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ABSTRACT 

Hydrometeorological disasters are a major factor 

in natural disasters in tropical areas, so rainfall 

predictions are very important information for the 

community. There are several statistical methods 

that can be applied in predicting rainfall, namely 

the POLY-6 (Polynomial of Order Six) method and 

the ANFIS (Adaptive Neuro Fuzzy Inference 

System) method. The purpose of this study was to 

analyze the comparison between the ANFIS method 

and the POLY-6 method to predict rainfall in the 

next few periods. The POLY-6 method is a time 

series data analysis method that is often used for 

forecasting. Meanwhile, the ANFIS method is a 

forecasting method based on artificial neural 

networks combined with fuzzy logic, as input for 

time series event data which is purely linear or 

non-linear. The results of this study indicate that 

the ANFIS method is better for analyzing non-

linear time series data than the POLY-6 method. 

The ANFIS method has better accuracy with a 

correlation result of 6.9811 and an RMSE value of 

87.29%, while the POLY-6 method yields a 

correlation of 14.037 and an RMSE value of 

24.92%. The POLY-6 method for the case of daily 

data and non-linear data is not suitable, so that the 

prediction results do not follow the actual data 

pattern and tend to have constant results or 

prediction results that tend to be flat. 

Keywords: Poly 6, ANFIS, Time Series, linear 

no linear, rainfall data. 

 

1. INTRODUCTION 

Indonesia is known as a country with a tropical 

climate. This can be seen from the geographic 

location of Indonesia which is around the equator. 

Indonesia is surrounded by a vast expanse of sea, 

evaporation and collection of clouds takes place 
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very quickly so that the rain process occurs almost 

every day. This makes Indonesia a country that has 

high rainfall [1, 2, 3, 4]. 

 

Figure 1. Number of Natural Disaster Events in Indonesia during the period 2000 to 2020 [37].  

Based on BNPB data, natural disasters due to 

anomalies in atmospheric dynamics in Indonesia 

occupy the highest number, as in Figure 1. Floods 

followed by turbulence hazard. This is categorized 

as a hydrometeorology disaster, with events during 

the period 2000 to 2020 from BNPB data. In this 

research, prediction of future rainfall events was 

carried out based on the 6
th

 order polynomial and 

ANFIS model [5, 6, 7]. 

Rainfall prediction is very important information 

for the people of Indonesia. Rainfall prediction 

accuracy can be used to support various community 

activities, such as agriculture, plantations and so 

on. There are several statistical methods that can be 

applied to forecast monthly rainfall. One of the 

statistical methods that have been applied by the 

Meteorology, Climatology and Geophysics Agency 

in forecasting rainfall is the POLY-6 (Polynomial 

of Order Six) method, which is a method based on 

the values of a variable that has occurred in the past 

and is then used to determine the historical pattern 

of the data, and then used to extrapolate the pattern 

in the future [1]. Apart from the POLY-6 method, 

there is the ANFIS (Adaptive Neuro Fuzzy 

Inference System) method. The idea of using the 

ANFIS method as a forecasting method is based on 

rarely found time series events that are purely 

linear or non-linear [8, 9, 10]. 

The ANFIS method uses a neural network to 

implement a fuzzy inference system. This study 

compares the POLY-6 method and the ANFIS 

method in predicting rainfall for the next several 

periods. The input used is in the form of daily 

rainfall data. Rainfall data is time series data that 

describes seasonal patterns. According to the 

research of [2], ANFIS provides better accuracy 

than POLY-6 with a smaller RMSE value than 

POLY-6 [3]. With the results of the comparison 

between the two methods, it can be used as input to 

the BMKG to switch to using the ANFIS method 

for forecasting in order to get more accurate results 

[11]. 
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2. METHODOLOGI 

2.1 POLY-6 (Polynomial of Order Six) 

method. 

Regression is a statistical analysis method used to 

see the effect between two or more variables. The 

relationship of these variables is functional which 

is manifested in a mathematical model. In 

regression analysis, it is divided into several types, 

namely Simple Regression (Simple Linear and 

Simple Nonlinear) and Multiple or Multiple 

Nonlinear Regression [12, 13, 14]. 

The Linear Regression equation includes more than 

two predictors or independent variables, the 

regression is called Multiple Linear Regression. 

The Multiple Linear Regression Model has a 

general regression equation in the form of Equation 

(1) [15, 16, 17] 

Ŷ = ᵝ0 + ᵝ1X1  + ᵝ2X2  + ᵝ3X3  +… + ᵝnXn + ε      (1) 

where Y is the dependent variable / dependent, X1, 

X2, X3, ..., Xn are independent variables, ᵝ0 is the 

intercept, and ᵝ1, ᵝ2, ᵝ3, ..., ᵝn are the parameters of 

the regression coefficients, while Polynomial 

Regression is a Regression model Linear which is 

formed by adding up the effect of each predictor 

variable (X) which is raised to the power of 

increasing to the nth order. In general, the 

Polynomial Regression model is written in 

Equation (2). 

