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Abstract. Rainfall is one of the important elements in the process of weather and climate. The high intensity
of rainfall every year can hamper the mobility of the population and the distribution of goods, especially in
the port area. Rainfall prediction is needed to handle the impacts caused by high rainfall. The data was
obtained from the website dataonline.bmkg.go.id with observations made by the Tanjung Perak Surabaya
Maritime Meteorological Station. The prediction method uses an artificial neural network with
Backpropagation. Autocorrelation function is used to determine the number of input neurons with the best
features in the Artificial Neural Network. Rainfall data is divided into two parts,: January 2008 to December
2019 used for training data and January to August 2020 for testing data. The validation technique used is
10-Fold Cross Validation. The experiment uses parameter tuning of iteration and learning rate. The training
process obtained the best learning rate was 0.2 and 1000 iterations with a MSE validation score of 0.02591.
Finally, the testing process has a Mean Square Error value of 0.02769 and a percentage of true rain character

of 62.5%.
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1 Introduction

Rainfall is one of the important elements in the process
of weather and climate. Rainfall is the amount of
rainwater that accumulates on a flat surface and does not
evaporate, seep out, or flow. Rainfall is one millimetre,
meaning that in an area of one square meter on a flat
place one millimetre of water can be accommodated [1].
Monthly rainfall information is needed in irrigation or
water construction planning, infrastructure planning,
agriculture, transportation, and also
telecommunications. Monthly rainfall has the character
of rain which is a comparison between the amount of
rain that occurs during one month with the average or
normal value of that month. Rainfall characters are
divided into three categories above-normal, normal, or
below-normal [2], [3].

High monthly rainfall certainly has a negative impact on
an area. One of the impacts is the inhibition of
population mobility and the distribution of goods so that
economic development in other areas is also disrupted
[41, [5]. One of the facilities for population mobility and
economic support in an area is a port. The high intensity
of monthly rainfall results in delays in the up and down
of passengers and the process of loading and unloading
goods. So we need prediction information to calculate
the intensity of monthly rainfall and the character of the
rain. These predictions are used to prepare for handling
to minimize losses caused by high rainfall in a month.
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Rainfall that occurs in an area cannot be determined with
certainty, but its intensity can be predicted using
historical rainfall data.

Research to predict rainfall has been carried out with
various methods and certain applications. In a previous
study on the prediction of monthly rainfall with the
Backpropagation Neural Network method, the MSE was
5.590x10-32 [3]. Then another study also used the
Backpropagation Artificial Neural Network, the
network succeeded in recognizing training patterns of
99.0% [6]. Both studies used 10 years of data for
training and 1 year for testing. As well as using 10 inputs
based on 10 years of data used with the same month data
in previous years.

The studies that have been done show that the
Backpropagation method gives good results for
prediction. The monthly rainfall prediction in this study
uses monthly rainfall data from January 2008 to August
2020 in the port area of Tanjung Perak Surabaya which
was observed by the Tanjung Perak Surabaya Maritime
Meteorology Station. This study uses the Artificial
Neural Network to predict monthly rainfall.
Backpropagation to improve the weights so that the next
forward propagation can produce a better predictive
value. It is also used parameter tuning for learning rate
and iteration. Before being processed with the Neural
Network, data analysis is applied using the
Autocorrelation Function to determine the input layer
neurons.

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
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2 Research Methods

2.1 Autocorrelation Function

The Autocorrelation function is a linear relationship
between observations Zt with Zt—k [7], [8]. The
Autocorrelation function calculates the correlation
between variables from a time series dataset that is
distinguished from its time unit. The autocorrelation
function is chosen to be the strongest correlation to the
input neuron in the Backpropagation. The
autocorrelation function formula is found in equation 1
[9]. B B

r. = Z?:_lk(zt B Z)(Zt_—k —Z) 6]

¢ (2~ 2)?

1, = lag times; Z, = data now; Z; = average
data; Z,_, = data k (-1 and so on)

2.2 Rainfall

Rainfall is the amount of water that falls from rain in a
particular time and area. Usually expressed as a virtual
depth of coverage. [1]. Rainfall data at certain locations
can be accessed on the Database Center Online Data
page — BMKG dataonline.bmkg.go.id. Rainfall criteria
in the territory of Indonesia [10]:

0 mm/day: Cloudy

0.5 — 20 mm/day: Light rain

20 — 50 mm/day: Moderate rain

50 — 100 mm/day: Heavy rain

100 — 150 mm/day: Very heavy rai

>150 mm / day: Extreme rain.

