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ABSTRACT 

Malang Regency has the potential to experience flooding. The flood was caused by the high rainfall that occurred in the 

area. The purpose of this study is to model monthly rainfall at three stations in Malang, namely Abd. Saleh, Karangkates 

station and Karangploso station use Long Short Term Memory (LSTM). The results of this study (1) The best model 

for monthly rainfall at Station Abd. Saleh uses Station And rainfall input. Saleh lag 6, (2) The best model for monthly 

rainfall at Karangploso Station using rainfall input at Karangploso Station lag 6 and (3) The best model for monthly 

rainfall at Karangkates Station using rainfall input at Karangkates Station lag 1, lag 4 and lag 6, rainfall at Abd. Saleh 

Air Base Station lag 1, lag 4 and lag 6 as well as rainfall at Karangploso Station lag 1, lag 4 and lag 6  
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1. INTRODUCTION 

One area in Indonesia that has the potential to experience flooding is Malang Regency. The flood was caused by the 

high rainfall that occurred in the area. Floods can cause various problems including damage to agricultural land. 

Therefore, forecasting rainfall is necessary to anticipate the impact of flooding. 

Precipitation forecasting is quite difficult because it has a space-time dependence. Several monthly rainfall models 

that have been carried out are supported by Charaniya, N. et al.[1] and Suhartono et al.[2] . Several researchers, namely 

Diani, K. et al [3] ; Safitri, B. et al [4] ; Simamora, R. et al[5] ; Sulistyono, A. et al [6] ; Sumarminingsih, E. et al [7] ; 

Sumaarminingsih, E. et al [8]  have conducted rainfall modeling in Malang Regency. The methods used in this research 

include ARIMA(Autoregressive Integrated Moving Average), VAR(Vector Autoregressive), GSTAR (Generalized 

Spatio-Temporal Autoregressive) multilayer perceptron neural network, extreme learning machine, Feedforward Neural 

Network, Hybrid ARIMA-NN, VAR -NN and SpVAR-NN and ensemble method based on ANFIS-ARIMA. 

In this research, monthly rainfall modeling will be carried out in Malang district, namely the Abd. Saleh Air Base 

Station, Karangploso Station and Karangkates Station. The method used is Long Short Term Memory (LSTM), which 

is a method with a machine learning approach that is suitable for time series data. Several studies that have used LSTM 

in rainfall modeling such as Chen, S et al.[9] and  Liu, Y. et al. [10] show that LSTM has good performance. According 

to Suhartono et al. [11]  selecting the right input will determine forecasting accuracy. Based on several studies on rainfall 

that rainfall has a spatio-temporal relationship, the input used in this study is the rainfall lag in the same location and 

the rainfall lag in neighboring locations. 
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The research data, namely monthly rainfall (January 2015 – December 2021) for the Abd. Saleh air base station, 
Karangploso station and Karangkates station were obtained from the site https://malangkab.bps.go.id

3. METHOD

3.1. Long Short Term Memory (LSTM)

Long Short Term Memory (LSTM) is a machine learning approach designed for time series data. The LSTM 
consists of memory cells, forget gates, input gates and output gates. Memory cells are useful for storing long-term 
information. Input Gate and output gate are used to control the flow of information to and from memory cells. The 
first step is to calculate the output value of the previous time and the value of the current time. These two values are 
used as input for the forget gate and input gate. The second step is to calculate the forget gate and input gate. 
Calculations on the forget gate using the equation
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Tanh : Hyperbolic tan activation function with a function using the equation  (4)
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The next step is to adjust the cell values or model parameters. The formula for the calculation in this step is
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 output gate at time t, value range of  is (0,1)𝑂
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The final output value of the output gate is obtained based on the formula
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Where

: the final output value of the LSTM at the time t by the output gate.𝑙
𝑡

After obtaining several LSTM models from several inputs, the next step is to select the best model using the 
smallest MAPE (Mean Absolute Percentage Error) criteria. The MAPE formula is
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Input determination is important in LSTM modeling. In LSTM, one of the inputs that can be used is the lag of the 
variable. To determine the lag variable used as input, Partial Autocorrelation Function (PACF) is used. Meanwhile, to 
determine other variables as input, correlation is used.

