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INTRODUCTION 

rought is a slow-onset and sidling natural 

hazard that occurs in all counties of the 

universe. Protracted drought has caused 

substantial destruction to natural environment as 

well as to human lives. The Estimation for the cost 

of drought all over the world is quite huge to be 

estimated.                                                           

With the increase of the population and the 

severity of drought, an efficient qualification of 

the impacts caused by drought is imperative. In 

1965, Palmer presented a drought index that 

integrated antecedent precipitation, moisture 
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supply, and the pioneering evapotranspiration  [2]. McKee et al. 

developed the SPI as an alternative to the Palmer Index for Colorado 

[3]. The SPI is seen to have several advantages when compared with 

PDSI [3,4,5]. The main advantage is that the SPI is based only on 

precipitation [3]. Because of this reason, the SPI is also not adversely 

affected by topography. Secondly, the SPI is calculated on several 

timescales, which allows it to describe the different types of droughts: 

the shorter time scales for meteorological and agricultural droughts, 

and the longer ones for hydrological drought. Third, because the SPI is 

normally distributed, the rates of drought events at any location for 

any time scale are consistent. Hayes et al. claimed that the SPI 

universal data used to measure the classification of drought. The 

autoregressive integrated moving average (ARIMA) models were 

developed to fit and forecast the SPI series. Most of the selected 

ARIMA models are seasonal models (SARIMA). The forecast results 

display that the forecasting ability of the ARIMA models increases 

as the time scale increases, and the ARIMA models are more 

powerful in short-term forecasting. The measure of performance of 

root means square error (RMSE) and mean average error (MAE) 

and further study was made on the correlation coefficient (R) 

between the actual SPIs and the predicted SPIs for the forecasting. 

It is shown that the ARIMA models can be used to forecast 1-month 

leading values of all SPI series, and 6-month leading values for SPI 

with time scales of 3, 6, 9 and 12 months. Our study shows that the 

ARIMA models developed can be effectively used for drought 

forecasting.   

 

Keywords: drought forecasting; SPI; ARIMA model 
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discovers moisture deficits more rapidly than the PDSI, which has a 

response time scale of approximately 8 to 12 months(Wilhite et al., 

2007). Paulo et al. used several drought indices in Portugal, and 

discovered that the SPI exhibited its power for the purpose of drought 

checking (Labedzki, 2017). Labedzki used SPI to analyze the local 

meteorological drought and assess the drought risk in Bydgoszcz, 

Poland (Labedzki, 2017). The time series forecasting has been 

extensively applied and become an significant approach of drought 

forecasting. One of the most widely used time series model is the 

autoregressive integrated moving average (ARIMA) model (Bozkurt et 

al., 2017). The extensive application of the ARIMA model in various 

areas is due to its flexibility and efficient search (identification, 

estimation and diagnostic check) in each stage for a suitable model 

(Zhang, 2003). The ARIMA model has many advantages over other 

approaches, which includes moving average, exponential smoothing, 

neural network, and in particular, it’s forecasting ability and its richer 

information on time-related changes (Wong et al., 2007). The ARIMA 

models have also been used to analyze and model hydrologic time 

series (Adnan et al., 2017). (Shabri & Samsudin, 2015) used ARIMA to 

forecast monthly precipitation with a 30-year data set and revealed 

that the model is adequate for forecasting the monthly precipitation. 

Fernandz et al. used SARIMA model to forecast stream-flow in a small 

watershed in Galicia (Brillantes & Fernandez, 2008). Durdu developed 

linear stochastic models for forecasting droughts in Turkey using SPI 

series as drought index (Lima et al., 2016). The frequency of drought is 

on average about once in 7 years (Cunha et al., 2017). In this paper, the 

SPI is used as a drought index to describe the drought condition. 2 SPI 

time series forecasting models. 
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Time series forecasting models with SPI 

The purpose of SPI is to allocate a single numeric value to the 

precipitation which can be compared across regions with diverse 

climates. SPI developed by Mckee et al., (1993) which is used in over 

60 countries was applied as a drought indicator (Svoboda & Hayes, 

2010). According to ( Wu et al., 2001) SPI works as a “difference of 

precipitation from the mean divided by the standard deviation” and its 

Precipitation is normalized using a probability distribution so that 

values of SPI are standard deviation from the mean and SPI is also an 

index based on the probability of precipitation for any time scale. 

