
 

 

 

 

Abstract.  Long-term drought forecasts can be an effective tool for 
mitigating some of the more adverse consequences of drought. Data 
driven models are suitable forecast tools due to their minimal 
information requirements and rapid development times. This study 
explores the effectiveness of wavelet analysis for forecasting long-
term drought conditions in the Awash River Basin of Ethiopia. 
Wavelet transforms have recently shown great ability in modeling and 
forecasting nonlinear and non-stationary time series in hydrologic 
forecasting studies. Wavelet transforms are used in this study to pre-
process inputs the machine learning techniques, namely artificial 
neural network (ANN) and support vector regression (SVR) models. 
The coupling of wavelet transforms and support vector regression for 
the purpose of drought forecasting is a new method proposed for the 
first time in this study. The Standard Precipitation Index (SPI) was the 
drought index chosen to represent drought conditions in the Awash 
River Basin. The performances of all models were compared using 
RMSE, MAE, R2 and a measure of persistence. The forecast results 
indicate that the coupled wavelet-neural network (WANN) and 
wavelet-support vector regression (WSVR) models were effective 
models for forecasting SPI values over long lead times in the Awash 
River Basin. 
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Introduction 

Drought occurs in all climatic zones and its characteristics vary significantly from region to 
region. Droughts often become highly visible when they are associated, rightly or wrongly, with 
famine. Accurate long-term drought forecasts can enable water authorities to effectively plan 
and prepare for the consequences of a drought. There are many drought forecasting methods; 
however, as drought is a common phenomenon throughout the world, research is required to 
determine which forecasting method is most suitable for a given watershed. Modeling deficits in 
precipitation can be done using either physical or data driven models. Although physical models 
are good at providing physical interpretation and insight into catchment processes, they have 
been criticized for a number of reasons that include: being difficult to implement for real time 
forecasting applications; requiring many different types of data that are often difficult to obtain; 
requiring knowledge of relationships between various input and output variables; being difficult 
to construct; and, resulting in models that are overly complex, leading to problems of over 
parameterization (Beven, 2006). This is in contrast to data driven models, which have found 
appeal due to their minimum information requirements, rapid development times, simplicity, and 
accuracy in hydrologic forecasting (Adamowski, 2008). 

The main objective of this study was to compare the effectiveness of coupled wavelet 
transforms and machine learning techniques for drought forecasting in the Awash River Basin of 
Ethiopia. The standardized precipitation index (SPI) was the drought index forecasted in this 
study, as it is a good indicator of the variability of East African droughts (Ntale and Gan, 2003). 
SPI 12 and SPI 24 are forecast for lead times of 6 and 12 months; SPI 12 and SPI 24 are good 
indicators of long-term drought conditions. A SPI 12 forecast of 6 months lead time represents a 
6 month warning time for SPI 12. A 6-month forecast lead time is a typical long-term forecast 
(Kim and Valdes, 2003 and Mishra and Singh, 2006). SPI 12 is a comparison of the precipitation 
for 12 consecutive months with the same 12 consecutive months during all the previous years of 
the long-term precipitation record, while SPI 24 is a comparison of the precipitation for 24 
consecutive months with the same 24 consecutive months during all the previous years. These 
SPI values at these time scales are likely tied to streamflows, reservoir levels, and even 
groundwater levels at the longer time scales.  

Theoretical Development 

The Standard Precipitation Index (SPI) 

The standardized Precipitation Index (SPI) was developed by McKee et al. (1993). The SPI 
index is based on precipitation alone making its evaluation relatively easy compared to other 
drought indices, namely the Palmer Index and the crop moisture index (Cacciamani et al., 
2007). A major advantage of the SPI index is that it makes it possible to describe drought on 
multiple time scales (Tsakiris and Vangelis, 2004; Mishra and Desai, 2006; Cacciamani et al., 
2007). The SPI is also standardized which makes it particularly well suited for the comparison of 
droughts in different time periods and regions with different climates (Cacciamani et al., 2007). 
The SPI was selected for these reasons and it was also determined to be the best drought index 
for representing the variability in East African droughts (Ntale and Gan, 2002). 

