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Extended abstract

Introduction

Drought, as an abnormal and dangerous phenomenon, seriously damages water resources, agriculture,
economic sectors, and the environment. Within the framework of comprehensive watershed management,
accurate and timely drought prediction is very important. This is a necessity, especially in sensitive and
vulnerable areas such as Khuzestan Province, for the use of water resources, management of consumption
and increasing the resilience of natural and human ecosystems. If a drought period coincides with a
vegetation growth period, it disrupts the ecological balance, leading to changes such as reduced soil
moisture, changes in ground surface temperature, and even impacts on evaporation and transpiration
processes. Al metaheuristic algorithms are able to predict water demand by examining historical data and
environmental factors. These predictions allow managers to make better plans for water supply and prevent
waste of resources. Considering the uniqueness of Khuzestan Province in terms of its geographical location
and water conflicts in recent years, examining the power and efficiency of artificial intelligence algorithms
in predicting and identifying climate change can fill the research gap in this field and, through scientific
innovation, have a significant impact on environmental protection and the balance of water resources in the
face of drought conditions.

Materials and methods

In this research, in order to monitor the drought areas of the stations located in the Khuzestan Province, the
Precipitation data during the statistical period (1989-2020), and using the values Standardized Precipitation
Index (SPI) were calculated to separate dry and wet years. In the following, the inverse distance weighted
(IDW) method was used to interpolate the data obtained from SPI1. The FCMR model was used to predict
meteorological drought. The FCMR fuzzy regression model is a hybrid method that uses linear regression
and fuzzy clustering to model data. The GOW and ACOr algorithms were used to build the hybrid model.

Results and discussion

According to the results obtained from the goodness of fit assessment criteria at eight study stations, the
12-month and 6-month SPIs showed relatively better and more accurate results than the 3-month and 1-
month SPIs. In the comparison of the 12-month and 6-month SPIs, the 12-month SPI also showed better
performance. The RMSE, R, NS and MAE values decreased, increased, and decreased after combining the
GOW catalyst and the FCMR model compared to the individual FCMR model, respectively. The
combination of the ACOR catalyst and the FCMR model also increased, decreased, decreased and increased
inthe RMSE, R, NS, and MAE values compared to the individual FCMR model, respectively. Accordingly,
it can be concluded that combining the gray wolf with the FCMR model has improved performance
compared to using the individual FCMR model. Combining the ant colony catalyst with the FCMR model
can also be used with reduced accuracy and lower performance compared to using the individual FCM
model.
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Conclusions

In the present study, the accuracy and performance of the individual FCMR model were compared and
analyzed with the dual hybrid FCMR-GOW and FCMR-ACOR models at eight synoptic stations in
Khuzestan province. According to Tables 2 to 4, the GOW catalyst improved the FCMR model and the
ACOR catalyst reduced the accuracy of the FCMR model. At all eight stations, the dual hybrid FCMR-
GOW model ranked first with the highest accuracy in predicting SPI. Also, the long-term SPI time windows
had higher accuracy than the short-term time windows. Furthermore, there is no significant gap in terms of
accuracy and precision between the individual FCMR model and the dual hybrid FCMR-GOW model.
Therefore, it can be concluded that considering the increasing costs of the aforementioned dual hybrid
models, using the individual FCMR model seems more logical. In general, it can be said that combining
individual models with meta-heuristic algorithms does not necessarily mean increasing the accuracy of SPI
index modeling.
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Table 2. Statistical results of input data to the FCMR hybrid model for predicting the SPI

