop period is 0.5850, while the highest MA APE value with 100 hidden layers, 256 batch size, and 50
learn rate drop period is 0.6541. Overall the smallest MAAPE value 1s 0.5810. The results of rainfall prediction with
the lowest MAAPE value are visualized in Figure 3 (b).

Table 6 MAAPE value using EI-Nino and 10D parameters

Hidden Layers Baich Size Learn R? te Drop MAAPE Average
Period

50 0.9680
256 100 0.9847
150 0.9851
50 09707
128 100 0.5577
150 1.0288

100 =0 09644 0.9889
64 100 09825
150 0.9974
50 09715
32 100 1.0047
150 1.0116
50 0.9677
256 100 0.9862
150 0.9982
50 0.9329
128 100 09871
150 0.9926

200 50 0.9796 08923
64 100 0.95970
150 1.0012
50 0.9903
32 100 0.55959
150 1.0259
50 09720
256 100 0.5928
150 09744
50 0.9760
128 100 0.9877
150 0.9958

300 0 0.9920 0.9681
64 100 0.9958
150 0.9739
50 0.9990
32 100 0.9961
150 09782

The graph in Figure 3 (a) shows the results of testing data prediction from October 16, 2017 to August 4, 2019,
The results of prediction using the pafn of input data with EI-Nino and IOD parameters are the predicted data has a
similar pattern to the actual data, but the difference between the actual data and the predicted data 1s quite significant.
Prediction results indicate the occurrence of high rainfall on October 16, 2017 to October 8, 2018 with an average
rainfall of 58.4798 mm. Rainfall increased again from February 10, 2019 to May 12, 2019 with an average rainfall of
82.0113 mm. The increase of the rainfall prediction is similar to the increase of the rainfall in the actual data. The
rainfall of the real data increased from October 16, 2017 to July 16, 2018 with an average rainfall of 69.4271 mm.
The rainfall rose again on November 20, 2018 to April 28, 2019 with an average rainfall of 102,2023 mm.




Dina Zarusiva Hag et al. / Procedia Computer Science 179 (2021) 820-837 835

42

The graph in F.igurc 3 (b) shows the prediction results using rainfall parameters. It has a very similar pattern to
the actual data, so the predicted results are assumed to be good and are the best result of all experiments conducted
with the calculation of the MAAPE value of 0.5810. Prediction results indicate the occurrence of high rainfall from
October 16, 2017, to July 16, 2018, with an average rainfall of 69.5658 mm. The rainfall increased agailmml
November 20, 2018, to April 28, 2019, with an average rainfall of 102.1778 mm. The increase in rainfall of the
prediction results is similar to the rainfall of the actual data. The rainfall of the actual data increased from October
16, 2017 to July 16, 2018, with an average rainfall of 69.4271 mm. The rainfall increased again from November 20,
2018, to April 28, 2019, with an average rainfall of 102,2023 mm. Based on the two graphs in Figure 3, it is shown
that the best prediction results are performed using a data input pattern with rainfall parameters where the LSEN
algorithm is trained only using rainfall parameter. The MAAPE value of 0.9644 on the prediction results using the El-
NinoE}d 10D parameters shows that EI-Nino and 10D are not strong enough to predict rainfall in Sidoarjo area, East
E}va. El-Nino and 10D have a strong influence on rainfall patterns in areas close to the Indian Ocean The area covered
by the El-Nino and 10D phenomena in Indonesia is an area that has an equatorial rain type. Areas that are equatorial
rain types, like Sumatra, Kalimantan, Papua and Sulawesi, which is crossed by the equator, whereas Sidoarjo has
monsoon rain type. In addition, EI-Nino phenomenon does not occur every year, but this phenomenon will appear
every three or seven years. The EI-Nino pEZlomenon is also influenced by the east and west monsoon winds *. Rainfall
can be predicted based on other factors such as temperature, relative humidity, and wind speed ' and also can be
predicted using image data based on the Himawari-8 IR satellite 4.

Table 7 MAAPE values using rainfall parameter

Hidden Layers Batch Size Learn R?m o MAAPE Average
1 Period

50 0.6884
256 100 0.6416
150 0.6256
50 0.6631
128 100 0.6489
150 0.6177

100 0 0:6490 0.6299
64 100 0.6032
150 0.6013
50 0.6327
32 100 0.5940
150 0.5940
50 0.6541
256 100 0.6427
150 0.6225
50 0.6566
128 100 0.6530
150 0.6195

200 50 0.6377 0-6253
64 100 0.6155
150 0.6007
50 0.6295
32 100 0.5876
150 0.5850
50 0.6529
256 100 0.6389
150 0.6250
50 0.6522
128 100 0.6403
150 0.6153

300 o 0.6444 0.6218
64 100 0.6048
150 0.5808
50 0.6220
32 100 0.5950
150 0.5810
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Figure 3 (a) Prediction result using EI-Nino and 10D parameters, (b) Prediction result using rainfall parameter

onclusions

The LSTM algorithm was applied to predict the rainfall in Sidoarjo, East Java. The Rainfall prediction used

El-Nino and 10D parameters using five weekly EI-Nino and 10D data to predict the rainfall data for the 6th week.
The prediction using rainfall parameters was obtained from 5 weeks to predict the rainfall data for the 6th week. By
using several LSTM algorithm parameters in the experiments such as hidden layer, batch size, and learn rate drop
period, it is shown that the results of the prediction using the rainfall parameter was more accurate than using El-Nino
and 10D parameters. The lowest MAAPE value obtained from the experiment conducted on the second data input
pattern was 0.5810. The lowest MAAPE value when using El-Nino and 10D parameters was 0.9644, The prediction
results with the MAAPE value of 0.9644 using the EI-Nino and 10D parameters showed that EI-Nino and 10D were
strong enough to predict the rainfall in Sidoarjo area, East Java.
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