
 

TIMBOU-AFRICA ACADEMIC PUBLICATIONS 
NOV., 2021 EDITIONS, INTERNATIONAL JOURNAL OF: 

 

TIJASDR 

AFRICAN SUSTAINABLE DEV. RESEARCH VOL.7 

79 
ISSN: 2067-4112 

 

IME SERIES DROUGHT 

FORECASTING USING RBF 

WAVELET-GMDH MODEL WITH 

STANDARDIZED PRECIPITATION INDEX 
 

1ABUBAKAR MUHAMMAD AUWAL; 
1ALHAJI ISMAILA SULAIMAN; 
2MOHAMMED SALISU ALFA 

1Department of Statistics, Nasarawa State 

University Keffi, Nasarawa State. 2Department of 

Statistics, Federal Polytechnic Bida, Niger State 

 

Introduction 

orecasting drought using SPI data is very 

important in the management of water 

resources and planning. Time series 

forecasting have commonly been used in a broad 

range of scientific applications that includes 

meteorology and hydrology (Shah et al., 2010). On 

the other hand, Drought is described by Shabri (2014) 

as one of natural phenomenon involving climate 

which is the first natural disaster in the world over 

which affects places and inflicting significant 

damages to both human beings and the environment 

in which they live. Dalwadi, (2016) described drought 

as a normal feature of climate that occur which is due 

to rainfall that is below average in a place that leads 

to shortage of water, loss in economic activity and 

unexpected reduction in precipitation over time  
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ABSTRACT  
Drought 

forecasting is a 

significant 

aspect of time 

series 

forecasting 

among 

researchers 

using numerous 

available models 

to achieve the 

desired goal. 

This paper, 

therefore, 

proposes an 

advanced 

method to 

improve the 

drought 

forecasting 

capability of the 

existing models. 

The proposed  
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which is one of the most harmful natural disasters that affects human 

beings.   

Standardized Precipitation Index (SPI) is a normalized index which 

represents the probability of occurrence of an observed rainfall amount 

when compared with the rainfall climatology at a certain geographical 

location over a long-term. Negative SPI values represent rainfall deficit 

whereas positive SPI values indicate a surplus of rainfall. The standardized 

model is the Radial Basis Function (RBF) Wavelet-Group Method of Data 

Handling (W-GMDH) developed by integrating Discrete Wavelet 

Transform (DWT) with GMDH model using the Standardized 

Precipitation Index (SPI) drought data for forecasting to assess the 

effectiveness of the model.  We used four SPI data series (SPI3, SPI6, SPI9 

and SPI12) made up of 600 of SPI data from January 1968 to December 

2015. This was divided into 80% for training and 20% for testing. The 

results of the proposed model were compared with that of the W-ARIMA 

and RBF GMDH models with the Root Mean Square Error (RMSE), Mean 

Average Error (MAE) and coefficient of correlation (R) as the 

performance measures. The outcome of the proposed RBF W-GMDH 

model for SPI3 data RMSE = 0.2210, MAE = 0.1879 and R = 0.9495; SPI6 

data RMSE = 0.1976, MAE = 0.1745 and R = 0.9644; SPI9 data RMSE = 

0.4076, MAE = 0.3947 and R = 0.9526 and SPI12 data RMSE = 0.3016, MAE 

= 0.2339 and R = 0.9420 which outpowered the results of the W-ARIMA 

and W- GMDH, indicating that the proposed method can achieve the best 

forecasting performance in terms of accuracy for each of the SPI data 

series. The key role played by the DWT is to smooth the analysis of SPI 

data obtained after the wavelet decomposition used to decompose the 

SPI data into different number of components to minimize the 

forecasting error. In all the results, the proposed model has a minimum 

error indicating its superiority over the other models.   
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precipitation index (SPI) has many characteristics that are upgraded over 

other indices with its simplicity and flexibility (Shah et al., 2015). Masih et al., 

(2014) revealed that drought occurs slowly and lasts for a longer period 

usually more than a season, which has a natural hazard that is a broad and 

severer impact. SPI has many characteristics that are upgraded over other 

indices with its simplicity and flexibility (Shah et al., 2015). Adhyani et al. 