"o a0 o

2.3 Character of rain

The character of rain is the ratio between the amount of
rain that occurs during one month with the average or
normal value of that month in a place. There are three
criteria [6]:

a. Above-Normal (AN), if the comparison value is >
115% of the average rain.

b. Normal (N), if the comparison value is between 85%
- 115% of the average rain.

c. Below-Normal (BN), if the comparison value is <
85% of the average rain.

The formula for the character of rain is shown in
equation 2

character of rain monthn 2)
total rainfall monthn
x 100%

" average rainfall monthn

2.4 Backpropagation

Backpropagation is a multi-layer that changes the
weight value by going backward from the output layer
to the input layer. By changing the weight value during
the training process, A backpropagation architecture is

an architecture that can be used to examine and analyse
historical data patterns in more detail and obtain output
(with minimal error). The Backpropagation training
algorithm consists of three phases [11], [12]:
a. Input the value of the training data so that the output
value is obtained.
Backpropagation of the obtained error value.
c. Adjusted the correction weight to minimize the
error value.

2.5 Means Square Error (MSE)

The results issued in the output layer are compared with
the target values and calculated using the Mean Square
Error (MSE). Each error or remainder is squared. In the
training process there is a stop condition if the MSE
value <= the minimum error limit [13].

2.6 Dataset

The Dataset used in this study is data on the amount of
monthly rainfall observed from the BMKG Tanjung
Perak Surabaya Maritime Meteorological Station which
was obtained from the website
http://dataonline.bmkg.go.id/ from January 2008 to
August 2020.

2.7 System Proposed

The design of the system consists of preprocessing for
determining inputs, then training to produce the best training
weights, and testing used to generate predictions and evaluate
the result. The proposed system can be seen in Figure 1. Fig.
1. System Architecture Proposed

P ~
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Fig. 1. System Architecture Proposed

In the preprocessing, training data has the monthly
rainfall from 2008-2019. The best correlation is sought
with the data 1 month to 24 months backward using the
Autocorrelation Function. From the autocorrelation
results, the five best correlations are between the main
data (2008 — 2019) with data that is backward -1, -11, -
12, -13, and -24 months. So, the inputs are 1, 11, 12, 13,
and 24 from the monthly rainfall target data. There is
input data that is 24 months backward from the target,
the total training data is rainfall data. January 2008 to
December 2019.

In the training process, the data is used from the results
of the Autocorrelation Function. Further generated
random weights, a forward propagation process is
carried out. Calculating the error between the output
predicted and the output target. A backward propagation
process is carried out to update the weights. After the
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training process is carried out, the resulting weights
(best training weight) are used for the testing process.
The testing data used is rainfall data from January to
August 2020 based on the Autocorrelation Function.
The forward propagation is carried out using the weights
from the training results. The testing produces rainfall
predictions and calculates the evaluation of the
prediction using the Mean Square Error (MSE) and the
percentage of true monthly rainfall character

3 Result and Discussion

3.1 Training and Testing Parameter

Parameters in the training process include using three
layers: the input layer, hidden layer, and output layer.
There are five input neurons based on the results of the
Autocorrelation Function analysis. Also, four hidden
neurons are based on 70-90% of the number of input
neurons. The output neurons are based on the predicted
monthly rainfall. The learning rate parameter tuning is
from 0.2 until 0.8. It is to find the best learning rate. The
error limit is 0.001, and the maximum number of
iterations also uses parameter tuning from 10 to 1000
iterations. It is the aim of finding the best iteration.
Activation using sigmoid. The weights used in the
testing process are the stored weights from the best
training results. The experiment Scenario was carried
out using 10-Fold Cross Validation, the number of
learning rates, and the number of iterations. At this
phase, the system is tested using 120 data lines (2008-
2019). There are 10 folds with details of 108 rows of
data as training and 12 rows of data as validation.

