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Extended abstract

Introduction

The industrialization of societies in recent years has led to an increase in
greenhouse gases. This increase has caused the Earth’s temperature to rise,
which in turn affects the conditions of other components of the climate
system, leading to climate events that differ fundamentally from the natural
trend of these events. This process is called climate change. According to the
IPCC reports in 2007, the process of climate change and global warming
significantly impacts various systems such as water resources, agriculture,
drinking water, and industry. The continuous increase in greenhouse gas
emissions will exacerbate these effects, leading to warmer temperatures,
changes in precipitation patterns, melting of snow, and consequently,
changes in the availability of drinking and agricultural water. Groundwater
resources are connected to climate change through direct interaction with
surface water resources like rivers and lakes, and indirect interaction through
the recharge process. Climate change indirectly affects groundwater
discharge and storage by altering recharge conditions resulting from rainfall
and runoff.
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Therefore, identifying and analyzing influential parameters, including climatic
parameters, can greatly assist in predicting groundwater resources, thereby
preventing serious hazards such as land subsidence and drought. On the other hand,
given the complex and non-linear relationship between climatic parameters and
groundwater resources, the use of artificial intelligence models, including novel
hybrid models, is a suitable solution for these problems. Therefore, this research
aims to analyze and predict climatic parameters using general atmospheric
circulation models for the coming years and to predict the groundwater level of the
kuhdasht plain using a hybrid model of wavelet-artificial neural network and a
hybrid model of artificial neural network with a novel optimization algorithm such
as the chicken swarm optimization, based on climatic parameters, groundwater
level, and aquifer withdrawal.

Materials and Methods

In this research, to simulate and predict the groundwater level of the Kuhdasht
plain, climatic parameters affecting groundwater levels will first be investigated
based on general atmospheric circulation models. Then, the artificial neural
network model approach will be used to predict the groundwater level, assuming
that the amount of extraction from the groundwater resources of the Kuhdasht plain
remains consistent with the past statistical period. Given that the ANN model has
errors according to recent research, to reduce the model’s error, the strategy of
optimizing the tuning parameters using metaheuristic algorithms will be employed.
In recent years, numerous studies have been conducted on the hybrid ANN model
with metaheuristic algorithms; however, in this research, to address the challenges
of this model and present a new algorithm to facilitate the simulation process,
novel algorithms that have not yet been investigated in hydrological or
hydrogeological processes will also be used. For this purpose, the novel chicken
swarm optimization algorithms will be used to estimate the changes in groundwater
level. Additionally, the performance of new metaheuristic algorithms will be
compared with the hybrid wavelet artificial neural network model (WANN) for
simulating groundwater levels. After obtaining and integrating the necessary
statistics and information from the Regional Water Company and the
Meteorological Organization of Lorestan Province, the normalization process will
be carried out. Following data normalization, the artificial intelligence model will
be used to simulate the groundwater level for the current period (2002-2022). For
using the artificial intelligence model, 70% of the data will be selected for training
(2002-2018) and the remaining 30% for validation (2018-2022). Then, by selecting
the artificial intelligence model, the 20-year estimation or prediction of climatic
parameters using general atmospheric circulation models will be undertaken.
Finally, considering the estimation of climatic parameters such as temperature and
precipitation for the next 20 years and the selected artificial intelligence model, the
groundwater level will be predicted for the future period (2022-2042) and
compared with the current groundwater level status (2022). Overall, suitable
solutions will be presented to prevent excessive decline in groundwater levels.

Results and Discussion

The results obtained from evaluating the data generated using the LARS-WG
model and the observed data from two piezometric wells, Baghzal and Bogelan,
during the base period show that the coefficient of determination in all models
studied was calculated to be greater than 0.96. The Mean Absolute Error (MAE)
for simulating precipitation, minimum temperature, and maximum temperature was
obtained as 0.25, 0.03, and 0.04, respectively, indicating that the error in
precipitation simulation is greater than for other parameters. The RMSE and
NRMSE indices were also significantly higher for precipitation simulation
compared to other parameters (5.18 and 12.36, respectively), showing a greater
error. Therefore, the ability of the LARS-WG model in simulating meteorological
parameters is confirmed, but nonetheless, the model shows less accuracy in
simulating precipitation. Furthermore, the results from model evaluation showed
that the Artificial Neural Network-Wavelet model performs better than the
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Artificial Neural Network-Chicken Swarm model. Specifically, for the Baghzal
piezometric well, it has values of R=0.970, RMSE=0.231 m, MAE=0.121 m, and
NS=0.980. For the Bogelan piezometric well, it has values of R=0.982,
RMSE=0.124 m, MAE=0.068 m, and NS=0.990.

