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Abstract  

The quantity of rainfall and its events have become 

more and more uncertain due to climatic variability. 

The complexity of the climate change arises 

multiple asymmetries in rainfall, specially in 

tropical countries. Relatively, few efforts have been 

done in modeling with conditional variance called 

heterosecedasticity in hydrological time series. This 

study evaluate the modeling of heteroskedasiticy of 

the residuals derived from the  seasonal 

autoregressive integrated moving average 

(SARIMA) model and the residuals from the 

autoregressive moving average (ARMA) model for 

deseasonalized data using generalized 

autoregressive conditional heteroskedasity 

(GARCH) model. Weekly rainfall  of Colombo City 

from 1990 to 2015 were applied for this analysis. It 

is shown that the heteroscedasitity existed in the 

residuals of SARIMA models can not be removed 

using GARCH modeling approach. Conversely, the 

GARCH modeling appoach is adequated to capture 

the heteroskedasitity of the residuals from ARMA 

model fitted for the deseasonalized data. The 

experimental result could achieve encouraging 

prediction based on the historical data of time series. 

However, GARCH modeling approach do not give 

much improvement for the  prediction performance 

of the ARMA model. 

 

Key words: Heteroskedasitity, Weekly Rainfall, 

SARIMA, Deseasonalized 

 

I. Introduction 
Accurate information on rainfall enhance 

the ability to utilize the water resource. Temporal 

variability of rainfall is changing frequently, which 

gives the challenging task to researchers. According 

to Luk (2001), quantitative forecasting of rainfall 

extremely difficult. However, due to the importance 

of the prior knowledge of rainfall, many models 

have been developed with different degree of 

accuracy. Sri Lanka is a tropical country which 

vulnerable to climate change frequently. As a result, 

the people who live in the country were experienced 

in many extreme climatic events such as severe 

flash floods and heavy droughts over the past years. 

Lo and Koralegedera (2015) claimed that the  more 

cities including Colombo in Sri Lanka are in a risk 

of water related issues due to changes in rainfall 

patterns, urbanization and installation of complex 

infrastructure. In fact, many damages can be 

occurred due to the changes of rainfall behavior for 

urban areas since the high population density and 

more infrastruture are  some common characteristics  

of  those urban areas. Thus, analysis of rainfall 

pattern at different time scales, particularly, short 

range scale as weekly is necessary to enhance the 

awareness level of the rainfall characteristics at any 

region. Moreover, the prior information on the 

variation of rainfall is also improving the strengthen 

of the decisions in climate monitoring. Those details 

of temporal variability  of rainfall is not only 

important for the agricultural activities but also for 

number of fields in the urban areas such as 

construction, Industrial, planning urban traffic and 

sewer system, health, rainwater harvesting  and 

climate monitoring. Since atmospheric behavior is 

chaining time to time and  rainfall models also have 

to be improved due to gain more benefits from the 

rainfall. 

The annual rainfall of Sri Lanka is mainly 

divided by the seasonally varying monsoon system, 

namely, First Inter Monsoon (FIM) from March to 

April, South West Monsoon (SWM) from May to 

September,  Second Inter Monsoon (SIM) from 

October to November and North East Monsoon 

(NEM) from December to February (Domroes, 

1974). Many researchers have made attempts to 

model the rainfall using various techniques. 

Moreover, Time series models based on Box and 

Jenkins (1976) approach have been extensively used 

to model total rainfall in various time scales such as 

annual, seasonal, monthly, etc. These models are 

generally known as ARIMA (Auto Regressive 

Integrated Moving Average) models (Wang et al., 

2013; Ghalhari et al., 2015; Zafor et al., 2016). 
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However, extremely low number of researchers 

were reported in modeling weekly rainfall. Zakaria 

et al., (2012) modeled weekly rainfall data from four 

rainfall stations in the North West of Iraq for the 

period 1990-2011 using seasonal ARIMA approach. 