The computation of the SPI requires fitting a probability distribution to aggregated monthly 
precipitation series (3, 6, 12, 24, 48 months). The probability density function is then 



 

 

 

transformed into a normal standardized index whose values classify the category of drought 
characterizing each place and time scale (Cacciamani et al., 2007). The SPI can only be 
computed when sufficiently long (at least 30 years) and possibly continuous time-series of 
monthly precipitation data are available (Cacciamani et al., 2007). SPI values can be 
categorized according to classes (Cacciamani et al., 2007). Normal conditions are established 
from the aggregation of two classes: −1 < SPI < 0 (mild drought) and 0 ≤ SPI ≤ 1 (slightly wet). 
SPI values are positive or negative for greater or less than mean precipitation, respectively. 
Variance from the mean is a probability indication of the severity of the flood or drought that can 
be used for risk assessment (Morid et al., 2007). The more negative the SPI value for a given 
location, the more severe the drought. The time series of the SPI can be used for drought 
monitoring by setting application-specific thresholds of the SPI for defining drought beginning 
and ending times. Accumulated values of the SPI can be used to analyze drought severity. In 
this study, an SPI_SL_6 program developed by the National Drought Mitigation Centre, 
University of Nebraska-Lincoln, was used to compute time series of drought indices (SPI) for 
each station in the basin and for each month of the year at different time scales. 

The Awash River Basin 

In this study, the SPI was forecasted for the Awash River Basin in Ethiopia (Figure 1). Drought 
is a common occurrence in the Awash River Basin (Edossa et al., 2010).  A survey conducted in 
the basin revealed that major droughts occurred every two years within the area (Desalegn et 
al., 2006). In some years almost the entire country is subjected to drought (Desalegn et al., 
2006). Ethiopia’s weather and climate are extremely variable both temporally and spatially. The 
heavy dependence of the population on rain-fed agriculture has made the people and the 
country’s economy extremely vulnerable to the impacts of droughts. Current monthly and 
seasonal drought forecasts are done using the normalized vegetation index (NDVI). While the 
NDVI is an effective drought index it is sensitive to changes in vegetation and has limitations in 
areas where vegetation is minimal. Forecasts of SPI 12 and SPI 24 are not dependent on 
vegetative cover and can be used as another tool for drought forecasts within the basin and the 
country as a whole to complement the NDVI forecasts. 

The mean annual rainfall of the basin varies from about 1,600 mm in the highlands to 160 mm in 
the northern point of the basin. The total amount of rainfall also varies greatly from year to year, 
resulting in severe droughts in some years and flooding in others. The total annual surface 
runoff in the Awash Basin amounts to some 4,900 ×106 m3 (Edossa et al., 2010). The basin 
was divided into three smaller sub-basins based on altitude, climate, topography and 
agricultural development. The division of the Awash River Basin into three sub-basins allows for 
the analysis of the forecasting results based on differing physical conditions and to ensure the 
methods used in this study were effective in forecasting long-term drought in different 
conditions. Effective forecasts of the SPI can be used for mitigating the impacts of hydrological 
drought that manifests as a result of rainfall shortages in the area. The climate of the Awash 
River Basin varies between a mild temperate climate in the Upper Awash sub-basin to a hot 
semi-arid climate in both the Middle and Lower sub-basins. The Awash River Basin supports 
farming, from the growth of lowland crops such as maize and sesame to pastoral farming 
practices. Rainfall records from 1970-2005 were used to generate SPI 12 and SPI 24 time 
series from each station.  



 

 

 

 
 

Figure 1. Awash River Basin (Source: Edossa et al., 2010). 

Model Development 

Wavelet Decomposition 

When conducting wavelet analysis, the number of decomposition levels that is appropriate for 
the data must be carefully selected. Often the number of decomposition levels is chosen 
according to the signal length (Tiwari and Chatterjee, 2010) given by L = int[log(N)], where L is 
the level of decomposition and N is the number of samples. According to this methodology, the 
optimal number of decompositions for the SPI time series in this study would have been 3. 
However, in this study, each SPI time series was decomposed between 1 and 9 levels. The best 
results were compared at all decomposition levels to determine the appropriate level. The 
optimal decomposition level varied between models. Once a time series was decomposed into 
an appropriate level, the subsequent approximation series was either chosen on its own, in 
combination with relevant detail series or the relevant detail series were added together without 
the approximation series. With most SPI time series, choosing just the approximation series 
resulted in the best forecast results. In some cases, the summation of the approximation series 
with a decomposed detail series yielded the best forecast results. The appropriate 
approximation was used as an input to the ANN and SVR models. 