Conclusion

The evaluation of the LARS-WG model using data from the base period (2002-
2022) indicated that the CIMP6 general atmospheric circulation model has a
favorable performance in predicting meteorological parameters, with negligible
differences observed across the examined scenarios. The simulated temperature in
all considered climate models (SSp126, SSP245, and SSP585) for the future period
(2022-2042) shows an increase compared to the base period across all months,
while the average precipitation did not exhibit a clear trend. The results from the
performance of the hybrid WANN and CSO-ANN models, based on the statistical
period of 2002-2002, demonstrated that the models under consideration, when
structured to include all input parameters, exhibit better performance due to
increased memory capacity. The WANN model shows greater accuracy and less
error compared to other models studied. The results from predicting groundwater
levels in the coming years indicate a downward trend in all examined piezometric
wells, with this decline being approximately -3 to -4.5 meters, assuming constant

abstraction from the aquifers.
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Fig 2. Overview of a three-layer artificial neural network
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Fig 3. Flowchart of the chicken swarm algorithm
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Table 2. Selected combinations of input parameters of the hybrid models under study
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Table 3. Comparison of the performance of atmospheric general circulation models in the Kuhdasht study
area in the base period (2002-2022)

Sk )b oSSk sled
ot sl Average Lo (gl Average Jae
MAE precipitation MAE temperature Model
450 16 Observation
15 435 0.2 16.3 CANESMS5
40 410 0.5 15.7 MIROC6
30 420 0.4 16.5 EC-Earth3
70 380 0.7 15.2 GFDL-ESM4
LARS-WG 8 BEY gs?lf.j)| tﬁ)L"T el o
Table 4. Statistical index of LARS-WG 8 model evaluation
ol
MAE NRMSE RMSE R? TR
Parameters
ok
0.25 12.36(mm) 5.18(mm) 0.960 o
Precipitation
[PXIPOVEIN
0.03 2.41(°C) 0.25(°C) 0.980 Minimum
temperature
Lo ou;Ske
0.04 0.97(°C) 0.30(°C) 0.980 Maximum
temperature
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Table 5. Performance of the Sixth Report Scenarios in Forecasting Temperature and Precipitation

PONELI PRPI PR
T max (°C)
Month  Bage Time (2002-2022)  SSP126(2022-2042)  SSP245(2022-2042)  SSP585(2022-2042)
Jan 15.99 16.98 17.08 17.65
Feb 18.06 19.13 19.16 19.81
Mar 21.76 23.07 22.95 23.98
Apr 23.41 24.19 23.90 25.30
May 27.09 27.35 27.50 28.72
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Jun 32.20 33.47 33.99 34.64
Jul 35.96 38.26 38.67 38.80
Aug 35.50 38.14 38.54 38.51
Sep 31.78 34.55 35.19 35.12
Oct 26.03 28.40 29.18 29.24
Nov 20.19 22.81 23.53 23.94
Dec 16.58 18.34 18.75 19.43
Average 25.38 27.06 27.37 27.93
ok
Prc (mm)

Month  Base Time (2002-2022)  SSP126(2022-2042)  SSP245(2022-2042)  SSP585(2022-2042)
Jan 63.47 60.19 59.86 46.95
Feb 49.04 37.54 45.40 29.37
Mar 35.60 16.64 25.26 16.00
Apr 52.84 39.41 49.18 42.32
May 31.76 32.53 34.33 30.10
Jun 9.60 8.12 8.39 7.49
Jul 2.35 0.35 0.23 0.34
Aug 5.21 3.65 2.18 3.34
Sep 27.95 17.36 11.25 17.39
Oct 67.61 43.50 34.84 44.13
Nov 91.87 60.47 56.09 49.86
Dec 96.41 94.95 91.49 72.82

Average 44.48 34.56 34.88 30.01
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Table 6. Performance of the studied models in estimating groundwater levels

Il
Baghzal
o) el
Testion Training Sele Je
NSE MAE RMSE R NSE MAE RMSE R Structure Model
(m) (m) (m) (m)
0935 0322 0.628 0.928 0925 0432 0.856 00918 1
0950 0224 0455 0943 0935 0324 0.642 0930 2 WANN
0964 0.184 0.342 0958 0950 0.258 0.531 0.940 3 SrgemLyae sras 4Sob
0980 0.121  0.231 0970 0960 0.235 0.422 0945 4
0930 0.447 0.876 0923 0910 0.536 1.08  0.904 1
0942 0356 0.672 0934 0925 0436 0.866 0917 2 CSO-ANN
0950 0258 0.546 0941 0940 0373 0.753 0.928 3 Er plojk egian (orac 4D
0960 0214 0435 0950 0955 0352  0.694 0.940 4
o
Bogelan
ool el Susle Jue
Testion Training Structure Model
NSE MAE  RMSE R NSE MAE  RMSE R
(m) (m) (m) (m)

0.950 0.264 0.572 0942 0947 0.322 0.628 0.938 1 WANN

0.970 0.153 0.363 0964 0.960 0.234 0.452 0.952 2 L ot AL

0.980 0.122 0.246 0972 0965 0.176 0.341 0.960 3 o

0.990 0.068 0.124 0982 0974 0.118 0.237  0.965 4 o

0.940 0.325 0.652 0933 0930 0432 0.855 0.916 1 CSO-ANN

0.960 0.178 0.348 0.952 0950 0.324 0.644 0934 2 S ghan ot 45

0.970 0.147 0.282 0964 0960 0.293 0.573 0.940 3 £ o oo

0.980 0.088 0.178 0.971  0.968  0.240 0.484  0.950 4 =
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Figure 4. Time series chart of the models under study
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Figure 5. Graph of predicted groundwater level values of piezometric wells during the years 2022-2042
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