Y = b0 + b1X1 + b2X2 +… + bnXn + ε       (2) 

Information : 

Y = critorium variable / dependent / influenced 

b0 = b1 intercept, 

b2, .., bn  = regression coefficients 

X = variable predictor / free / affect. 

ε = confounding factor that cannot be explained by 

the regression model 

2.2 ANFIS (Adaptive Neuro Fuzzy 

Inference System) 

ANFIS (Adaptive Neuro Fuzzy Inference System) 

is an adaptive network implementation in fuzy 

inference system. The fuzzy logic system is 

adaptive, meaning that the fuzzy system can be 

adjusted according to the conditions as desired. The 

ANFIS architecture is similar to a radial functional 

neural network with certain limitations. In other 

words, ANFIS is a method that can perform rule 

settings using a learning algorithm for a set of data. 

Fuzzy models can be used instead of multiple 

layers. In this case, the system is divided into two 

groups, the first is a group in the form of a neural 

network with fuzzy weights and a fuzzy activation 

function. Meanwhile, the second group is a neural 

network with fuzzy input at the first layer or at the 

second layer. However, in the second group, the 

weights on the neural network are not fuzzy as in 

the first group [18]. 

 

Figure 2. ANFIS network architecture 
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According to [19, 20, 21], as in Figure 2, the 

ANFIS network consists of the following layers: 

Layer 1: 

It is a fuzzification layer, where in this layer each 

neuron is adaptive to the activation parameter. The 

output of each neuron is a degree of membership 

given by the input membership function. For 

example, the Gaussian membership function can be 

written in the following equation: 

𝜇 𝑍 = 𝑒−
1

2
 
𝑍−𝑐

𝜎
 
2

    (3) 

Where Z is the input, in this case 𝑍 = {𝑍1,𝑡 ,𝑍2,𝑡} 

and {𝜎, 𝑐} are parameters. If the values of these 

parameters change, the shape of the curve will also 

change. This parameter is often called the premise 

parameter. 

Layer 2: 

In this layer, a fixed neuron (Π) is the product of all 

inputs which can be written in the following 

equation: 

                 𝑤𝑖 = 𝜇𝐴𝑖
. 𝜇𝐵𝑖

                                       (4)        (4) 

At this layer the AND operator is commonly used 

and the result of this calculation is called the firing 

strength of a rule. Where each neuron represents 

the ith rule. 

Layer 3: 

In this layer in the form of fixed neurons (N) which 

is the result of calculating the ratio of the firing 

strength (𝑤𝑖) to the total firing strength in the 

second layer which can be written in the following 

equation: 

𝑤 𝑖 =
𝑤𝑖

𝑤1+𝑤2
, 𝑖 = 1,2                                            (5)        (5) 

The result of this calculation is called normalized 

firing strength. 

Layer 4: 

In this layer in the form of neurons which are 

adaptive neurons to an output which can be written 

in the following equation: 

   𝑤 𝑖𝑓𝑖 = 𝑤 𝑖(𝑝𝑖𝑍1,𝑡 + 𝑞𝑖𝑍2,𝑡 + 𝑟𝑖)                        (6) 

Where 𝑤 𝑖  is the normalized firing strength in the 

third layer and; 𝑝𝑖 , 𝑞𝑖 , dan 𝑟𝑖  are consequent 

parameters. 

Layer 5: 

In this layer in the form of a single neuron (Σ) 

which is the result of the sum of all outputs from 

the fourth layer which can be written in the 

following equation: 

     𝑤 𝑖𝑖 𝑓𝑖 =
 𝑤𝑖𝑓𝑖𝑖

 𝑤𝑖𝑖
                                              (7)        (7) 

 

3. RESEARCH OF DATA 

The variable used in this study is the daily rainfall 

data for the Jakarta from January 1, 2002 to 

January 31, 2020, which consists of 216 data. The 

data will be divided into two parts, namely training 

data and testing data. Training data is used for 

modeling. While the test data is used for 

comparison with the resulting forecast [22].  

The equipment used in this research is the Mat’lab 

R2015a software which is used to create forecast 

models in the ANFIS, Minitab18 and eviews 

methods which are used for model forecasts using 

the POLY-6 method, and Matlab is used to 

calculate correlation and the RMSE value ( Root 
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Mean Square Error) between the output results of 

the two methods [23]. 

As in (Table 1), shows that the major floods in 

Jakarta were on January 26 - February 1 2002, 

February 4-14 2007, January 15-24 2013, and 

February 9 - 12. 2015, and December 31 - January 

2 2020. Precursors Floods in Jakarta are mainly 

caused by extreme rainfall, and a contribution to 

sea level rise. [2, 3]. 

Tabel. 1. Rainfall data areas in Jakarta [37]. 