WANN Models 

The WANN models used to forecast the SPI were recursive models. The input layer for the 
models was comprised of the SPI values computed from each rainfall gauge in each sub-basin. 
The input data was standardized from 0 to 1. The WANN models were trained in the same way 
as traditional ANN models, with the exception that the inputs were made up from either the 
approximation series, or a combination of the approximation and detail series after the 
appropriate wavelet decomposition was selected. The model architecture for WANN models 
consists of 5-10 neurons in the input layer, 4-7 neurons in the hidden layer and one neuron in 
the output layer. 



 

 

 

All WANN models were created with the MATLAB (R.2010a) ANN toolbox. The hyperbolic 
tangent sigmoid transfer function was the activation function for the hidden layer, while the 
activation function for the output layer was a linear function. All the WANN models in this study 
were trained using the LM back propagation algorithm. The LM back propagation algorithm was 
chosen because of its efficiency and reduced computational time in training models (Adamowski 
and Chan, 2011). 

There are between 5-10 inputs for each WANN model. The optimal number of input neurons 
was determined by trial and error, with the number of neurons that exhibited the lowest root 
mean square error (RMSE) value in the training set being selected. The inputs and outputs were 
normalized between 0 and 1. Traditionally the number of hidden neurons for neural networks is 
selected via a trial and error method. However, a study by Wanas et al. (1998) empirically 
determined that the best performance of a neural network occurs when the number of hidden 
nodes is equal to log (N), where N is the number of training samples. Another study conducted 
by Mishra and Desai (2006) determined that the optimal number of hidden neurons is 2n+1, 
where n is the number of input neurons. In this study, the optimal number of hidden neurons 
was determined to be between log(N) and (2n+1). For example, if using the method proposed 
by Wanas et al. (1998) gave a result of 4 hidden neurons and using the method proposed by 
Mishra and Desai (2006) gave 7 hidden neurons, the optimal number of hidden neurons is 
between 4 and 7; thereafter the optimal number was chosen via trial and error. These two 
methods helped establish an upper and lower bound for the number of hidden neurons. 

For all the WANN models, 80% of the data was used to train the models, while the remaining 
20% of the data was divided into a testing and validation set with each set comprising 10% of 
the data. 

WSVR Models 

All WSVR models were created using the OnlineSVR software created by Parrella (2007), which 
can be used to build support vector machines for regression.  The data was partitioned into two 
sets: a calibration set and a validation set. 90% of the data was partitioned into the calibration 
set while the final 10% of the data was used as the validation set. Unlike neural networks the 
data can only be partitioned into two sets with the calibration set being equivalent to the training 
and testing sets found in neural networks. All inputs and outputs were normalized between 0 
and 1.  

All WSVR models used the nonlinear radial basis function (RBF) kernel. As a result, each 
WSVR model consisted of three parameters that were selected: gamma (γ), cost (C), and 
epsilon (ε).  The γ parameter is a constant that reduces the model space and controls the 
complexity of the solution, while C is a positive constant that is a capacity control parameter, 
and ε is the loss function that describes the regression vector without all the input data (Kisi and 
Cimen, 2011). These three parameters were selected based on a trial and error procedure. The 
combination of parameters that produced the lowest RMSE values for the calibration data sets 
were selected.  

Results and Discussion 

In the present study the ability of the aforementioned models to effectively forecast SPI 12 and 
SPI 24 over different lead times was evaluated.   

In the following sections, the forecast results for the best models in each sub-basin are 
presented. The forecasts presented are from the validation data sets for time series of SPI 12 
and SPI 24, which are mostly used to describe long-term drought (hydrological drought). The 



 

 

 

models were recursive models, where a model is forecast one lead time ahead and the 
subsequent forecasts include the output from the previous forecast as an input. Hence, a 
forecast of 6 months lead time will have the outputs from forecasts of lead times of 1-5 months. 
For example, if a forecast of 12 months lead time has an input of SPI (t+8), it is the forecast of a 
SPI value at 8 months lead time. This output is subsequently being used as an input in a model 
with a greater lead time. 