Normalized distribution allows for estimating both dry and wet 

periods and accumulated values can be used to analyze drought 

severity (magnitude) in which a minimum of 30 years of continues 

monthly precipitation data is needed, however, it is better if it exceeds 

30 years 

The SPI time series of multiple time scales can be computed using 3, 6, 

9, 12, 24 and 48 months according to the McKee’s method [4]. The 

classification of dry and wet spells resulting from the values of the SPI 

is shown in table 2.1 

 
Table 0.1: The drought classification of different SPI indexes 

SPI  Class 
  2.00 Extremely wet 

1.5 to 1.99 Very wet 

1.00 to 1.49 Moderately wet 
0 to 0.99 Near Normal 

0 to -0.99 Mild drought 
-1 to -1.49 Moderate drought 

-1.5 to -1.99 Severe drought 
  -2.00 Extreme drought 

Source: (McKee et al., 1993) 
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Interpretation of Standardized Precipitation Index (SPI)  

The SPI, often called the z score, is the number of standard scores from 

the mean at which an event occurs. Thus, the 3-month SPI value 

provides a comparison of accumulated precipitation over that specific 

3-month period with the mean precipitation total for the same annual 

period as calculated over the full study period. This applies to any n-

month SPI value, where n, the number of months of accumulation, is 

the time scale. For precipitation, high positive values correspond to 

wet sequences and high negative values correspond to drought 

periods. 

The standardized precipitation index (SPI) time series of multiple time 

scales which are computed as a precipitation obtained from the 

rainfall of a given station at various periods (typically 3, 6, 9, 12 and 24 

months). This is usually referred to as SPI3, SPI6, SPI9 and SPI12. The 3-

month SPI provides a comparison of the precipitation over a specific 

3-month period with the precipitation totals from the same 3-month 

period for all the years included in the historical record. A 3-month SPI 

reflects short- and medium-term moisture conditions and provides a 

seasonal estimation of precipitation. The 6-month SPI compares the 

precipitation for that period with the same 6-month period over the 

historical record. The 6-month SPI indicates seasonal to medium-term 

trends in precipitation while the 9-month SPI provides an indication of 

inter-seasonal precipitation patterns over timescale duration. The SPI 

at these timescales reflects long-term precipitation patterns. A 12-

month SPI is a comparison of the precipitation for 12 consecutive 

months which is recorded in the same 12 consecutive months in all 

previous years of available data. The SPI has been defined as a key 

indicator for monitoring drought by the World Meteorological 

Organization Luther et al., (2017) and has been widely applied as an 

operational tool (e.g. (Wilhite, 2000); (Svoboda and Hayes, 2010); 
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(Nielson-Gammon, 2012) and used the SPI to develop a drought 

climatology for Europe; Santos, et. al., (2010) examined both the 

temporal and spatial variability of drought in Portugal using the SPI. 

Barker etal., (2016) used a regionally aggregated SPI, amongst other 

indicators, to analyze spatial coherence patterns of drought in Europe. 

 

Computation of SPI 

The SPI data set from 1975 to 2008 is used for model development. 

This is a rainfall data collected from Kuala Krai in Malaysia. The SPI was 

computed from the rainfall data using the Gamma distribution 

procedure, the probability density function of the gamma distribution 

is defined as: 

( )
( )

1 /1
0xg x x e for x 

 

− −= 


 (2.1) 

  

where 0   is a shape parameter, 0   is a scale parameter, 0x   is 

the amount of precipitation, and ( )  is the gamma function. More 

detailed descriptions of the gamma distribution can be found in Lloyd-

Hughes and Saunders (2002) and Guttman (1999).  

To fit the distribution parameters,    and   are estimated from the 

sample data. Using the approximation for Maximum Likelihood 

Estimation (MLE) defined by Thom (1958), they can be estimated as 

1 4
ˆ 1 1

4 3

A

A


 
= + +  

 
 and ˆ ˆx = , (2.2) 

where x  is mean precipitation and A is given by: 

( ) ( )1ln lnA x n x−= −  . 

n is the number precipitation observations. 
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Under certain conditions,  and  can be better estimated by using an 

iterative procedure (Martinez-villalobos, 2020) as suggested by Wilks 

(1995). 

For a given month and time scale, the cumulative probability ( )G x  of 

an observed amount of precipitation is given by: 

( )
( )

ˆˆ

ˆ 0

1

ˆ ˆ

x
xG x x e dx 

 

−=


  (2.3) 

Let ˆt x = , we reduce the expression to the following function, called 

the incomplete gamma function: 

( )
( )

ˆ 1

0

1

ˆ

x
tG x t e dt



− −=
   (2.4) 

The gamma distribution is not defined for 0x = , and the probability of 

zero precipitation ( )0q P x= =  being positive, the cumulative 

probability becomes. ( ) ( ) ( )1H x q q G x= + −  

Where q the probability is zero. The cumulative probability ( )H x  is then 

transformed to the standard normal random variable Z with mean 

zero and variance one, which is the value of the SPI following Mckee 

et al., (1993) appropriate conversion which is provided by Abromowitz 

and Stegun (1965) is then employed as an alternative: 
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The standardized precipitation index (SPI) based on a fitted Gamma 

distribution has been calculated for 3, 6, 9, 12, and 24 months. Despite 

the existence of SPI for only a decade, it has been used in various 

applications with notable success in describing and monitoring 

drought conditions (Almedeij, 2014). SPI can also be used as an 

indicator of drought severity or excessive wetness and in the design of 

drought and flood contingency plans. 

