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Drought is one of the natural hazards, especially in arid and semi-arid
regions. Analyzing the conditions, characteristics, and status of drought as a
type of natural hazard in different regions with a focus on gathering
solutions to cope drought and manage its risks is of great importance. In the
present study, the analysis and prediction of meteorological drought in
Khuzestan province was investigated with individual Galerkin and MARS
models and the combined Galerkin-MARS model during a 30-year statistical
period (1990-2020). To assess drought conditions, the Standardized
Precipitation Index (SPI) obtained from data from eight synoptic stations
was used. In the next step, the modeling results were compared with the
aforementioned models using goodness-of-fit indices. The results indicated
that the combined Galerkin-MARS model is highly efficient for estimating
SPI in Khuzestan province. Also, long-term SPI time windows had higher
accuracy than short-term time windows in the study area. In general, it can
be said that combining numerical models with machine learning in
Khuzestan Province leads to increased accuracy in SPI modeling.
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Figure 1. Location map of study area andselected stations
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Figure 2. Flowchart of modeling steps with the hybrid Galerkin-MARS model
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Figure 3. Zoning of meteorological drought at the studied stations during the statistical period
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Table 2. Statistical results of the Galerkin model for predicting SPI

Station Combination number Train dataset Test dataset
RMSE MAE NS R RMSE MAE NS R
SPIly, 0.391 0.308 0.697 0.741 0.411 0.352 0.685 0.709
Abadan SPIlg 0.391 0.308 0.696 0.739 0.412 0.353 0.684 0.709
SPI; 0.394 0.311 0.695 0.736 0.412 0.354 0.683 0.707
SPI, 0.392 0.314 0.694 0.735 0.413 0.355 0.682 0.711
SPl, 0.393 0.317 0.693 0.734 0.414 0.357 0.682 0.706
Bostan SPIg 0.395 0.321 0.692 0.733 0.415 0.359 0.681 0.703
SPI;3 0.397 0.323 0.691 0.732 0.416 0.361 0.679 0.702
SPI; 0.399 0.322 0.689 0.731 0.416 0.362 0.678 0.702
SPly, 0.401 0.324 0.688 0.734 0.417 0.364 0.676 0.701
Ahvaz SPIlg 0.403 0.325 0.687 0.729 0.418 0.365 0.676 0.701
SPI3 0.405 0.327 0.686 0.727 0.419 0.366 0.675 0.699
SPI, 0.407 0.328 0.685 0.726 0.421 0.367 0.674 0.698
SPl, 0.406 0.329 0.684 0.725 0.422 0.369 0.673 0.697
Bandar mahshahr SPlg 0.409 0.331 0.683 0.724 0.423 0.371 0.671 0.696
SPI3 0.411 0.332 0.681 0.723 0.424 0.372 .669 0.695
SPI; 0.413 0.334 0.679 0.721 0.425 0.374 0.668 0.695
SPly, 0.414 0.335 0.678 0.719 0.425 0.376 0.667 0.694
Omidiyeh SPIlg 0.415 0.337 0.676 0.718 0.425 0.373 0.666 0.693
SPI3 0.416 0.339 0.675 0.716 0.425 0.379 0.664 0.692
SPI, 0.417 0.341 0.674 0.715 0.426 0.381 0.663 0.691
SPI;, 0.418 0.342 0.673 0.714 0.427 0.383 0.662 0.691
Ramhormoz SPlg 0.419 0.344 0.671 0.714 0.427 0.385 0.661 0.689
SPI3 0.421 0.345 0.669 0.713 0.429 0.386 0.661 0.688
SPI; 0.423 0.346 0.668 0.712 0.431 0.389 0.659 0.687
SPly, 0.424 0.347 0.667 0.711 0.432 0.391 0.657 0.686
Masjed soleyman SPIlg 0.425 0.348 0.665 0.710 0.433 0.392 0.656 0.683
SPI3 0.427 0.349 0.664 0.709 0.434 0.392 0654 0.675
SPI; 0.427 0.351 0.663 0.708 0.435 0.393 0.653 0.674
SPl;, 0.429 0.353 0.662 0.706 0.437 0.395 0.652 0.673
Safiabad Dezful SPlg 0.431 0.357 0.661 0.705 0.438 0.396 0.651 0.675
SPI3 0.432 0.359 0.659 0.704 0.439 0.397 0.649 0.671

SPIy 0.433 0.361 0.657 0.703 0.441 0.399 0.648 0.669
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Table 3. Statistical results of the MARS model for predicting SPI