They have considered that there is a seasonal pattern 

with the length of 30 weeks and they have 

highlighted about the complexity of representing 

seasonal periods to the models. Popale and 

Govantiwar (2014) developed seasonal ARIMA 

(1,1,1) x (1,0,1)52 model for forecasting and 

generation of weekly rainfall of 31 years (1982-

2011) of Rahuri region in India.  

Some researchers have used Artificial 

Neural Network (ANN) approach to model rainfall 

to address the problems belonging to nonlinear 

forecasting. The multilayered artificial neural 

network with learning by back propagation 

algorithm is the most commonly used network for 

modeling rainfall (Hung et al., 2009;Mekanik et al., 

2011; Deshpande 2012; Nanda et al., 2013) Some 

studies have been focused to develop the hybrid 

models, ANN coupled with support vector machine 

techniques while some attempts have been made to 

develop hybrid models by combining self 

organizing map and ANN together to forecast short 

range rainfall such as one or two hours ahead and 

daily rainfall (Fong-Lin and Rong-Chen, 2008). 

Many researchers developed wavelet artificial 

neural network coupled with genetic algorithm 

hybrid models for the purpose of forecasting daily 

rainfall (Dadu and Deka,2013; Nasseri et al., 2008). 

However, rainfall quantity with the variability also 

very important to make reliable information on 

rainfall. It is very few attempts have been made to 

address the rainfall variability. Modarres and 

Ouarda (2012) claimed that the generalized auto 

regressive conditionaly heteroskedasity GARCH 

modeling approach is necessary to remove the 

heterocedasticity of the residuals which derived 

from the SARIMA models. However, they have 

further mention that the fitted GARCH model did 

not give any improvement of performance of the 

SARIMA model which used to forecast the monthly 

rainfall of Isfahan Station in Iran. Yusof and Kane 

(2012) developed the composite ARIMA- GARCH 

model to capture the dynamics of daily rainfall of 

Ipoh and Alorsetar in Malaysis. This paper evaluates 

the ARIMA-GARCH modeling approach to capture 

the mean and the variance behavior of weekly 

rainfall in Colombo City. 

 

 

 

 

II. Methods and Materials 
2.1 ARIMA Modeling  

Box-Jenkings Auto-regressive Moving Average 

(ARMA) is a one of the most popular technique 

used for rainfall forecasting. An autoregressive 

model of order p is typically classified as AR (p) 

and a moving average model with q terms is known 

as an MA (q). A model that consists of  p 

autoregressive terms and q moving average terms is 

called ARMA (p, q). Usually, the original time 

series {yt-1} employs a lag operator B to define the 

ARMA(p,q) and model may be written as  

    tt ByB                                      (1) 

In formula (1), B is lag operator defined as 

ktt
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The  series should be a stationary to model 

ARMA(p,q) . If it is non stationary, the series 

should be transformed into a stationary series by 

getting differencing d. It is defined as 

ARIMA(p,d,q) and simply it can be written by using 

a back shift operator; 

    tt

d ByBB   )1(                                                      

(2) 

 

2.2 SARIMA Modeling 

If a time series exhibits a periodic behavior within 

certain time intervals then the series is said to be a 

seasonal time series. Those series can be model 

using seasonal ARIMA model and can be denoted 

by SARIMA(p,d.q) (P,D,Q)s.The formula can be 

formed as; 
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Where )()(),(),( ss BandBBB   are 

polynomial of order p,q,P and Q respectively. p and 

P are the order of non seasonal and seasonal 

autoregression; q and Q are the degree of non 

seasonal and seasonal moving averagres; d and D 

are the number of non seasonal and seasonal 

diffrencess and s is the length of season. The 

SARIMA modeling approach consist of the four 

steps: 
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(1) Model identification (2) Estimate the parameters 

(3) Check the goodness of fit (4) Forecast the model 

 

2.3 ARCH/GARCH Modeling 

 

The Autoregressie Conditional Heterocesdasticity 

(ARCH) models were first introduced by Engle 

(1982) for modelling the time dependent conditional 

variance. This model was generalized by Bollerslev 

(1986) called as Generalized Autoregressive 

Conditional Heteroskedasticity (GARCH) models. 