(2017), revealed that drought occurs slowly and lasts for a longer period 

usually more than a season, which has a natural hazard that is a broad and 

severer impact. 

 

Methodology 

Rainfall observations from a specific station were used to establish SPI time 

series. The aim of SPI is to assign a single numeric value to the precipitation 

which can be compared across regions with different climates. SPI 

developed by Mckee (1993) which is used in over 60 countries was applied 

as a drought indicator (Svoboda & Hayes, 2010). According to (Wu, Hayes, 

Weiss, & Hu, 2001), SPI works as a “difference of precipitation which is from 

the mean is 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 is allowed for 

estimating both the 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 (Carrão et al., 2016). 

SPI data series has advantages of being simple, uses only rainfall as input 

parameter, normalized and can be used to compare the drought severity for 

areas with different climates, uses different time scales, can be used to 

assess different types of drought or different planning purposes, provides 

early warning of drought, less complex, has historical context and is based 

on precipitation only. 
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Auto-Regressive Integrated Moving Average (ARIMA) Model 

The Autoregressive Moving Average (ARMA) model assumes that the time 

series data is stationary. However, real data are mostly not stationary in 

nature. Therefore, time series data is made stationary by the differencing 

process. The first order of the differencing process of time series  tX  is 

defined as  1

1t t tX X X −= − . ARMA time series which is made stationary due to 

the differencing process is referred to as the ARIMA model. ARIMA model 

is made up of three parameters namely P (order of autoregressive model), 

d (order of differencing) and q (order of moving average model). 

An ARIMA (0, 2, 2) model is given by  

 

( ) ( )
2

1 2 1
2 2 1

t t
t t t tX X X

 
   

−
− − −

= − + + − + − +                    (2.1) 

 

Non-seasonal ARIMA models 

 
1 1 1

1 1 1 1... ...t t p t p t q t q tX C X X e e    − − − −= + + + + + + +                                     (2.2) 

 

Where: 1

tX  is the differenced series (It may have been differenced more 

than one time), the “predictors” on the RHS included both lagged values of 

tX and lagged errors. This is referred to as ARIMA (p, d, q) model in which P 

= order of the autoregressive part, d = degree of first differencing involved, 

q = order of moving average part,  ,   are polynomials of order p and q 

 

( )( ) ( )1 11 ... 1 1 ...
dP q

P t q tX C e        − − − − = + + + +          (2.3) 

 

First-term referred to AR(p), Second term referred to d = differencing, RHS 

part referred to MA(q), 

Selecting the appropriate values for p, d, and q can be difficult, hence, 

relevant software can be used. 

Seasonal ARIMA models are given by: - 
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( ) ( )( ) ( ) ( )( )4 4 4

1 1 1 11 1 1 1 1 1
yt et

         − − − − = + +                (2.4) 

First-term represents Non-seasonal AR (1); Second term represents 

Seasonal AR (1); the Third term represents non-seasonal difference; Fourth 

term represents Seasonal difference. 

Then from the right-hand side of the equation, 

 

Group Method of Data Handling (GMDH) 

Group Method of Data Handling (GMDH) algorithm is a multivariate analysis 

technique used in modeling and identifying uncertainty on linear or 

nonlinear structures. This algorithm was first introduced in 1967 by A.G. 

Ivakhnenko. This has been the approach from the beginning of the 

application of GMDH model by various researchers using algorithms were 

primary and practical 

results were achieved at the base of the new theoretical ideologies (Uddin 

et al., 2017). The main idea of GMDH is the use of feed-forward networks 

based on short-term polynomial transfer functions whose coefficients are 

obtained using regression combined with emulation of the self-organizing 

activity. 