Test dataset Train dataset Combination .
number Station
R NS MAE RMSE R NS MAE RMSE
0.911 0.907 0.287 0.322 0.932 0.921 0.256 0.309 SPl1,
0.910 0.906 0.287 0.323 0.932 0.921 0.257 0.309 SPIs
Abadan
0.909 0.905 0.289 0.324 0.931 0.919 0.258 0.311 SPIs
0.908 0.904 0.289 0.325 0.931 0.918 0.259 0.312 SPIy
0.908 0.903 0.291 0.325 0.931 0.917 0.259 0.313 SPl12
0.907 0.902 0.292 0.325 0.930 0.917 0.261 0.314 SPls
0.906 0.902 0.293 0.326 0.930 0.917 0.262 0.315 SPIls Bostan
0.906 0.907 0.293 0.327 0.929 0.916 0.263 0.315 SPIy
0.905 0.906 0.294 0.328 0.928 0.915 0.264 0.316 SPl1,
0.904 0.906 0.299 0.329 0.927 0.914 0.265 0.317 SPls
0.903 0.909 0.296 0.331 0.927 0.913 0.266 0.317 SPIs Ahvaz
0.903 0.903 0.297 0.332 0.926 0.912 0.267 0.318 SPIy
0.903 0.903 0.297 0.333 0.925 0.917 0.268 0.321 SPl1,
0.902 0.902 0.297 0.334 0.925 0.912 0.269 0.319 SPls
Bandar
0.901 0.901 0.298 0.335 0.924 0.911 0.271 0.324 SPIs mahshahr
0.901 0.901 0.296 0.336 0.923 0.909 0.272 0.325 SPI1
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Test dataset Train dataset Combination .
number Station
R NS MAE RMSE R NS MAE RMSE
0.901 0.899 0.295 0.337 0.922 0.908 0.237 0.326 SPl12
0.899 0.897 0.299 0.337 0.921 0.907 0.274 0.326 SPls
Omidiyeh
0.898 0.896 0.298 0.338 0.921 0.906 0.275 0.327 SPI3
0.897 0.896 0.301 0.339 0.922 0.905 0.276 0.328 SPIy
0.897 0.896 0.302 0.341 0.919 0.904 0.277 0.331 SPl1,
0.896 0.897 0.303 0.342 0.918 0.903 0.278 0.332 SPls
Ramhormoz
0.895 0.896 0.304 0.343 0.917 0.902 0.279 0.335 SPI3
0.894 0.896 0.305 0.344 0.916 0.902 0.281 0.336 SPIy
0.894 0.895 0.306 0.345 0.915 0.901 0.282 0.337 SPl1,
0.893 0.895 0.307 0.346 0.914 0.899 0.283 0.339 SPls
Masjed
0.892 0.894 0.308 0.347 0.913 0.897 0.284 0.341 SPI3 soleyman
0.891 0.893 0.309 0.348 0.912 0.897 0.285 0.342 SPIy
0.891 0.892 0.310 0.349 0.912 0.896 0.286 0.343 SPl1,
0.889 0.892 0.311 0.351 0.911 0.894 0.287 0.344 SPls
Safiabad
Dezful
0.888 0.891 0.312 0.352 0.909 0.893 0.288 0.345 SPI3
0.887 0.891 0.313 0.353 0.908 0.892 0.289 0.346 SPIy
SPI s lis cumim sokiinds FCMR-GOW oS 5 Jow 45 (539,5 sloodls (g Lol bl -V Jguer
Table 3. Statistical results of input data to the FCMR-GOW hybrid model for predicting the SPI
Test dataset Train dataset Combination .
number Station
R NS MAE RMSE R NS MAE RMSE
0.947 0.928 0.243 0.293 0.963 0.936 0.221 0.274 SPl12
0.947 0.927 0.244 0.292 0.962 0.937 0.222 0.273 SPls
Abadan
0.946 0.927 0.245 0.294 0.961 0.937 0.231 0.275 SPI3
0.945 0.927 0.246 0.295 0.960 0.936 0.224 0.275 SPly

0.944 0.926 0.246 0.296 0.959 0.936 0.225 0.275 SPl1,
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Test dataset

Train dataset

Combination

R NS MAE RMSE R NS MAE RMSE number Staton
Bostan
0.943 0.926 0.247 0.296 0.959 0.935 0.226 0.276 SPlg
0.942 0.925 0.248 0.297 0.958 0.934 0.226 0.277 SPl3
0.941 0.924 0.249 0.297 0.957 0.933 0.228 0.278 SPI
0.939 0.923 0.251 0.298 0.957 0.932 0.229 0.279 SPlyy
0.939 0.923 0.251 0.295 0.956 0.931 0.231 0.279 SPl
0.939 0.923 0.252 0.296 0.955 0.930 0.232 0.281 SPl3 Ahvaz
0.938 0.919 0.253 0.297 0.954 0.928 0.233 0.276 SPI;
0.937 0.925 0.254 0.298 0.953 0.928 0.234 0.283 SPl1
0.936 0.918 0.254 0.298 0.953 0.928 0.235 0.282 SPlg
0.935 0.924 0.255 0.298 0.952 0.927 0.235 0.284 SPI; Bandar mahshahr
0.934 0.923 0.256 0.299 0.952 0.926 0.235 0.285 SPly
0.933 0917 0.257 0.301 0.951 0.925 0.236 0.286 SPl1,
0.932 0.916 0.258 0.302 0.950 0.924 0.237 0.287 SPlg
Omidiyeh
0.931 0.916 0.259 0.303 0.949 0.923 0.238 0.288 SPl3
0.934 0915 0.261 0.304 0.948 0922 0.239 0.289 SPly
0.933 0.915 0.262 0.305 0.947 0.921 0.241 0.291 SPl1
0.933 0.914 0.263 0.306 0.946 0921 0.242 0.292 SPls
Ramhormoz
0.932 0.913 0.264 0.307 0.945 0.925 0.242 0.293 SPl3
0.931 0.912 0.265 0.308 0.944 0.924 0.243 0.294 SPI
0.931 0.911 0.266 0.309 0.943 0.918 0.244 0.295 SPl1,
0.931 0.910 0.267 0311 0.942 0917 0.245 0.296 SPlg
0.929 0.909 0.268 0.313 0.942 0.916 0.246 0.207 SPlIs Masjed soleyman
0.928 0.908 0.268 0314 0.941 0.915 0.247 0.297 SPI
0.927 0.907 0.269 0.315 0.941 0.914 0.248 0.297 SPl1,