3.2 Result of Training and Testing

Figure 2 shows the results of the training carried out
using the 10-Fold Cross Validation with parameters of
three layers, five input neurons, four hidden neurons,
one output neuron, learning rate 0.2 until 0.8, 1000
iterations, error limit 0.001, and wusing sigmoid
activation. From the training process, the best results
obtained MSE 0.02591.
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Fig. 2. Mean Square Error Result
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Fig. 3. Actual and predicted data results

Figure 3 shows the results of testing data carried out
with the best-stored model. The graph consists of two:
green is the actual data and blue is the predicted data.
Table 1 shows the comparison of actual and predicted
data in 2020. It also shows MSE for each month.
Hereafter in Table 2 shows the character of the actual
and predicted data.

Table 1. Result of Rain Actual and Predicted Character

Month Actual Data Predicted Data MSE

January 209 329 0.0676
February 476 329 0.10049
March 348 331 0.00137
April 327 248 0.02958
May 91 157 0.02045
June 32 48 0.00122
July 22 25 0.00005
August 14 26 0.00073
MSE 0.02769

Table 2. Result of Rain Actual and Predicted Character

Month Rainfall Actual Cat. Predicted Cat. True

avg. rain actual rain predicted /False
Jan 3158 66.2 BN 104.2 N F
Feb 309.2 1539 AN 106.4 N F
Mar 2647 131.5 AN 125 AN T
Apr 187.5 1745 AN 1323 AN T
May 1039 87.6 N 151.1 AN F
Jun 57.4 55.7 BN 83.6 BN T
Jul 233 94.4 N 107.3 N 1]
Aug 12.1 115.7 AN 214.9 AN T

AN: Above-Normal; BN: Below-Normal; T: True, F: False

The design of the system consists of preprocessing for
determining inputs, then training to produce the best
training weights, and testing used to generate
predictions and evaluate the result. The proposed system
can be seen in Figure 1 System Architecture Proposed
In the pre-processing, training data has the monthly
rainfall from 2008-2019. The best correlation is sought
with the data 1 month to 24 months backward using the
Autocorrelation Function. From the autocorrelation
results, the five best correlations are between the main
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data (2008 — 2019) with data that is backward -1, -11, -
12,-13, and -24 months. So, the inputs are 1,11, 12, 13,
and 24 from the monthly rainfall target data. There is
input data that is 24 months backward from the target,
the total training data is rainfall data. January 2008 to
December 2019.

In the training process, the data is used from the
results of the Autocorrelation Function.  Further
generated random weights, a forward propagation
process is carried out. Calculating the error between the
output predicted and the output target. A backward
propagation process is carried out to update the weights.
After the training process is carried out, the resulting
weights (best training weight) are used for the testing
process.

The testing data used is rainfall data from January to
August 2020 based on the Autocorrelation Function.
The forward propagation is carried out using the weights
from the training results. The testing produces rainfall
predictions and calculates the evaluation of the
prediction using the Mean Square Error (MSE) and the
percentage of true monthly rainfall character

Table 2 shows the results of the actual and the
predicted rainfall. The rainfall character of the Above-
Normal, Normal, or Below-Normal categories. The
rainfall character is obtained from comparison
calculations with the average rain as shown in equation
2. It has five months with the same rainfall character
(March, April, June, July, and August). So the
percentage of true rainfall is 62.5%.

4 Conclusion

The rainfall prediction system was carried out. The
parameters of backpropagation consist of three layers,
five neurons input layer, four neurons hidden layer, one
neuron output layer, sigmoid activation, and parameter
tuning of learning rate & iteration. Network input based
on xt — 1, xt — 11, xt — 12, xt — 13, xt — 24
Autocorrelation function and using 10-Fold Cross
Validation. The best training results are in the 5th fold
out of 10 folds with a validation MSE of 0.02591. Based
on the system testing, it is concluded that the results of
monthly rainfall data in 2020 produce a Mean Square
Error (MSE) of 0.02769. A comparison of the character
of rainfall on the actual and predicted data obtained five
true rainfall character. The characteristics of true rainfall
include March, April, June, July, and August with an
accuracy of 62.5%.

The prediction results on the 2020 rainfall are less
precise than the actual data caused by monthly rainfall
data which has a value range from zero to hundreds.
Based on the research that has been done, suggestions
that need to improve the research include the experiment
using more than one hidden layer. Also, increase the
period time used in the analysis of the Autocorrelation
Function for the input neuron of more than five neurons.
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