GMDH second order polynomial given by: 

 

0

1 1 1 1 1 1

...
n n n n n n

i i ij i j ijk i j k

i i j i j k

y V c x V x x V x x x
= = = = = =

= + + + +  
                                  (2.5) 

 

This is called Kolmogorov-Gabor Polynomial. Where ( )1 2, ,... nX x x x , is the 

input variable vector. Where n is the number of inputs ( )1 2, ,... nV v v v . For 

most of the application the quadratic aspect is called Partial Descriptions 

(PD) for two variables only is used. It is in the form of: 

 
2 2

0 1 2 3 4 5
ˆ

i j i j i jy v v x v x v x v x v x x= + + + + +      (2.6) 
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Which is used to predict the output. The input variables are ( )1 2, ,... nX x x x  

and output is set to  y . The coefficients iv for i =0, 1…,5 is determined by 

using the least square method. 

( )1 2, ,... nV v v v , is the vector coefficient weight. 

GMDH is developed with polynomial in equation 1 as PD as contained in 

table1 where M is the total number of inputs 

 

Discrete wavelet transform (DWT) 

A wavelet is a mathematical function which is used in digital signal 

processing and image compression. Wavelet analysis is becoming a well-

known tool because of its ability to show information within the signal in 

both the time and scale domains (Nourani et al., 2015). Wavelet is a 

mathematical procedure that involves the transformation of the original 

signal (most especially in the time domain) into a different domain in 

processing and in the analysis (Dong et al., 2009). Shabri (2014), in his study 

of hybrid wavelet and adaptive neuro-fuzzy inference system for drought 

forecasting stated that wavelet analysis is one of the most powerful tools 

to study time series. In another study Shabri & Samsudin (2015) described 

wavelet analysis as a multi-decomposition analysis that provide information 

for time and frequency domains and provide useful decompositions of the 

original time series for the wavelet–transformed data to improve the power 

of a forecasting model. Wavelet is a tool in time series forecasting whose 

importance is applied by many researchers. One of the basic objectives of 

wavelet transforms is to analyze the time series data.  

DWT is a mathematical instrument that gives strong representation 

involving a time-frequency in the time domain for a signal to be analyzed 

(Okkan, 2012 and Danandeh et al., 2014). Wavelet transformations provide a 

very useful decomposition of the original time series by capturing a very 

useful information on the various decomposition levels. To obtain a number 

of decomposition level, the formula by Wang & Ding, (2003) and Nourani et 

al., (2009) is applied. This is given as: 
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                         ( )logL INT N=                   (2.7)                             

      

Where L is the decomposition level and N is the number of the SPI data 

series. In the formula, the original SPI drought data series is decomposed 

into L  components from A to 1LD −  (A1, D1, D2. . ., 1LD − ) which stands for 

different frequency components of the original data. In this paper, the 

number of decomposition levels, N, is equal to 5. 

Instead of using the D’s component separately, as input model, we employ 

added suitable D’s component which is more useful and capable of 

increasing the forecast performances of the models. 

 

 
Figure1 showing the graph of all the wavelets 

 

Figure1shows all the Discrete Wavelet Transform (DWT) obtained as A, D1, 

D2, D3, D4, D5 Using equation (2.7) 

 

Wavelet-GMDH model  

We propose the combination of wavelet with the GMDH to obtain the W-

GMDH model for the drought forecasting being proposed. This is to 

enhance the conventional GMDH by bringing the wavelet method and 

GMDH model together to form one model. On the side of DWT, the SPI data 
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series were decomposed into 5 levels A, D1, D2, D3, D4, D5) using the earlier 

given formula                 ( )logL INT N=    ). The components of DWT are 

chosen and used as input GMDH model with the purpose of improving the 

forecasting performance of the combination of W-GMDH model (Badyalina, 

2014). The selection of these components of DWT is also to allow the GMDH 

to determine the features of the SPI data series which produces a good 

estimate. In the view of Zou & Yang, (2004), the combination of two models 

usually enhance the performance of the new model. 