Date of Occurrence 
2 February 

2002 

2 February 

2007 

17 January 

2013 

11 February 

2015 

1 January 

2020 

Highest Rainfall (mm / day) 168 340 100 277 377 

RW Flooded 353 955 599 702 390 

Flooded Area (km
2
) 168 455 240 281 156 

Low tide> 95% inundation 

(days) 
6 10 7 7 4 

4. RESULTS AND DISCUSSIONS 

4.1 POLY-6  Analysis on Rainfall 

Prediction. 

While Figure 3 is a stationarity test of the rainfall 

data for the study area. Stationary data can be 

known visually or formally with a stationary test, 

so there is no need for differencing. Visual test by 

paying attention to the time series data plot, while 

the formal test can be done by using the ADF 

(Augmented Dickey-Fuller) test. Furthermore, in 

Figure 4 is the estimation of POLY-6 modeling by 

looking at the Polynomial Regression plots [24]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Polynomial Regression R= 0.068296 
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Based on the Polynomial Regression plots, ten 

provisional models were obtained and one of the 

best models was POLY-6 which was then followed 

by a significance test, residual normality test, 

independence test, ARCH-LM test and linearity 

test. The best model equation for POLY-6  can be 

written as follows: 

 

Yt = 0,471  + 0,9473 Xt - 1  -0,8216 εt - 1  + εt     (10) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Polynomial Regression R= 0.12918 

 

4.2 ANFIS Analysis on Rainfall 

Prediction. 

ANFIS model formation consists of four inputs and 

one output. Inputs in the ANFIS modeling consisted 

of average temperature (°C)(𝑍1,𝑡), average humidity 

(%)(𝑍2,𝑡), duration of irradiation (hours) (𝑍3,𝑡)  and 

the average wind speed (Knots) )(𝑍4,𝑡). Meanwhile, 

the output is in the form of rainfall (mm) (𝑍𝑡). An 

FIS (Fuzzy Inference System) is used to obtain 

ANFIS architecture, prior to conducting training at 

ANFIS the initial parameters are determined first, 

namely using genfis2 (Generate Fuzzy Inference 

System) with the type of membership function used 

is gaussmf (Gaussian). In genfis2, the subclust 

function is used to perform data clustering, train 

data inputs and generate fuzzy reasoning using the 

first order Takagi - Sugeno method. The value of 

radius or often referred to as range of influence 

(radius) is closely related to determining the input 

for the number of membership functions. The 

smaller the range of influence, the greater the 

number of inputs to the membership function, 

which means that the level of accuracy is higher, 

which is indicated by a smaller error. The training 

process uses 30 iterations (epochs). Using a range 

of influence value of 0.2, the ANFIS Training data 

see Fig. 5 [25, 26] 
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Figure 5. ANFIS Training data. 

 

There are 40 rules with AND operator and consists 

of one output with 40 MF outputs formed. The 

lines that connect between nodes show the 

corresponding rules. From the training results, the 

total parameters used were 520 parameters 

consisting of 320 non-linear parameters and 200 

linear parameters [27, 28, 29, 30, 31, 32]. 

 

5. ANALYSIS AND RESULTS 

Based on the results obtained in Figure 7, the 

POLY-6 method and the ANFIS method can be 

seen that the ANFIS method is better than the 

POLY-6 method because it has very good accuracy 

in forecasting the period of daily rainfall than the 

POLY-6 method, where the method ANFIS has a 

greater correlation value, namely 87.29%, with a 

smaller RMSE value of 6.8911. Meanwhile, 

POLY-6 produced a correlation of 24.92% and an 

RMSE value of 14.037. 
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Figure 6. Comparison of the actual rainfall data with the prediction results of the POLY-6 method and the 

prediction results of the ANFIS method 

The output of the ANFIS method almost coincides 

with the actual data because the ANFIS method is 

able to analyze non-linear time series data by 

changing non-linear parameters. Compared with the 

POLY-6 method, it cannot analyze non-linear time 

series data because most models of the POLY-6 

method are linear [37, 38, 39, 40]. The POLY-6 

method for the case of daily data is not suitable, so 

that the prediction results do not follow the actual 

data pattern and tend to have constant results or the 

predicted results tend to be flat. In the ANFIS 

training process, more data is used than for testing 

because the more data used for training, the better 

the training results will be obtained, so that the 

forecasting system obtained will be better. Whereas 

the POLY-6 method which uses too much data can 

result in the residual auto-correlation function not 

being independent [33, 34, 35, 36]. 

6. CONCLUSION 

Based on the identification of problems and the 

previous discussion, it can be concluded that the 

ANFIS method is better for analyzing non-linear 

time series data than the POLY-6 method. The 

ANFIS method has better accuracy for rainfall 

forecasting, with a correlation result of 6.9811 and 

an RMSE value of 87.29%, while the POLY-6 

method yields a correlation of 14.037 and an RMSE 

value of 24.92%. The POLY-6 method for the case 

of daily data is not suitable, so that the prediction 

results do not follow the actual data pattern and tend 

to have constant results or the predicted results tend 

to be flat. 
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