Station Combination number Train dataset Test dataset
RMSE MAE NS R RMSE MAE NS R
SPly, 0.303 0.256 0.871 0.894 0.317 0.284 0.843 0.861
Abadan SPlg 0.304 0.257 0.869 0.893 0.319 0.285 0.841 0.861
SPI3 0.305 0.259 0.867 0.892 0.321 0.286 0.839 0.860
SPI, 0.305 0.261 0.865 0.891 0.323 0.287 0.838 0.859
SPIy, 0.306 0.263 0.864 0.887 0.325 0.287 0.837 0.857
Bostan SPlg 0.307 0.265 0.863 0.886 0.328 0.289 0.837 0.854
SPI3 0.307 0.267 0.863 0.885 0.328 0.291 0.837 0.853
SPI; 0.309 0.269 0.862 0.884 0.329 0.292 0.836 0.852
SPly, 0.313 0.271 0.861 0.883 0.331 0.292 0.835 0.851
Ahvaz SPlg 0.314 0.276 0.859 0.881 0.332 0.292 0.834 0.849
SPI3 0.315 0.275 0.857 0.879 0.334 0.293 0.831 0.848
SPI, 0.316 0.279 0.856 0.877 0.336 0.294 0.829 0.847
SPIy, 0.316 0.281 0.855 0.876 0.337 0.295 0.827 0.847
Bandar mahshahr SPlg 0.319 0.283 0.853 0.875 0.337 0.295 0.824 0.847
SPI; 0.321 0.285 0.851 0.873 0.341 0.295 0.823 0.847
SPI; 0.322 0.289 0.849 0.872 0.342 0.296 0.821 0.846
SPly, 0.325 0.291 0.848 0.871 0.343 0.299 0.819 0.845
Omidiyeh SPls 0.327 0.293 0.847 0.869 0.345 0.301 0.818 0.844
SPI3 0.331 0.293 0.846 0.868 0.347 0.302 0.816 0.843
SPI, 0.332 0.295 0.845 0.865 0.351 0.305 0.815 0.841
SPly, 0.334 0.294 0.843 0.864 0.352 0.309 0.814 0.839
Ramhormoz SPlg 0.337 0.297 0.842 0.863 0.353 0.308 0.812 0.837
SPI; 0.341 0.297 0.841 0.861 0.354 0.311 0.811 0.834
SPI; 0.343 0.298 0.839 0.859 0.355 0.312 0.809 0.833
SPly, 0.347 0.299 0.837 0.857 0.357 0.314 0.808 0.831
Masjed soleyman SPlg 0.348 0.301 0.836 0.856 0.359 0.317 0.808 0.829
SPI3 0.349 0.302 0.835 0.854 0.361 0.319 0.805 0.827
SPI, 0.349 0.304 0.834 0.853 0.362 0.320 0.804 0.826
SPly, 0.351 0.306 0.833 0.852 0.363 0.322 0.802 0.825
Safiabad Dezful SPlg 0.354 0.307 0.831 0.851 0.363 0.323 0.801 0.823
SPI; 0.357 0.309 0.829 0.847 0.364 0.325 0.799 0.821
SPI, 0.358 0.309 0.827 0.843 0.365 0.327 0.796 0.817

Table 4. Statistical results of the Galerkin-MARS model for predicting SPI

Station Combination number Train dataset Test dataset
RMSE MAE NS R RMSE MAE NS R
SPly, 0.243 0.096 0.976 0.994 0.271 0.157 0.949 0.973
Abadan SPlg 0.244 0.096 0.975 0.994 0.274 0.158 0.948 0.971
SPI, 0.247 0.097 0.974 0.993 0.275 0.159 0.947 0.968
SPI, 0.251 0.099 0.971 0.992 0.275 0.161 0.946 0.969
SPl;, 0.252 0.101 0.969 0.991 0.279 0.162 0.945 0.967
Bostan SPlg 0.253 0.104 0.968 0.989 0.283 0.163 0.944 0.967
SPI3 0.256 0.107 0.967 0.987 0.284 0.165 0.943 .966
SPI; 0.257 0.108 0.967 0.984 0.285 0.166 0.942 0.965
SPly, 0.259 0.109 0.967 0.985 0.286 0.167 0.941 0.965
Ahvaz SPlg 0.261 0.111 0.966 0.985 0.289 0.169 0.939 0.964
SPI, 0.262 0.112 0.965 0.983 0.288 0.171 0.937 0.963
SPI, 0.263 0.113 0.964 0.982 0.291 0.172 0.936 0.962
SPl;, 0.265 0.117 0.963 0.981 0.293 0.173 0.935 0.961
Bandar mahshahr SPlg 0.268 0.121 0.962 0.981 0.294 0.174 0.933 0.960
SPI3 0.269 0.123 0.961 0.979 0.295 0.175 0.931 0.959
SPI; 0.271 0.119 0.965 0.978 0.297 0.176 0.929 0.958
SPly, 0.274 0.125 0.963 0.976 0.299 0.177 0.927 0.957
Omidiyeh SPlg 0.275 0.127 0.961 0.975 0.302 0.179 0.925 0.956
SPI3 0.278 0.131 0.959 0.974 0.303 0.181 0.924 0.954
SPI, 0.281 0.132 0.957 0.973 0.304 0.183 0.923 0.951
SPl;, 0.284 0.133 0.954 0.969 0.305 0.184 0.922 0.948
Ramhormoz SPlg 0.287 0.134 0.953 0.972 0.307 0.185 0.921 0.947
SPI3 0.289 0.135 0.952 0.971 0.309 0.186 0.919 0.946
SPI; 0.291 0.137 0.951 0.967 0.311 0.187 0.917 0.946
SPIly, 0.292 0.138 0.949 0.965 0.313 0.188 0.915 0.946
Masjed soleyman SPIlg 0.293 0.141 0.948 0.964 0.315 0.189 0.914 0.944
SPI3 0.293 0.142 0.947 0.963 0.317 0.191 0.913 0.943
SPI, 0.293 0.143 0.946 0.961 0.319 0.192 0.913 0.941
SPl;, 0.295 0.145 0.945 0.959 0.321 0.193 0.911 0.939
Safiabad Dezful SPlg 0.296 0.146 0.944 0.957 0.322 0.194 0.909 0.937
SPI3 0.294 0.147 0.943 0.956 0.323 0.195 0.907 0.934

SPIy 0.297 0.148 0.942 0.954 0.324 0.196 0.905 0.933
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Figure 4. Comparison of observed and predicted SPI values using Galerkin, MARS, and Galerkin-MARS models
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