The key importance of applying the DWT is to smooth the analysis of SPI 

data obtained after the wavelet decomposition. Wavelet transform 

decomposes the SPI data into different number of component series to 

minimize the error criterion (Basheer & Khamis, 2016). The combination of 

two different models enhance the performance of the new model (Zou & 

Yang, 2004) 

 

RBF W-GMDH 

Vapnik (1995) is of the view that any function which satisfies Mercer’s 

conditions is capable to be used as a Kernel function which is expressed 

mathematically as: - 

 

( ) ( ) ( ),
T

i j i jK x x x x                       (2.8) 

 

Presently, there exist four common kernel functions in machine learning 

theories which are linear kernel, polynomial kernel, multilayer or Sigmoid 

kernel and Gaussian kernel or radial basis function kernel (RBF) kernel. For 

this research, we have chosen the RBF kernel. Its choice is due to its better 

performance and simple to handle than other kernel function types. It can 

reduce the computational training process and improve the generalization 

performance (Chan et al., 2009, Teddlie & Yu, 2007). The comparative study 

by Dibike et al., (2001) and Huang, (Huang et al., (2014) showed that the RBF 

kernel performs better than other kernel functions in the rainfall-runoff 

modeling. Therefore, the RBF with  as the parameter is used in this study. 
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The most used kernel is the RBF because it has localized and finite response 

along the entire x-axis. 

RBF kernel with parameter  is given by: - 

( ) ( )
2

, exp , 0i j i jK x x x x= − −           (2.9) 

 

In the machine learning RBF kernel is used along with a cubic polynomial of 

the form 

 

            3 2Y ax bx cx d= + + +            (2.10) 

 

Where  , ,a b c and d are constants and a is not zero. Similarly, in 

machine learning a “kernel” is seldom used as a linear classifier to solve a 

non-linear problem. The kernel function is applied to individual data to 

enable it to map the original non-linear observations into a higher 

dimensional space. 

                                           

Results and Findings 

In this research, the SPI data of 600 for the period of 47 years from January 

1968 to December 2015 were used. In all, 500 datasets representing 80% 

were used for training and the remaining 100 datasets representing 20% 

were used for testing. The results of the precipitation correspond to the 3, 

6, 9 and 12-months data sets were used, and their corresponding 

Standardized Precipitation Indexes (SPIs) computed. The time series for 

these SPIs values are computed.  

To determine the GMDH model, the following variables must be 

determined, the number of input nodes and layers. The choice of the 

number of inputs must correspond to that of the variables. The 

determination of the optimal number of input nodes is crucial and 

complicated. Similarly, to produce W-GMDH and RBF W-GMDH, we obtained 

six levels of inputs (2, 4, 6, 8.10 and 12) and five layers for the experimental 

analysis to reduce the tedious computational burden. 

The following plots represents the various SPI time series data 
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Figure 2 showing the graph of various SPI time series data  

Figure 2 shows the graphs of all the various SPI data sets used for the 

analysis. The graphs also indicate the stationarity of the data. 

A  

D1  

 
D2 

 
D3 
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D4 

 
D5 

 

Figure 3 showing the graph of various wavelets (A, D1, D2, D3, D4, D5) for the 

inputs 

 

Table2 Showing the Best W-ARIMA, RBF GMDH and RBF W-GMDH Models 

Data         Model RMSE MAE R 

SPI3   W-ARIMA 

      RBF GMDH 

           RBF W-GMDH 

 

SP16   W-ARIMA 

     RBF GMDH 

0.5622 

0.9292 

0.2210 

 

0.5649 

0.5631 

0.4312 

0.8007 

0.1879 

 

0.4584 

0.4509 

0.8202 

0.5271 

0.9475 

 