3. 2. Partial Autocorrelation (PACF)
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3.3. Correlation

Correlation is a statistical measure to determine the closeness of the relationship between two variables. The 
correlation coefficient is between -1 to 1. The closer to -1 means the stronger the negative relationship. The closer to 1 
means the stronger the positive relationship. The correlation coefficient is close to zero indicating that there is no 
relationship between variables. The correlation coefficient can be calculated from the following equation
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4. RESULTS AND DISCUSSION 

The first step in analyzing time series data is plotting the data. This is useful to know the characteristics or patterns 
that exist in the data. The rainfall plots at the Abd. Saleh  Air Base Station, at the Karangkates Station and at the 
Karangploso Station are presented in Figure 1, Figure 2, and Figure 3 respectively. The three figures show that there is 
a seasonal pattern in the rainfall data at the three stations.
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Figure 1 Plot of Rainfall at Abd. Saleh Air Base Station

Figure 2 Plot of Rainfall at Karangkates Station

Figure 3 Plot of Rainfall at Karangploso Station

PACF is used to determine the input of lag variables for rainfall. Figure 4, Figure 5, and Figure 6 present the PACF 
plots of the rainfall at Abd. Saleh  Air Base Station, Karangkates Station and Karangploso Station respectively. Figure 
4 and Figure 5 show that the significant lags are lag 1, lag 4 and lag 6. Meanwhile Figure 6 shows that the significant 
lags are lag 1, lag 4, lag 5, lag 6 and lag 7. Based on Figure 4, Figure 5, and Figure 6, the input used is lag 1, lag 4 and 
lag 6.
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Figure 4 PACF Plot of Rainfall at Abd. Saleh Air Base Station

Figure 5 PACF Plot of Rainfall at Karangploso Station

Figure 6 PACF Plot of Rainfall at Karangploso Station

Rainfall has a spatio-temporal relationship. Therefore, other station rainfall is also used as input. The plot of the 
relationship between rainfall at one station and another is presented in Figure 7, Figure 8 and Figure 9. All three 
figures show that there is a relationship between rainfall between stations.

160             E. Sumarminingsih et al.



Figure 7 Plot of Rainfall at Abd. Saleh Air base Station vs at Karangkates Station

Figure 8 Plot of Rainfall at Abd. Saleh Air base Station vs at Karangploso Station

Figure 9 Plot of Rainfall at Karangkates Station vs at Karangploso Station

The relationship of rainfall between stations can also be seen from the correlation of rainfall between stations. The 
correlation coefficient of rainfall between locations is presented in Table 1 and it can be seen that the correlation of 
rainfall between locations is high.

Table 1. Correlation of Rainfall between Station

Correlation 
Coefficient

Rainfall of 
Abd. Saleh 
Air Base 
Satation

Rainfall of 
Karangkates 

Station

Rainfall of 
Karangploso 

Station

Rainfall of 
Abd. Saleh 
Air Base 
Satation

1
0.777 0.784

Rainfall of 
Karangkates 

Station

0.777
1

0.686

Rainfall of 
Karangploso 

Station

0.784 0.686
1
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Based on the discussion about PACF and the correlation coefficient, the inputs used are lag 1, lag 4 and lag 6 
rainfall of the station itself  and lag 1, lag 4 and lag 6 rainfall at other (neighboring) stations. A comparison of the 
MAP of several models with different inputs for the rainfall at the Abd. Saleh Airbase Station is presented in Table 2.

Table 2. MAP of Rainfall at Abd. Saleh Air Base Station Model 

Input MAPE

Rainfall at Abd. Saleh Air Base 
Station lag 1

1,4318

Rainfall at Abd. Saleh Air Base 
Station lag 4

0,7797

Rainfall at Abd. Saleh Air Base 
Station lag 6

0,7156

Rainfall at Abd. Saleh Air Base 
Station lag 1, lag 4 and lag 6

1,4668

Rainfall at Abd. Saleh Air Base 
Station lag 1, rainfall at Karangploso 
Station lag 1, rainfall Karangkates  
Station lag 1

1,2426

Rainfall at Abd. Saleh Air Base 
Station lag 4, rainfall at Karangploso 
Station lag 4, rainfall at Karangkates 
Station  lag 4

1,7215

Rainfall at Abd. Saleh Air Base 
Station lag 6, rainfall at Karangploso 
Station lag 6, rainfall at  Karangkates 
Station lag 6

1,4911

Rainfall at Abd. Saleh Air Base 
Station lag 1, lag 4 and lag 6, rainfall 
at Karangploso Station lag 1, lag 4 
and lag 6, rainfall at Karangkates 
Station  lag 1, lag 4 and lag 6

0,8864

Based on Table 2, it can be seen that the best model for the rainfall at the Abd. Saleh Airbase Station is the model 
with the input of Rainfall at the Abd. Saleh Air Base Station Lag 6 with a MAP of 0.7156.

