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Introduction

Drought is one of the most important natural disasters affecting agriculture section and water
resources. Droughts often occur in arid and semi-arid regions. Therefore, drought forecasting is
necessary and plays an important role in the planning and management of water resources. So far,
numerous drought prediction methods have been proposed in the literature, including time series
models, regression models, probabilistic models, machine learning models, physical models, and
a host of hybrid models. Although all of these methods have shown promising results in terms of
improving accuracy of drought forecasts, the impact of climate change on droughts has highlighted
the need for more advanced methods for predicting this event. Engle (1982) proposed the ARCH
model which can depict the variance of the time series and eliminate the heteroskedasticity caused
by the constant time series variance. The GARCH model was further developed based on the
ARCH model, the advantage of which is that it can use a simpler form to represent a high-order
ARCH model. On the other hand, in recent years, the Meta model approaches have been applied
in investigating the hydraulic and hydrologic complex phenomena. Hybrid models involving signal
decomposition have also been found to be effective in improving prediction accuracy of time series
prediction methods (Amirat et al., 2018). Complementary Ensemble Empirical Mode
Decomposition analysis is one of the widely-used signal decomposition methods for hydrological
time series prediction. Decomposition of time series reduces the difficulty of forecasting, thereby
improving forecasting accuracy.

Due to the complexity of the drought phenomenon and the effect of various parameters on its
prediction, in this study, the capability of GPR as a kernel-based approach and also integrated
CEEMS-GPR and GPR-GARCH models were assessed for drought modeling based on six-month
SPI index for the three cities of Tabriz, Urmia, and Ardabil in Iran during the period 1978-2017.
In fact, this study attempts to create a novel method by combining the CEEMD and GARCH
models with the GPR to enhance the estimation accuracy of the six- month SPI drought index.
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Methodology

In this study, monthly rainfall data from the three stations namely Tabriz, Urmia, and Ardabil
was used during the period 1978-2017. The time series of the drought SPI index was calculated in
the period of 6 months. GPR models are based on the assumption that adjacent observations should
convey information about each other. Gaussian processes are a way of specifying a prior directly
over function space. This is a natural generalization of the Gaussian distribution, whose mean and
covariance are a vector and matrix, respectively. The Gaussian distribution is over vectors, whereas
the Gaussian process is over functions. Thus, due to prior knowledge about the data and functional
dependencies, no validation process is required for generalization, and GP regression models are
able to understand the predictive distribution corresponding to the test input (Ramussen & William,
2006). In most hydrological studies, the main attention is focused on the mean of the data.
However, little attention has been paid to the variance changes over time. Regarding the progress
of conducted studies on the field of risk and uncertainty in water resources engineering, it is
essential to develop modeling techniques for considering the variance changes with respect to time.
The GARCH is a non-linear time series model for modeling the variance changes over the time. In
fact, GARCH is a generalized ARCH which was presented by Engle (1982). CEEMD was proposed
to solve the mode mixing issue of empirical mode decomposition (EMD) which specifies the true
IMF as the mean of an ensemble of trials (Wu & Huang, 2009). Each trial consists of the
decomposition results of the signal plus a white noise of finite amplitude. EMD can be used to
decompose any complex signal into finite intrinsic mode functions and a residue, resulting in
subtasks with simpler frequency components and stronger correlations that are easier to analyze
and forecast. Another important feature of empirical mode decomposition is that it can be used for
noise reduction of noisy time series, which can be effective in improving the accuracy of model
predictions.

Results and Discussion

In order to evaluate and review the performance of the tested models and determine the accuracy
of the selected models, four performance criteria named Correlation Coefficient (CC),
Determination Coefficient (DC), Root Mean Square Errors (RSME), and Mean Absolute
Percentage Error (MAPE) were used according to Table (1). The results indicated that the accuracy
of both integrated CEEMD-GPR and GPR-GARCH models was higher than that of the GPR
model. The use of these two methods decreased the error criteria as much as 25 to 40 %. It was
observed that in predicting droughts, climatic elements including mean monthly temperature and
relative humidity as well as SPI index related to the previous months were effective in the
prediction of SPI index. During modeling by the GARCH method, the deterministic part of SPI
time series was estimated using the GPR whereas the random part was determined via the GARCH
model. From the results, it was observed that the SPI drought index can be simulated by considering
the SPI; as the only input variable using GPR-GARCH model.

According to Fig. (1), sensitivity analysis was performed to determine the most significant
parameters in modeling process. It was observed that SPI.; is the most effective parameter in
modeling.