Time dependent variance or conditional variance 

commonly called as hetero skedacitiys can not be 

captured by the SARIMA models.Thus, GARCH 

models are utiled to capture the conditional variance 

existed from the resuduals derived which from the 

SARIMA models. The GARCH(p,q) model can be 

written as; 
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Here, t indicates the uncorrelated residuals of the 

SARIMA model that have time dependent variance 

while te is a random variable i.i.d with mean zero 

and variance 1. Thus, in SARIMA-GARCH error 

model, the conditional mean is described by the 

SARIMA model while conditional variance is 

described by GARCH model. 

 

2.4 Test for the ARCH effect 

 

Time dependent variance can not be tested using 

ACF of the residuals. Thus, squared residuals from 

the mean model is used to identified the 

heteroskedasticity of the residuals and this is known 

as the ARCH effect. If the residuals exist an ARCh 

effect, the Lagrange multiplier test is used. Initially, 

estimate the mean equation: 

  

tt ucR   

22

22

2

110

2 ......... qtqttt uuu     

The corresponding hypothesis are; 

0....2100  qH   

Vs 01  ioneatleastH   

The test statistic is defined as TR2 ( The 

multiplication of the number of observation and the 

coefficient of the multiple correlation) and this 

follows the chisquared distribution with q degree of 

freedom (Engle (1982)). If TR2 is greater than the 

critical value of the distribution then rejected the 

null hypothesis and concluded that there is an 

ARCH effect in the mean model. 

  

2.5 Application and case study 

 

The City Colombo is the commercial capital of Sri 

Lanka, situated with latitudes 60 55ʹ N and 

Longitude 790 51ʹ E and is selected as the study site. 

Daily rainfall data of Colombo were collected from 

1990 to 2015 from the Department of Meteorology, 

Sri Lanka for this study. The daily rainfall (mm) 

data has been converted into weekly rainfall by 

dividing a year into 52 weeks  such that Week 1 

corresponding to 1-7 January, Week 2 

corresponding to 8-14 January and so on. The data 

during the time span from 1990 to 2014 was used to 

model building while the rest was used for the 

model validation.  

Initially, Box and Jenkins models were developed to 

capture the mean behavior of the series. Since the 

existance of the hereosekedasity, hybrid SARIMA-

GARCH model is fitted. Simaltanously, ARMA 

model is fitted to the deseasonalized  data. 

Furthermore, composite ARMA-GARCH model 

also developed to capture the conditional variance of 

the resisudals. 
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III. Result and Discussion 

 

In order to examine the temporal variability of the weekly rainfall, the time series plot was obtained and it is 

presented by Fig 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 1: Time series plot of the weekly rainfall from 1990 to 2015 

 

Based on the above plot, random behavior of the 

rainfall pattern can be clearly observed. However, it 

cannot be identified decreasing or increasing trend 

in weekly rainfall during the considered time span. 

In order to find out the seasonal behavior of the 

data, autocorrelation analysis was carried out and 

the result is presented in Fig 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2:  Autocorrelation Function of the weekly rainfall data from 1990 to 2014 

 

According to the Fig 2, it cannot be clearly identified the seasonal pattern of the series specially the length of the 

season. In order to identify the suitable model for weekly rainfall, firstly, observed series was tested for the 

stationary using Argument Dickey Fuller Test (ADF).  The result is illustrated in Table 2. 
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Table 2 : Result of Dickey Fuller Test 

Null Hypothesis: RAINFALL has a unit root  

Exogenous: Constant   

Lag Length: 1 (Automatic - based on SIC, maxlag=23) 

     
        t-Statistic   Prob.* 

     
     Augmented Dickey-Fuller test statistic -20.49745  0.0000 

Test critical values: 1% level  -3.434984  

 5% level  -2.863474  

 10% level  -2.567849  

     
     *MacKinnon (1996) one-sided p-values.  