Table 1. Performance results for the Ejersalele station, Upper Awash Basin.  

Model - Lead time SPI 12 SPI 24 

R2 RMSE MAE R2 RMSE MAE 

WANN-L6 

WANN-L12 

WSVR-L6 

WSVR-L12 

0.8690 

0.8162 

0.8365 

0.7342 

0.2066 

0.2208 

0.2221 

0.2645 

0.1821 

0.2128 

0.2053 

0.2406 

0.8791 

0.8277 

0.8683 

0.8420 

0.1778 

0.3372 

0.2287 

0.3353 

0.1632 

0.3362 

0.2023 

0.3209 

As shown in Table 1, the best data driven model in the Upper Awash Basin for forecasts of SPI 
12 and 24 is the WANN model. All the models exhibited better results for forecasts of 6 months 
lead time (L6) compared to forecasts of 12 months lead time (L12). Forecasts of SPI 24 had 
better performance results than forecasts of SPI 12 in terms of R2, RMSE and MAE, regardless 
of forecast lead time. The best 6 month lead time WANN forecast of SPI 12 had results of 
0.8690, 0.2066 and 0.1821 in terms of R2, RMSE and MAE, respectively. Figures 2 and 3 show 
the WANN and WSVR 6 months forecast results for SPI 12 at the Ejersalele station. 

The performance of both these models is quite similar, as indicated by Figures 2 and 3. Both 
models adequately represent the periods of abundant and acute precipitation as indicated by 
the peaks and valleys in the figures.  

 

Figure 2. SPI 12 forecast results for the best WSVR model at the Ejersalele station (6 months 
lead time) 

 



 

 

 

 

Figure 3. SPI 12 forecast results for the best WANN model at the Ejersalele station (6 months 
lead time) 

Similar to the results for the Upper Awash Basin, the best forecast results in the Middle Awash 
Basin were from WANN models. The WANN models had the best results for both SPI 12 and 
SPI 24, for forecast lead times of 6 and 12 months, respectively (Table 2). The forecast results 
of all the data driven models deteriorated when the forecast lead time was increased. 

Table 2. Performance results for the Nazereth station, Middle Awash Basin.  

Model - Lead time SPI 12 SPI 24 

R2 RMSE MAE R2 RMSE MAE 

WANN-L6 

WANN-L12 

WSVR-L6 

WSVR-L12 

0.8403 

0.7942 

0.8303 

0.7733 

0.2097 

0.2428 

0.2537 

0.2595 

0.1804 

0.2293 

0.2375 

0.2344 

0.8515 

0.8101 

0.8428 

0.7996 

0.2017 

0.2311 

0.2512 

0.2629 

0.1743 

0.2176 

0.2371 

0.2419 

 

Table 3. Performance results for the Dubti station, Lower Awash Basin.  

Model - Lead time SPI 12 SPI 24 

R2 RMSE MAE R2 RMSE MAE 

WANN-L6 

WANN-L12 

WSVR-L6 

WSVR-L12 

0.9231 

0.8549 

0.8640 

0.7443 

0.2026 

0.2406 

0.2185 

0.2745 

0.1847 

0.2052 

0.2084 

0.2620 

0.9358 

0.8938 

0.9011 

0.8472 

0.2006 

0.2194 

0.2072 

0.2551 

0.1823 

0.2030 

0.1958 

0.2427 



 

 

 

 

Figure 4. SPI 12 forecast results for the best WSVR model at the Nazereth station (6 months 
lead time) 

Figure 4 illustrates the relationship between the observed SPI 12 and the predicted SPI 12 from 
the WSVR model at the Nazereth station. The SVR model underestimates the severity of the 
drought period at 112 months. In contrast the WANN model for SPI 12 at the Nazereth station 
displays improved results with respect to the drought period at 112 months (Figure 5). 