Conclusions

The comparison of the accuracies of the developed models revealed that both integrated
CEEMD-GPR and GPR-GARCH models had higher performance compared with the single GPR
model in predicting the six-month SPI index. The use of these two methods approximatly decreased
the error criteria between 25 to 40 %. Also, based on the sensitivity analysis, SPI.1 was found to be
the most effective parameter in the modeling process.
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Table 1- Statistical parameters results for test series based on the integrated methods
Performance criteria

Model CEEMD-GPR GPR-GARCH

R DC RMSE MAPE R DC RMSE MAPE

| Tabriz
S(I) 0.752 0.638 0.338 13.66 0.931 0.851 0.216 9.450
S(11) 0.804  0.793 0.305 12.52 0.841  0.801 0.270 10.31
S(1) 0.862 0.845 0.289 9.330 0.905 0.859 0.257 9.860
S(1V) 0.866 0.848 0.283 7.760 0.903  0.859 0.254 7.140
S(V) 0.871 0.852 0.282 7.130 0.908 0.861 0.251 6.980

Urmia
S(I) 0.755 0.730 0.397 14.69 0.899 0.881 0.306 11.55
S(11) 0.816 0.887 0.356 13.28 0.872 0.811 0.325 12.21
S(1) 0.849 0.854 0.352 12.14 0.886  0.889 0.215 9.410
S(1V) 0.854  0.857 0.340 10.96 0.885  0.890 0.211 7.940
S(V) 0.858 0.861 0.334 10.29 0.889  0.891 0.209 7.050

Ardabil
S(I) 0.733 0.626 0.346 12.93 0.899 0.864 0.221 8.620
S(11) 0.754  0.812 0.298 11.28 0.814  0.799 0.264 10.10
S(1) 0.793 0.842 0.288 9.340 0.899 0.878 0.218 7.039
S(1IV) 0.797 0.843 0.284 7.790 0.888  0.879 0.214 6.140
S(V) 0.801 0.849 0.277 6.990 0.887  0.879 0.210 6.080
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Fig. 1- Relative significance of each of the input parameters of the best model
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Table 1- Statistical properties of the monthly rainfall time series of stations (1978-2017)

Descriptive statistics Statlgn - -
Tabriz  Ardabil  Urmia
Maximum (mm) 128.4 158.9 147.5
Minimum (mm) 0 0 0
Mean (mm) 21.404 23.819 25916
Skewness 1.5075 1.880 1.545
Standard deviation (mm) 21.141 22.897  27.788
Coefficient of Variation  98.7%  96.1% 107.2%
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Table 2- Statistical parameters of the GPR models for three stations

Performance criteria

Model Train Test
R R? RMSE MAPE R R? RMSE MAPE
Tabriz
S(I) 0.792  0.438 0.384 15.24 0.731 0.410 0.410 17.14
S(11) 0.797  0.506 0.381 15.14 0.731 0.423 0.405 16.97
S(1) 0.805 0.598 0.371 14.79 0.795 0.540 0.385 15.12
S(IV) 0.845 0.613 0.367 12.01 0.835 0.554 0.379 13.07
S(V) 0.854  0.622 0.349 11.88 0.843 0.562 0.367 12.99
Urmia
S(I) 0.817  0.498 0.339 14.69 0.751 0.469 0.482 17.62
S(11) 0.818 0.526 0.337 13.62 0.762 0.473 0.473 17.31
S(1) 0.822  0.607 0.329 13.34 0.776 0.546  0.469 17.17
S(1V) 0.863  0.622 0.318 11.21 0.815 0.560 0.455 14.94
S(V) 0.872  0.632 0.309 10.90 0.823 0.568 0.448 14.70
Ardabil
S(I) 0.789  0.422 0.354 14.21 0.699 0.402 0.420 16.48
S(11) 0.792  0.508 0.359 14.38 0.704 0.433 0.396 15.66
S(1) 0.796  0.586 0.328 11.83 0.725 0.538 0.384 13.76
S(1IV) 0.836  0.601 0.315 9.871 0.761 0.551 0.380 11.60
S(V) 0.844 0.610 0.299 9.530 0.769 0.560 0.361 10.95
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Table 3- Statistical parameters results for test series based on the integrated methods

Performance criteria

Model CEEMD-GPR GPR-GARCH

R R? RMSE MAPE R R? RMSE MAPE

| Tabriz
S(I) 0.752 0.638 0.338 13.66 0.931 0.851 0.216 9.450
S(11) 0.804 0.793 0.305 12.52 0.841 0.801 0.270 10.31
S(1) 0.862 0.845 0.289 9.330 0.905 0.859 0.257 9.862
S(1V) 0.866 0.848 0.283 7.760 0.903 0.859 0.254 7.141
S(V) 0.871 0.852 0.282 7.130 0.908 0.861 0.251 6.980