     

 

Based on the above result, the null hypothesis that 

the there is a unit root is rejected indicates that the 

series is stationary at 0.05 level of significance. 

Thus, many Box and Jenkins models were 

developed for the data series  and models were 

selected based on the Akaike Information Criterion 

(AIC), Schwarz Criterian (SC), Durbin-Watson 

(DW) statistics, Root Mean Square Error (RMSE), 

Mean Absoulte Deveation (MAD) and Mean 

Absoulute Perecentage Error (MAPE) criteria. 

Based on the criteria, selected models are listed in 

the Table 3. 

   

Table 3 : Selected Models and values of the criteria 

Model AIC  SC DW RMSE MAD MAPE 

ARIMA (4,0,5) 10.88 10.92 1.99 55.75 37.51 887.19 

ARIMA (5,0,4) 10.88 10.92 2.00 55.72 37.47 887.46 

SARIMA (1,0,0) (1,0,1)52 10.85 10.87 2.00 55.30 37.32 905.47 

SARIMA (2,0,0) (1,0,1)52 10.86 10.88 2.00 55.28 37.32 909.73 

SARIMA (1,0,1) (1,0,1)52 10.85 10.88 2.00 55.23 37.36 918.96 

SARIMA (1,1,1) (1,1,0)52 11.56 11.58 2.00 77.65 49.6 915.36 

 

Diagnostic tests were carried out and all above 

model's residuals are random at 0.05 level of 

significant. The assumption which is residuals are 

normally distributed are highly deviate at the 0.05  

significant level. The residuals derived from the all 

above models do not show the any serial correlation 

and results are presented in Table 4. 

 

             Table 4 : Test result of the Breusch-Godfrey Serial Correlation LM Test 

Model F statistics Obs*R-

squared 

Prob. 

F(2,1284) 

Prob. Chi-

Square(2 

ARIMA (4,0,5) 0.829 1.6703 0.437 0.434 

ARIMA (5,0,4) 0.557 1.123 0.573 0.570 

SARIMA (1,0,0) (1,0,1)52 0.672 1.283 0.511 0.527 

SARIMA (2,0,0) (1,0,1)52 0.432 0.802 0.649 0.669 

SARIMA (1,0,1) (1,0,1)52 0.003 0.000 0.996 1.000 

SARIMA (1,1,1) (1,1,0)52 0.806 1.397 0.446 0.497 

 

The Table 4  gives evidence to do not reject the null 

hypothesis that there is a serial correlation among 

the residuals from the above fitted models  at 0.05 

level of significant. However, the assumption that 

the squared residuals are random are deviated at 

0.05 significant level in all the models. The 

corresponding test result for the first model 

(ARIMA (4,0,5)) only is described by Fig 3.  
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Fig 3. The Correlogram of the squared residuals of the model ARIMA(4,0,5) 

 

According to the above Fig.3, it is clear that the squared residuals are not random and the heteroskedatisity can 

be existed in the residuals of the fitted models. Thus, the ARCH effect was tested  using the Lagrange multiplier 

test in all above fitted models and the test result are presented in Table 5. 

 

Table 5 : Test results of the Heteroskedasticity ARCH effect 

Model F statistics Obs*R2 Prob. 