0.8585 

0.7381 
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          RBF W-GMDH 

 

SPI9   W-ARIMA 

     RBF GMDH 

          RBF W-GMDH 

 

SPI12 W-ARIMA 

           RBF GMDH 

         RBF W-GMDH 

0.1976 

 

0.5253 

0.5389 

0.4076 

 

0.5009 

0.3215 

0.3016 

0.1745 

 

0.4420 

0.4427 

0.3947 

 

0.3505 

0.2482 

0.2339 

0.9644 

 

0.8881 

0.8501 

0.9526 

 

0.8879 

0.9317 

0.9420 

 

Table 2 describes the diverse results of the analysis carried out for all the SPI 

data series used in the study. The results are the summary of the best 

selected inputs from the six inputs considered (inputs 2, 4, 6, 8, 10 and 12). 

For each model, the inputs with the least error (RMSE and MAE) and the 

highest coefficient of correlation (R) were chosen for comparison. In each 

of the SPI data, the RBF W-GMDH model recorded the least in terms of 

RMSE and MAE demonstrating that it is better than the other two models 

(W-ARIMA and RBF GMDH) used in drought forecasting. This is an indication 

that the proposed model has proved its worth of superiority.  

 

Measures of Performance Evaluation 

The performance evaluation criteria are universally used to evaluate the 

results of time series forecasting as stated in several literatures. These 

measures are used as given by Hyndman, (2014)  and Shcherbakov & 

Brebels, (2013). ‘Standards’ statistical measures of the forecast accuracy are 

made up of MSE and MAE Makridakis et al., (1998). The criteria for 

adjudicating the best model are how relatively small these values are in both 

the training and forecasting of the data. This is necessary to measure the 

amount by which an estimator differs from the original true value. Hence, 

the measure with smaller values is usually chosen as the best. They include, 

the Mean Square Error (MSE), Root Mean Square Error (RMSE), Mean 

Average Error (MAE), Mean Average Percentage Error (MAPE) and 

Correlation Coefficient (R). 
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The performance of drought forecasting model is evaluated by computing 

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

evaluation criteria methods (RMSE, MAE and R) are selected in our drought 

forecasting. Another popular application of these measures of performance 

was used by Dawson et al., (2007) and defined as follows: -  

                                          

1

1
ˆ

n

i i

i

RMSE y y
n =

= −                           (3.1)                

1

1
ˆ

n

i i

i

MAE y y
n =

= −                     (3.2) 

 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

R

y y y y

=

= =

− −

=
   

− −   
   



 

         (3.3)                                                                     

                                  

Where ˆ
iy  are the predicted values at time i, and iy  are the actual values at 

time i, and n is the number of Predictions. 

 

Conclusion 

From the various analysis carried out, we have been able to propose a RBF 

Wavelet-GMDH (RBF W-GMDH) model by integrating the DWT with GMDH 

for drought forecasting. To achieve this, RBF kernel was used as a classifier 

to solve a non-linear problem. It was applied o individual data to enable it to 

map the initial non-linear data set into a higher dimensional space. DWT was 

used to decompose SPI data into many sample series. The components of 

the wavelet decomposition were applied as input to GMDH model for the 

purpose of drought forecasting and the results were then compared. The 

performance accuracy measure of the RBF W-GMDH for the errors gave a 

better forecasting results compared with the W-ARIMA and RBF GMDH 

models as presented in the tables. The performance evaluation of the 

proposed model showed great improvement and a potential method in SPI 

drought forecasting. The major key role played by the DWT is to smooth the 
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analysis of SPI data obtained after the wavelet decomposition which was 

also used to decompose the SPI data into different number of component 

series to minimize the forecasting error. The results revealed that RBF W-

GMDH model surpasses the other two models since it produces the least 

error for all the inputs of SPI data series considered. RBF W-GMDH model is 

hereby recommended as a tool which can be used for drought forecasting.            
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