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Groundwater is often a crucial source of freshwater worldwide, particularly
Accepted: in arid and semi-arid regions. In these areas, groundwater resources are vital

16 March 2025 due to variable rainfall and high evaporation rates. Groundwater use is

increasing in arid and semi-arid regions due to population growth, rapid
economic development, increasing water demand, low cost, high quality,
and widespread accessibility. However, the sustainable management of
Keywords: groundwater resources in arid and semi-arid regions is extremely
challenging. This is because human activities have significantly complicated
and non-linearized the groundwater cycle and its dynamic processes.
Understanding and accurately predicting groundwater level fluctuations is
essential for water managers and engineers to develop better strategies,
mitigate the harmful effects of climate change, prevent over-exploitation of
groundwater, and develop water resources.
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In recent years, due to the non-linear and complex nature of hydrogeological
problems, models based on artificial intelligence approaches have been employed.
These models are inspired by the nature of living organisms and are capable of
solving problems of great complexity and scale. These models have drawn
considerable attention from researchers in the field of groundwater level
prediction. Therefore, this research uses optimization algorithms combined with
artificial neural networks to estimate groundwater levels in the piezometric wells
of Delfan County.

Materials and Methods

Delfan County, located in Lorestan Province, has numerous piezometric wells.
Only two wells, named Cheshmeh Khani and Khalifeh Abad, have long-term, ten-
year data records without missing data and were selected for this study. The
groundwater level parameter for these two piezometric wells was examined, and
the parameter for the rate of abstraction from the aquifer was obtained from the
Lorestan Regional Water Company, which is approved by the Iran Water
Resources Management Company. The parameter for the rate of abstraction from
the Delfan County aquifer was extracted from the SAMAB system (Integrated
System for Protection and Exploitation of Water Resources and Customer Affairs)
of the Lorestan Regional Water Company for licensed wells with operating
permits located within 500 meters of the piezometric wells under study. It is worth
noting that there was one licensed agricultural well with an operating permit
within the vicinity of the piezometric wells under study, and the output flow data
from this well were used in this research. Additionally, Delfan County has a
synoptic station, and temperature and precipitation data from this station, named
Delfan, were used. Therefore, the parameters used in this research include
precipitation §, temperature (T), groundwater level (H), and abstraction from water
resources (), every month from 2013 to 2023 (Persian calendar years 2013 to
2023). It should be noted that for modeling, 80% of the data (from 2013 to 2021)
was randomly selected for training, and the remaining 20% (2022 to 2023) was
used for testing, in a way that covers a wide range of data types. Therefore, in this
research, to model the groundwater level of Delfan County, located in Lorestan
Province, an artificial neural network model was used with wavelet, particle
swarm, and whale algorithms.

Results and Discussion

In this study, an artificial neural network model with wavelet, particle swarm, and
whale algorithms was used for the modeling process. The results showed that
hybrid models, in combined scenarios including all input parameters to the model,
have lower error compared to other scenarios. Therefore, increasing the number of
effective parameters in hybrid models based on artificial neural networks leads to
increased model performance. The results of the models examined, according to
the evaluation criteria, showed that the artificial neural network model combined
with wavelet transform in the Khalifeh Abad piezometric well, with the highest
correlation coefficient of 0.962, the lowest root mean square error (RMSE) of
0.375 (m), the lowest mean absolute error (MAE) of 0.215 (m), and the highest
Nash-Sutcliffe efficiency coefficient of 0.970, and in the Cheshmeh Khani
piezometric well, with the highest correlation coefficient of 0.951, the lowest root
mean square error (RMSE) of 0.436 (m), the lowest mean absolute error (MAE) of
0.224 (m), and the highest Nash-Sutcliffe efficiency coefficient of 0.960
performed better in the validation phase.

Conclusion

The research results, according to scenarios consisting of input parameters,
showed that in all the models studied, increasing the number of effective
parameters leads to better performance in estimating groundwater levels. In
addition, the results obtained from the evaluation criteria showed that the artificial
neural network-wavelet model has high accuracy and negligible error. Also,
according to the graphs examined, the artificial neural network-wavelet model



estimated the groundwater level values close to their actual values, which is
evident in the time series and Taylor diagrams. Wavelet transform, by providing
time-frequency analysis, multi-resolution analysis, noise removal capability, and
high flexibility, has increased the accuracy of the artificial neural network model.
Also, in the whale and particle swarm algorithms, the accuracy of the model has
decreased due to being trapped in local optima. Overall, it is recommended to use
novel algorithms that do not get trapped in local optima to evaluate the accuracy of
the selected model. It is also recommended to examine the selected model in other
regions of the country.
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Oezmer D oolaiul o> pl 2y o0 slaoold
14 03 Sty oKl S sl Sl i gt
ol s ol 4y A oKyl ol 3L s Les slaesls
3,90 sosls Sloy g F LY JIKSI jo .0l colaiul
el el cploly casl ool sols plas eolatul
(T) Lo «P) o)l Jolos imghy cpl jo colaiwls,ge
@ <l e a5 (H) oo <l g
il oo VE-Y BYAY bl o aibale & jpoay
sadoolitul syl bl o SRy Vs
(of glio 5l cdloy 5 (feniny of ham dod ((3))
Gl 3 a4 o3 el aiall)l g3ludae anl,d Cos
G AYAY Jlo 5D koosls awsje A giluJos Cuz
B VFe)) onile b auoyo Yo g ojeel sl (Ve -
ey 05T A o Bolal Ojgoa gl gz (OFY
Nagy et ) ab obxsl was jidg |, bosls glg! 5l

.@l.,2002; Kisi and Karhan,2006

oslaiwld ye0 groslo
slool> slls ol pleal o plals - Glis el
LSLQ(Q[J la ol.‘> 4.a.l:> 5\3 Lér—' ML‘GA LSQJM L.S)""’?)""
Al 00 Gae oty bl glylo bl aads § S acie
sl o Ol il co caiad ool w3l g 00y
9 ar D3 Sregim olr 90 (wejp; ol g
slibie O 28,5 5l Gl sty oliee bl
Slezel 5l el e el as 33wl e
SIS0 dlon Sl Slxe slacly I s liw b
2 2590 ey leelr sy B0 alols o aS
cbli> az LS, ailole) wlobes ailels 5 ol 0nis o
ol e85 (S e jgal g O @l syl o g
Aol o coul S8 BB ws gl sl v, sladlais
Slre (6,9liS olr S gy 350 SRy sleol

3 ieh cpl jo a5 Cudls Dg2g (6,00 0 e dilg (sl ls

Lrodls (i o § (hjgel S solisiwld g0 yiol )l odguze ) Jgus
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Table 2- Selected Combinations of Input Parameters of the Investigated Models

Number Input Output
1 T(t) H(t)
2 T(t), P (1) H(t)
3 T, P®.a() H(t)
4 T(1), P (1), g (1), H (t-1) H(t)
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Table 4- Performance of the Studied Models in Estimating Groundwater Levels
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