F(3,1289) 

Prob. Chi-

Square(3) 

ARIMA (4,0,5) 3.242 9.683 0.0214 0.0215 

ARIMA (5,0,4) 3.245 9.694 0.021 0.021 

SARIMA (1,0,0) (1,0,1)52 3.768 11.238 0.010 0.010 

SARIMA (2,0,0) (1,0,1)52 3.723 11.106 0.011 0.011 

SARIMA (1,0,1) (1,0,1)52 3.777 11.254 0.010 0.010 

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob

1 0.029 0.029 1.1036 0.293

2 0.048 0.048 4.1470 0.126

3 0.069 0.066 10.294 0.016

4 0.046 0.041 13.105 0.011

5 -0.02... -0.02... 13.606 0.018

6 -0.01... -0.02... 13.888 0.031

7 0.011 0.008 14.053 0.050

8 -0.02... -0.02... 14.868 0.062

9 -0.02... -0.02... 15.901 0.069

1... -0.02... -0.02... 16.918 0.076

1... -0.03... -0.02... 18.276 0.075

1... -0.03... -0.02... 19.537 0.076

1... -0.02... -0.01... 20.369 0.086

1... -0.03... -0.02... 21.882 0.081

1... -0.03... -0.02... 23.619 0.072

1... 0.026 0.033 24.483 0.079

1... -0.02... -0.02... 25.376 0.087

1... 0.005 0.007 25.403 0.114

1... -0.01... -0.01... 25.607 0.142

2... -0.00... -0.01... 25.660 0.177

2... -0.01... -0.01... 25.938 0.209

2... -0.00... -0.00... 25.982 0.252

2... 0.023 0.021 26.696 0.269

2... 0.042 0.042 29.050 0.218

2... 0.188 0.185 75.761 0.000

2... 0.032 0.017 77.117 0.000

2... 0.080 0.057 85.648 0.000

2... 0.020 -0.01... 86.170 0.000

2... 0.022 -0.00... 86.815 0.000

3... -0.00... -0.01... 86.843 0.000

3... -0.01... -0.01... 87.000 0.000

3... -0.02... -0.02... 87.792 0.000

3... -0.02... -0.00... 88.394 0.000

3... -0.01... -0.00... 88.688 0.000

3... -0.03... -0.01... 90.149 0.000

3... -0.03... -0.01... 91.821 0.000
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SARIMA (1,1,1) (1,1,0)52 5.286 15.710 0.001 0.001 

 

Based on the above result, all the models has presented the ARCH effect at the 0.05 level of significant. Thus, 

different GARCH models were employed to capture the conditional variance. However, none of the GARCH 

models were able to capture the existence of the time dependent variance. Since the assumption which is  the 

squared residuals are random is still deviated at 0.05 level of significant. The correlagram of the squared 

residuals derived from the SARIMA(1,0,0)(1,0,1) 52 - GARCH(1,1) is depicted by the Fig.4. Furthermore, same 

procedure was carried out for the other combine models and similar result was obtained. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 4. The Correlogram of the squared residuals of 

the model SARIMA(1,0,0)(1,0,1) 52 - GARCH(1,1) 

As an alternative, another method was applied for 

the data series. Initially, seasonal index  for 52 

weeks was calculated by assuming the additional 

model. Thus, deseasonalized series was made based 

on the calculated seasonal index. Different Box- 

Jenkins models were applied for the deseasonalized 

series to capture the mean behavior. AR(1) model is 

selected as the best model for the deseasonalized 

data. Diagnostic tests were carried out and all 

selected models' residuals are random at 0.05 level 

of significant. The assumption which is residuals are 

normally distributed are deviate at the 0.05  

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob...