Urmia
S(I) 0.755 0.730 0.397 14.69 0.899 0.881 0.306 11.55
S(11) 0.816 0.887 0.356 13.28 0.872 0.811 0.325 12.21
S(I) 0.849 0.854 0.352 12.14 0.886 0.889  0.215 9.410
S(1IV) 0.854 0.857 0.340 10.96 0.885 0.890 0.211 7.940
S(V) 0.858 0.861 0.334 10.29 0.889 0.891 0.209 7.050

Ardabil
S(I) 0.733 0.626 0.346 12.93 0.899 0.864 0.221 8.620
SI{) 0.754 0.812 0.298 11.28 0.814 0.799 0.264 10.10
S(I) 0.793 0.842 0.288 9.340 0.899 0.878 0.218 7.039
S(IV) 0.797 0.843 0.284 7.791 0.888 0.879 0.214 6.140
S(V) 0.801 0.849 0.277 6.990 0.887 0.879 0.210 6.081
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	Introduction
	Drought is one of the most important natural disasters affecting agriculture section and water resources. Droughts often occur in arid and semi-arid regions. Therefore, drought forecasting is necessary and plays an important role in the planning and management of water resources. So far, numerous drought prediction methods have been proposed in the literature, including time series models, regression models, probabilistic models, machine learning models, physical models, and a host of hybrid models. Although all of these methods have shown promising results in terms of improving accuracy of drought forecasts, the impact of climate change on droughts has highlighted the need for more advanced methods for predicting this event. Engle (1982)  proposed the ARCH model which can depict the variance of the time series and eliminate the heteroskedasticity caused by the constant time series variance. The GARCH model was further developed based on the ARCH model, the advantage of which is that it can use a simpler for
	Due to the complexity of the drought phenomenon and the effect of various parameters on its prediction, in this study, the capability of GPR as a kernel-based approach and also integrated CEEMS-GPR and GPR-GARCH models were assessed for drought modeling based on six-month SPI index for the three cities of Tabriz, Urmia, and Ardabil in Iran during the period 1978-2017. In fact, this study attempts to create a novel method by combining the CEEMD and GARCH models with the GPR to enhance the estimation accuracy of the six- month SPI drought index.
	Methodology
	In this study, monthly rainfall data from the three stations namely Tabriz, Urmia, and Ardabil was used during the period 1978-2017. The time series of the drought SPI index was calculated in the period of 6 months. GPR models are based on the assumption that adjacent observations should convey information about each other. Gaussian processes are a way of specifying a prior directly over function space. This is a natural generalization of the Gaussian distribution, whose mean and covariance are a vector and matrix, respectively. The Gaussian distribution is over vectors, whereas the Gaussian process is over functions. Thus, due to prior knowledge about the data and functional dependencies, no validation process is required for generalization, and GP regression models are able to understand the predictive distribution corresponding to the test input (Ramussen & William, 2006). In most hydrological studies, the main attention is focused on the mean of the data. However, little attention has been paid to the va
	Results and Discussion
	In order to evaluate and review the performance of the tested models and determine the accuracy of the selected models, four performance criteria named Correlation Coefficient (CC), Determination Coefficient (DC), Root Mean Square Errors (RSME), and Mean Absolute Percentage Error (MAPE) were used according to Table (1). The results indicated that the accuracy of both integrated CEEMD-GPR and GPR-GARCH models was higher than that of the GPR model. The use of these two methods decreased the error criteria as much as 25 to 40 %. It was observed that in predicting  droughts, climatic elements including mean monthly temperature and relative humidity as well as SPI index related to the previous months were effective in the prediction of SPI index. During modeling by the GARCH method, the deterministic part of SPI time series was estimated using the GPR whereas the random part was determined via the GARCH model. From the results, it was observed that the SPI drought index can be simulated by considering the SPIt-1 
	According to Fig. (1), sensitivity analysis was performed to determine the most significant parameters in modeling process. It was observed that SPIt-1 is the most effective parameter in modeling.
	Conclusions
	The comparison of the accuracies of the developed models revealed that both integrated CEEMD-GPR and GPR-GARCH models had higher performance compared with the single GPR model in predicting the six-month SPI index. The use of these two methods approximatly decreased the error criteria between 25 to 40 %. Also, based on the sensitivity analysis, SPIt-1 was found to be the most effective parameter in the modeling process.
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