 

Figure 5. SPI 12 forecast results for the best WANN model at the Nazereth station (6 months 
lead time) 

In the Lower Awash Basin, the forecast results exhibited the same trend shown in the Upper 
and Middle sub-basins. The WANN models had the best results for both SPI 12 and SPI 24, for 
forecast lead times of 6 and 12 months, respectively. When the forecast lead time was 
increased the performance of all the models deteriorated, especially with respect to R2. 

Figures 6 and7 illustrate the best SPI 12 forecasts at the Dubti station where both WANN and 
WSVR models predict the periods of abundant and acute precipitation quite well. 

 

 



 

 

 

 

 

Figure 6.  SPI 12 forecast results for the best WSVR model at the Dubti station (6 months lead 
time) 

 

 

Figure 7. SPI 12 forecast results for the best WANN model at the Dubti station (6 months lead 
time) 

This study has shown that the WANN and WSVR data driven models can be an effective means 
of forecasting drought at forecast lead times of 6 and 12 months in the Awash River Basin. The 
results indicate that the use of wavelet analysis as a pre-processing tool provided good forecast 
results for both ANN and SVR models. As might be expected, the results also indicate that as 
the forecast lead time is increased the correlation between observed and predicted values, as 
measured by R2, decreases considerably. While the RMSE and the MAE decrease with 
increasing forecast lead time, their decrease is not as pronounced. This pattern is a likely result 
of the autocorrelation of the data sets since both data sets have a strong autocorrelation when 
the lag is increased. An increase in forecast lead time results in a deterioration of performance 
in all the models. However, this deterioration does not result in poor models, indicating the 



 

 

 

stability of these data driven models in predicting the SPI. The results in terms of RMSE and 
MAE do not deteriorate drastically with an increase of lead time. 

The results from all the data driven models show that SPI 24 forecasts were more accurate than 
SPI 12 forecasts. Both SPI 12 and SPI 24 are long-term SPI and each new month has less 
impact on the period of sum precipitation (McKee et al., 1993) compared to short-term SPI 
indices. As a result, monthly variation in precipitation has a smaller impact for both these SPI 
than for short-term SPI. However, as SPI 24 is a longer term SPI its sensitivity to changes in 
precipitation is less than that of SPI 12. This lack of sensitivity may explain why the forecast 
results for SPI 24 are better than those of SPI 12.   

Given the similar nature of wavelet analysis conducted on both these model types, the fact that 
WANN models have slightly better results than WSVR models can be attributed to ANN models 
outperforming SVR models. In using ANN models, even in complex systems, the relationship 
between input and output variables does not need to be fully understood. Effective models can 
be determined by changing the number of neurons within the hidden layer. Producing several 
models with different architectures is not computationally intensive and allows for a larger 
selection pool for the optimal model. SVR models however, are much more computationally 
intensive. The uncertainty regarding the three SVR parameters increases the number of trials 
required to obtain the optimal model. Due to the long computational time of SVR models, the 
same amount of trials cannot be done as for ANN models and the selection pool for the best 
model is smaller than ANN models. 

Conclusion 

The ability of machine learning techniques coupled with wavelet transforms to forecast the SPI 
12 and SPI 24 drought index over 6 and 12 month time scales was investigated in this study. 
This study proposed and evaluated, for the first time, the WSVR method for long-term drought 
forecasting and found that they are an effective long-term SPI drought forecasting method.  
Overall, coupled wavelet-neural network (WANN) models were found to provide the best results 
for forecasts of SPI 12 and SPI 24 in the Awash River Basin, especially for SPI 24. WANN 
models showed a higher coefficient of determination between observed and predicted SPI 
compared to WSVR models. WANN models also consistently showed lower values of RMSE 
and MAE compared to the WSVR. The coupled models provide accurate results because pre-
processing the original SPI time series with wavelet decompositions seems to de-noise the SPI 
time series and subsequently allow the ANN and SVR models to model the main signal without 
the noise. Wavelet analysis also seems to reduce the sensitivity to changes in monthly 
precipitation within the SPI time series especially for SPI 12 compared to SPI 24. This reduction 
in sensitivity would be more pronounced in short-term SPI as they are inherently more sensitive 
to changes in monthly precipitation than long-term SPI. 
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