Table 3. MAP of  Rainfall at Karangkates Station  Model 

Input MAPE

Rainfall at Karangkates Station  lag 1 1,6522

Rainfall at Karangkates Station  lag 4 1,7710

Rainfall at Karangkates Station  lag 6 1,8147

Rainfall at Karangkates Station  lag 1, 
lag 4 and lag 6

2,4739

Rainfall at Abd. Saleh Air Base Station 
lag 1, rainfall at Karangploso Station lag 
lag 1, rainfall at  Karangkates Station  lag 
1

1,5855
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Rainfall at Abd. Saleh Air Base Station 
lag 4, rainfall at Karangploso Station lag 
4, rainfall at  Karangkates Station lag 4

1,7541

Rainfall at Abd. Saleh Air Base Station 
lag 6, rainfall at Karangploso Station lag 
6, rainfall at  Karangkates Station lag 6

1,0661

Rainfall at Abd. Saleh Air Base Station 
lag 1, lag 4 and lag 6, rainfall at 
Karangploso Station lag 1, lag 4 and lag 
6, rainfall at  Karangkates Station lag 1, 
lag 4 and lag 6

0,4593

Based on Table 3, it can be seen that the best model for rainfall at Karangkates Station is a model with input rainfall at 
Karangkates Station lag 1, lag 4 and lag 6, rainfall at Abd. Saleh Air Base Station lag 1, lag 4 and lag 6 as well as 
rainfall at Karangploso Station lag 1, lag 4 and lag 6 

Table 4. MAP of Rainfall at Karangploso Station Model 

Input MAPE

Rainfall at Karangploso Station lag 1 1,2038

Rainfall at Karangploso Station lag 4 1,2405

Rainfall at Karangploso Station lag 6 0,4571

Rainfall at Karangploso Station lag 1, lag 
4 and lag 6

1,5603

Rainfall at Abd. Saleh Air Base Station 
lag 1, rainfall at Karangploso Station lag 
1, rainfall at Karangkates Station  lag 1

1,2537

Rainfall at Abd. Saleh Air Base Station 
lag 4, rainfall at Karangploso Station lag 
4, rainfall at Karangkates Station  lag 4

1,9120

Rainfall at Abd. Saleh Air Base Station 
lag 6, rainfall at Karangploso Station lag 
6, rainfall at Karangkates Station  lag 6

1,2799

Rainfall at Abd. Saleh Air Base Station 
lag 1, lag 4 dan lag 6, rainfall at 
Karangploso Station lag 1, lag 4 dan lag 
6, rainfall at Karangkates Station  lag 1, 
lag 4 dan lag 6

0,4991

Based on Table 4, the best model for rainfall at Karangploso Station is a model with an input rainfall Karangploso 
Station lag 6. The best model for rainfall at Karangploso Station is similar to the best model for rainfall at Abd. Saleh 
Air Base Station, namely with an input lag 6 from rainfall at the station itself. While the best model for rainfall at 
Karangkates Station is a model with quite complex inputs, namely rainfall at Karangkates Station and rainfall at other 
stations, namely Abd. Saleh Air Base Station and Karangploso Station lag 1, lag 4 and lag 6. The rainfall at the 
Karangploso Station and the Abd. Saleh Air Base Station has similar characteristics because the distance between the 
two stations is closer than the Karangkates Station. Actual data and predictive data based on the best model for rainfall 
at Abd. Saleh Air Base Station, Karangkates Station and Karangploso Station are presented in Figure 10, Figure 11 
and Figure 12 respectively.
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Figure 10 Plot of predicted vs actual of Rainfall at Abd. Saleh Air Base Station

Figure 11 Plot of predicted vs actual of Rainfall at Karangkates Station

Figure 12 Plot of predicted vs actual of Rainfall at Karangploso Station

Figure 10, Figure 11 and Figure 12 show that the predicted data and actual data are quite close. This shows that the 
resulting model is quite good to use.
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5. CONCLUSION  

The best monthly rainfall models at the Abd. Saleh Air Base Station and Karangploso Station have the same input, 
namely the rainfall lag 6 at the station itself. While the best monthly rainfall model for the Karangkates Station uses 
input at the Abd. Saleh Air Base Station lag 1, lag 4 and lag 6, the rainfall at the Karangploso Station lag 1, lag 4 and 
lag 6, and the rainfall at the Karangkates Station lag 1, lag 4 and lag 6. In the rainfall at the Karangkates Station, there 
is a spatio-temporal relationship, while the rainfall of the Abd. Saleh Air Base Station and Karangploso Station only 
have a temporal relationship. However, all the three exhibit seasonal characteristics.
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