The SPI series from 1981 to 2000 is used for this study out of which 80% 

of the data is used for the development of the model (training) and 

20% used for validation (testing).  Based on the steps for developing 

the ARIMA models, the ARIMA models fit for SPI3, SPI6, SPI9 and SPI12 

are identified respectively. These models are ARIMA (2, 1, 5); SPI3; 

ARIMA (4, 1, 5); SPI6; ARIMA (2, 1, 3); SPI9 and ARIMA (1, 1, 5); SPI12. It 

was observed that most of the SPI time series have the stationary 

features.  

 

Results and discussion 

 
Figure 1 Monthly Rainfall data for Kuala Krai Station 
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Figure 2 Time series plot of the observed data for the four SPI data  

Figure 2 is the plot for the actual data for all the SPIs (SPI3, SPI6, SPI9 

and SPI12) which plots from the respective SPI data series as obtained. 
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Figure 3 Time series plot showing both observed and forecasts data 

with 95% CL  
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Figure 3 is showing both the plots for the actual or observed data and 

the forecasts. It can be observed that both observed and the predicted 

values follow the same pattern and closely related. This is an indication 

that the chosen model fitted the data. It is obvious that the fitted data 

follow the original data very closely (SPI3, SPI6, SPI9 and SPI12). This 

shows that the chosen best ARIMA models capture the patterns of the 

SPI series.  

 

Table 2 showing the model results of SPI data for both training and 

testing phases 

Data Model Training Testing 

RMSE MAE R RMSE MAE R 

SPI3 ARIMA (2,1,5) 

ARIMA (3,1,5) 

ARIMA (4,1,5) 

0.6877 

0.6984 

0.6915 

0.4142 

0.4361 

0.4417 

0.7352 

0.7153 

0.7283 

0.7013 

0.7524 

0.7079 

0.4821 

0.5512 

0.5131 

0.6289 

0.5671 

0.6174 

SPI6 ARIMA (3,1,5) 

ARIMA (3,1,6) 

ARIMA (4,1,5) 

0.6979 

0.6973 

0.6936 

0.4941 

0.4984 

0.4001 

0.7498 

0.7506 

0.7539 

0.6923 

0.6993 

0.6564 

0.4398 

0.4832 

0.4441 

0.6234 

0.6056 

0.6323 

SPI9 ARIMA (1,1,4) 

ARIMA (2,1,3) 

ARIMA (2,1,4) 

0.5188 

0.5189 

0.5167 

0.3755 

0.3756 

0.3690 

0.8729 

0.8729 

0.8739 

0.7804 

0.7706 

0.7838 

0.6276 

0.6199 

0.6313 

0.5092 

0.5244 

0.5150 

SPI12 ARIMA (1,1,5) 

ARIMA (3,1,3) 

ARIMA (3,1,5) 

0.4336 

0.4335 

0.4332 

0.2911 

0.2908 

0.2901 

0.7143 

0.7144 

0.8145 

0.7018 

0.8803 

0.8713 

0.5574 

0.6562 

0.6907 

0.6104 

0.6039 

0.6016 

 

Table 2 shows the performance results obtained in the training and 

testing periods of the ARIMA model for all the SPI data. As presented 

in Table 2, it can be observed that most of the best performances using 

the ARIMA model for Kuala Krai study station with the models having 

the lowest MAE and RMSE and R with the highest values are bold. This 
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indicates that the chosen best ARIMA models capture the patterns of 

the SPI series. However, the models that fit the data well are the ones 

bolded. 

 

Measures of performance 

The performance of drought forecasting model is assessed by 

computing these measures of accuracy. However, for this study, three 

prediction evaluation criteria methods RMSE, MAE, and R, are used.  

1

1
ˆ

n

i i

i
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n =

= −  (0.1) 

1
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i i
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MAE y y
n =

= −  (0.2) 

1

1/2 1/2

2 2

1 1

ˆ ˆ( )( )

ˆ ˆ( ) ( )

n

i i i i

i

n n

i i i i

i i

y y y y
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− −

=
   

− −   
   



 

 (0.3) 

 

Conclusion 

In this study, the ARIMA models are developed to forecast drought 

using the SPI as the drought index. The results show that the selected 

ARIMA models are appropriate for the SPI series. The ARIMA models 

demonstrate better capability for all the SPI series. The study also 

shows that the ARIMA models have a good forecasting capability for 

the SPI series with shorter and longer time scales. Therefore, the 

selected best ARIMA models developed from the SPI time series can 

be used for drought forecasting in the Kuala Krai station. This study 

contributes to the exploration of a feasible way on drought 

forecasting in the station. The results demonstrate that the developed 

ARIMA models have a good forecasting ability and can be used for 

drought forecasting. Further study should be focused on improving 
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the accuracy of the model forecasting, and on studying the types of 

droughts described by the SPI series with different time scales, which 

will efficiently support the local authorities to alleviate the impacts 

affected by drought, and to reasonably use the water resources. 
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