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Introduction

Meteorological drought is defined as a lack of rainfall over long periods, which reduces soil
moisture and river flow. One of the critical drought assessment tools is drought indices (Tsakiris
& Vangelis, 2005). So far, many drought indicators have been developed by researchers, for
example, the RDI (Reconnaissance Drought Index) (Tsakiris & Vangelis, 2005). The difference
between this index and other drought indices is that it is estimated based on two variables of
precipitation and potential evapotranspiration. For this reason, it is more accurate than indices that
are calculated only based on precipitation. So far, some studies have been used the RDI for drought
assessment. Zarei et al. (2016) studied the spatial pattern of drought using the RDI index in southern
Iran. The results showed that the area with dry conditions had an increasing trend. Asadi Zarch
(2017) investigated the drought trend in Yazd province between 1966-2009 using the RDI index.
The results showed that drought occurrence in Yazd increased during the studied period. Because,
unlike other natural disasters, it is difficult to accurately determine the onset and the end of the
drought period (Moried et al., 2005). Accordingly, it is difficult to diagnose and evaluate the
drought phenomenon. Therefore, monitoring and predicting drought is very important in water
resources management. The use of wavelets is a new and very effective way of analyzing signals
and time series. Application of Wavelet in Wavelet- Artificial Neural Network (WANN) models
as a function for training has recently been used as an alternative for Artificial Neural Network
(ANN) models. In recent years, the combination of wavelet theory and artificial neural networks
has led to the development of wavelet neural networks (Thuillard, 2000). Zhang et al. (2017)
applied the ARIMA, ANN, WANN, and Support Vector Regression (SVR) models to predict
droughts in China's northern Haihe River basin using the SPI index. The results showed that the
WANN model performed better than other considered models for predicting the SPI values at 6
and 12 months time scales. This study aimed to predict the meteorological droughts in the Kuhrang
region using ANN and WANN maodels. To this end, the efficiency of ANN and WANN models in
predicting precipitation and potential evapotranspiration will be evaluated. Then, the Resilience
Drought Index (RDI) will be calculated based on the predicted values by ANN and WANN to
describe and prediction of Kuhrang wetness conditions.
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Material and Methods
Study Area

Kuhrang county is located in Chaharmahal va Bakhtiari province which its center is Chelgerd
and having an area of over 3790.25 square kilometers. It is situated between "29 '56 ° 49 ° and 37
'26 ° 50' east longitude and '54' 59 ° 31 ° and '49 '05 ° 32 north latitude, at an altitude of 2365
meters above sea mean level. The average annual precipitation in Kouhrang station is 1308 mm.

Reconnaissance Drought Index (RDI)

This index was introduced in 2005 by Tsakiris and VVangelis. The RDI is obtained by fitting the
log-normal distribution to the ratio of rainfall to potential evapotranspiration over the desired time
interval. To calculate the RDI, the potential evapotranspiration value must first be calculated. One
of the methods of estimating potential evapotranspiration is Hargreaves-Samani (1982). In this
study, it was used to calculate the potential evapotranspiration at Kuhrang station.

Avrtificial Neural Network (ANN)

Acrtificial neural networks are flexible mathematical tools that can be used to model complex
systems. The general capability of the ANN is to learn the nonlinear relationship among the data
and determine the results for the other data (Nourani et al., 2009a,b). In this study, a three-layer
MLP network was used to predict monthly precipitation and potential evapotranspiration data.
Moreover, the activation functions of the middle layers and their outputs were considered as
sigmoid and linear tangents, respectively. The purpose of this study is to predict monthly
precipitation and potential evapotranspiration for the next one month using appropriate delays of
both variables. In the next step, to determine the best input for the model, the best input pattern to
the network was determined using the Auto Correlation Function and Partial Auto Correlation
Function. Also, the trial and error method was used to select the superior input pattern. Next,
monthly precipitation and potential evapotranspiration data from 1988 to the end of 2015 was used
as the network training data. The data of 2016 have been used as network test data. In addition, the
optimal number of neurons in the middle or hidden layer was determined by trial and error between
one and ten neurons. Finally, after the calibration step, the results of the trained networks test were
evaluated by R? and RMSE indices.

Wavelet- Artificial Neural Network (WANN) models

The WANN:S are a hybrid of ANN and wavelet formed from an ANN model in which each of
their input variables is decomposed by a discrete wavelet function into several subsets (Adamowski
& Sun, 2010). In this study, Malat Algorithm or Multi-Resolution Analysis was used to implement
the DWT method. In this method, the low and high frequencies of the signal are separated by the
use of Low-Pass Filters and High Pass Filters, respectively, and the filtering process continues until
the desired breakdown level is reached. In the phase of developing models for estimating the
precipitation and potential evapotranspiration by ANN, WANN, it was assumed that precipitation
and potential evapotranspiration in both models is a function of their previous observations at
Kouhrang station and given the capabilities of the multilayer perceptron network in hydrological
studies, three-layer perceptron network was used in this method.

Results and Discussion

Based on the results, although the ANN model has good performance in predicting potential
evapotranspiration, it has not been successful in predicting precipitation. But the WANN model
performed better than ANN in predicting the desired data in both the training and test phases.
Therefore, in this study, the WANN model was used to predict monthly precipitation and potential
evapotranspiration for 2016. Then the RDI values were calculated for predicted potential
evapotranspiration and precipitation data. After predicting the monthly precipitation and potential
evapotranspiration data using the WANN model in 2016, the RDI index was calculated and
compared with the predicted data. Although it is difficult to predict rainfall data, the WANN model
provides a relatively accurate precipitation prediction.
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Conclusions

This study evaluated meteorological droughts of the Kuhrang station in Chaharmahal va Bakhtiari
province using the RDI index. Then monthly precipitation and potential evapotranspiration data
were predicted using ANN and WANN models for 2016. The results show that the WANN model
predicts drought index changes more accurately than the ANN model. Finally, the RDI index was
calculated using the data predicted in the WANN model. The results showed that the WANN model
has acceptable accuracy in predicting monthly precipitation and potential evapotranspiration data.
Therefore, this method can be used to predict drought for better management of water resources
and make appropriate decisions for coping with drought conditions.
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Table 1- Drought classification according to RDI values

RDI range Drought Classes
2 or more Extremely wet
15t01.99 Very wet
1t01.49 Moderately wet
0.99 to —0.99 Normal
-1to-1.49 Moderately dry
-15t0-1.99 Severely dry
—2 and less Extremely dry
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Fig. 2- Schematic image of multiple separation signal analysis.
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Fig. 3- Partial autocorrelation function for monthly (a) rainfall data, (b) ETP data in Koohrang
station.
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Fig. 4- Autocorrelation function for monthly (a) rainfall data, (b) ETP data in Koohrang station.
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Table 2- Results of ANN and WANNs models evaluation for predict monthly rainfall and ETP data
RMSE (mm) R? appraisement model

91.67 0.54 train ANN
118.72 0.52 test (Rain)
4.10 0.99 train ANN
5.51 0.98 test (ETP)
19.59 0.71 train WANN
28.55 0.69 test (Rain)
0.79 0.99 train WANN
2.59 0.99 test (ETP)
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Fig. 6- RDI time series on a 1-month, 3-month, 6-month, and 12-month scale at Koohrang Station.
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