Safiabad Dezful




YA | wrglbidlgn JlSias asli g i
Test dataset Train dataset Combination Station
R NS MAE RMSE R NS MAE RMSE number
0.925 0.906 0.271 0.316 0.940 0.913 0.249 0.298 SPls
0.924 0.905 0.268 0.317 0.939 0.912 0.251 0.295 SPI3
0.923 0.904 0.272 0.317 0.938 0.911 0.252 0.299 SPIy
SPI o3ls oy yskiieds FCMR-ACOR (oS 5 Joe 41 (3955 sloodls gLl molis —F Jguo
Table 4. Statistical results of input data to the FCMR-ACOR hybrid model for predicting the SPI
Test dataset Train dataset Combination Station
R NS MAE RMSE R NS MAE RMSE number
0.902 0.891 0.295 0.354 0.917 0.902 0.271 0.336 SPI;,
0.902 0.890 0.294 0.355 0.916 0.901 0.272 0.335 SPIs
0.901 0.889 0.296 0.356 0.915 0.899 0.273 0.337 SPI; Abadan
0.900 0.888 0.297 0.357 0.914 0.893 0.274 0.332 SPI;
0.899 0.887 0.298 0.357 0.913 0.896 0.275 0.338 SPIy;
0.903 0.887 0.299 0.357 0.912 0.897 0.276 0.339 SPIg
0.902 0.886 0.298 0.358 0911 0.894 0.277 0.339 SPl; Bostan
0.901 0.885 0.299 0.359 0.910 0.893 0.278 0.341 SPI;
0.898 0.884 0.300 0.361 0.909 0.892 0.279 0.342 SPl;,
0.897 0.883 0.301 0.362 0.909 0.891 0.281 0.343 SPIg
0.897 0.882 0.302 0.363 0.909 0.889 0.282 0.344 SPI; Ahvaz
0.896 0.881 0.303 0.364 0.908 0.888 0.283 0.345 SPI;
0.895 0.879 0.304 0.365 0.907 0.887 0.283 0.346 SPly;
0.894 0.878 0.305 0.366 0.906 0.886 0.283 0.347 SPIg
0.893 0.876 0.306 0.367 0.905 0.885 0.284 0.348 SPI; Bandar
mahshahr
0.892 0.875 0.306 0.368 0.904 0.884 0.285 0.349 SPI;
0.892 0.874 0.306 0.369 0.904 0.883 0.286 0.351 SPly;
0.891 0.873 0.307 0.371 0.903 0.882 0.278 0.352 SPls Omidiyeh
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Test dataset

Train dataset

Combination

R NS MAE RMSE R NS MAE RMSE number Station

0.891 0.872 0.309 0372 0.902 0.881 0.288 0.353 SPl

0.889 0.872 0.303 0373 0.902 0.879 0.283 0.354 SPI,

0.888 0.871 0.311 0.373 0.901 0.878 0.289 0.354 SPl,

0.887 0.878 0311 0.374 0.900 0.877 0.291 0.355 SPls

0.886 0.869 0312 0.375 0.899 0.875 0.292 0.356 SPI, Ramhormoz
0.885 0.868 0.313 0.376 0.897 0.874 0.293 0.357 SPI

0.884 0.867 0.314 0372 0.898 0.873 0.294 0.358 SPl,

0.883 0.867 0315 0.379 0.897 0.872 0.295 0.359 SPls

Masjed

0.882 0.866 0.316 0.376 0.896 0.871 0.295 0.361 SPl; soleyman

0.881 0.865 0317 0.377 0.895 0.869 0.297 0.362 SPI

0.879 0.864 0.318 0.378 0.894 0.868 0.301 0.363 SPI,

0.878 0.863 0.319 0.378 0.893 0.865 0.302 0.364 SPls

0.875 0.862 0.321 0.379 0.892 0.865 0.302 0.365 SPI Safiabad Dezful
0.874 0.861 0322 0.381 0.891 0.864 0.306 0.366 SPI,
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Fig. 4. Comparison of observed and predicted SPI values using FCMR, FCMR-GOW and FCMR-ACOR models
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