1 -0.03... -0.03... 1.1858 0.276

2 -0.01... -0.01... 1.4628 0.481

3 -0.01... -0.01... 1.5781 0.664

4 0.027 0.026 2.4616 0.652

5 -0.02... -0.02... 3.3380 0.648

6 -0.01... -0.01... 3.4882 0.746

7 0.028 0.028 4.5035 0.720

8 -0.01... -0.01... 4.6709 0.792

9 -0.02... -0.01... 5.1786 0.818

1... -0.03... -0.03... 6.4463 0.776

1... -0.03... -0.03... 7.6210 0.747

1... -0.02... -0.02... 8.5412 0.742

1... -0.01... -0.01... 8.8893 0.781

1... -0.02... -0.02... 9.4813 0.799

1... -0.02... -0.02... 10.145 0.811

1... -0.00... -0.01... 10.237 0.854

1... -0.02... -0.02... 10.883 0.863

1... 0.009 0.007 10.992 0.895

1... -0.00... -0.00... 11.060 0.922

2... -0.00... -0.01... 11.147 0.942

2... -0.01... -0.01... 11.310 0.956

2... -0.02... -0.02... 11.822 0.961

2... 0.005 -0.00... 11.860 0.973

2... 0.043 0.039 14.242 0.941

2... 0.162 0.161 47.874 0.004

2... 0.025 0.036 48.652 0.005

2... 0.034 0.040 50.149 0.004

2... -0.00... -0.00... 50.175 0.006

2... -0.00... -0.00... 50.186 0.009

3... 0.006 0.011 50.237 0.012

3... 0.020 0.018 50.728 0.014

3... -0.02... -0.03... 51.705 0.015

3... -0.01... -0.01... 52.016 0.019

3... -0.01... -0.01... 52.333 0.023

3... -0.02... -0.02... 53.429 0.024

3... -0.03... -0.02... 54.899 0.023
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significant level. Also, the residuals derived from 

the all above models do not show the any serial 

correlation. It is noted that all the selected models 

present the ARCH effect. Thus, to remove the 

conditional variance, several GARCH models were 

fitted to the residuals of the fitted mean models for 

the  deseasonalized data. Hybrid AR(1) – 

GARCH(1,2) model was selected as the best model 

to describe the behavior of the weekly rainfall. The 

corresponding result is presented in Table 6.  

 

  Table  6 : Hybrid  AR(1)- GARCH(1,2) model 

     
     Variable Coefficient Std. Error z-Statistic Prob.   

     
     C 45.56897 1.208217 37.71587 0.0000 

AR(1) 0.070050 0.027423 2.554425 0.0106 

     
      Variance Equation   

     
     C 396.3220 30.33807 13.06352 0.0000 

RESID(-1)^2 0.182573 0.014524 12.57008 0.0000 

GARCH(-1) 1.109139 0.026672 41.58472 0.0000 

GARCH(-2) -0.387588 0.013990 -27.70520 0.0000 

     
     

The diagnostic  test was carried out based on the residuals from the mean models of the deseasonalized data 

series and the result are presented  by Fig 5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob...

1 0.020 0.020 0.5054

2 0.025 0.024 1.3063 0.253

3 -0.00... -0.00... 1.3121 0.519

4 0.034 0.033 2.7958 0.424

5 0.003 0.002 2.8111 0.590

6 -0.00... -0.00... 2.8142 0.729

7 0.050 0.051 6.1439 0.407

8 -0.00... -0.01... 6.2203 0.514

9 -0.03... -0.04... 8.1290 0.421

1... -0.05... -0.05... 11.686 0.232

1... -0.02... -0.02... 12.318 0.264

1... 0.011 0.014 12.463 0.330

1... -0.03... -0.03... 14.380 0.277

1... -0.03... -0.03... 15.856 0.257

1... -0.06... -0.06... 21.568 0.088

1... -0.00... 0.002 21.590 0.119

1... -0.01... -0.00... 21.859 0.148

1... 0.003 0.005 21.868 0.190

1... 0.034 0.033 23.396 0.176

2... 0.015 0.014 23.696 0.208

2... -0.00... -0.00... 23.706 0.255

2... -0.02... -0.02... 24.741 0.259

2... 0.003 -0.00... 24.751 0.309

2... -0.02... -0.03... 25.897 0.306
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 Fig 5.  Correlagram of the residuals from the model hybrid AR(1) - GARCH(1,2) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Fig.6 :  The correlagram of the squared residual of the hybrid model AR(1)- GARCH(1,2) 

Based on the Fig 6, the squared residuals are random at 0.05 level of significant. Thus, the ARCH effect was 

tested  using the Lagrange multiplier test in the above fitted model and the test result are presented in Table 7. 

 

 

 

 

 

 

 

 

 

 

Included observations: 1299

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob...

1 -0.02... -0.02... 0.5950 0.440

2 -0.01... -0.01... 1.0150 0.602

3 -0.00... -0.00... 1.0181 0.797

4 0.007 0.007 1.0900 0.896

5 -0.02... -0.02... 2.0480 0.842

6 -0.01... -0.01... 2.3578 0.884

7 0.035 0.033 3.9229 0.789

8 -0.01... -0.01... 4.1132 0.847

9 -0.01... -0.01... 4.3413 0.888

1... -0.02... -0.03... 5.4767 0.857

1... -0.02... -0.02... 6.2459 0.856

1... -0.02... -0.02... 7.1369 0.848

1... -0.01... -0.01... 7.4802 0.876

1... -0.01... -0.02... 7.9407 0.892

1... -0.03... -0.03... 9.3297 0.860

1... 0.007 0.003 9.3949 0.896

1... -0.02... -0.02... 10.374 0.887

1... 0.018 0.016 10.805 0.902

1... -0.00... -0.00... 10.807 0.930

2... -0.00... -0.01... 10.887 0.949

2... -0.01... -0.01... 11.248 0.958

2... -0.01... -0.01... 11.409 0.968

2... 0.024 0.018 12.157 0.968

2... 0.014 0.013 12.401 0.975

2... 0.130 0.127 34.927 0.090

2... 0.040 0.044 37.030 0.074

2... 0.025 0.029 37.859 0.080

2... -0.01... -0.00... 37.997 0.098

2... -0.00... -0.00... 38.004 0.122

3... 0.006 0.009 38.045 0.149

3... 0.007 0.012 38.115 0.177

3... -0.02... -0.03... 38.914 0.186

3... -0.00... -0.00... 39.031 0.217

3... -0.00... -0.00... 39.109 0.251

3... -0.03... -0.02... 41.029 0.223

3... -0.03... -0.03... 42.944 0.198
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Table 7: Test results of the Heteroskedasticity ARCH effect of the model AR(1)- GARCH(1,2) 

 

  

  

 

 

 

 

According to the above result, the model has not presented the ARCH effect furthermore at the 0.05 level of 

significant. Therefore, the final model AR(1)-GARCH(1,2) is used to predict the rainfall in 2015 along with the 

variability. 

 

Fig 7 :  Forecasted Variance of the weekly rainfall  from 1990 to 2015. 

 

 

 

 

 

 

 

 

Heteroskedasticity Test: ARCH   

     
     F-statistic 0.347822     Prob. F(3,1292) 0.7907 

Obs*R-squared 1.045852     Prob. Chi-Square(3) 0.7902 
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Fig 8. Prediction of rainfall in 2015 using the hybrid AR(1) - GARCH(1,2) 

 

IV. Conclusion 
It is found that the seasonal fluctuations are 

presented in weekly rainfall  and initially seasonal 

autoregressive integrated moving average models 

(SARIMA) were developed. It is noted that the 

seasonal heterosekasticity from the residuals of the 

SARIMA models do not remove by  adding 

seasonal differences. Since the residual of SARIMA 

models consist of heterosedasticity, GARCH models 

were applied for the  residuals of SARIMA models 

to  capture the conditional variance. However, the 

GARCH modeling approach was not adequate to 

capture the time varying variance of the residuals 

derived from the SARIMA models. However, the 

GARCH modeling approach was able to capture the 

conditional variance of the residuals from the fitted 

AR(1) model for the deseasonalized data. The 

experimental result could achieve encouraging 

prediction based on the historical data of time series. 

Although the GARCH model indicates the 

capability of modeling conditional variance, it does 

not show much notable improvement of the 

prediction performance in weekly rainfall. Long 

memory time dependence models such as 

Autoregressive fractional integrated moving average 

(ARFIMA) can be applied to improve the 

forecasting accuracy. 
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