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Given the scarcity of water resources and the importance of their optimal
Accepted: management, accurate prediction of groundwater level fluctuations is
10 April 2025 essential. Intelligent models such as time series, wavelet analysis, artificial

neural networks, and support vector machines can help in the sustainable use
of groundwater.

Objective: The objective of this study is to use a combined wavelet-fuzzy
neural model to predict groundwater level in the Birjand Plain and compare
its results with wavelet and fuzzy neural network models.
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fuzzy neural network, In this study, rainfall, evaporation, temperature, humidity, and groundwater

water resources management.  1€vel data from 16 piezometers for 18 statistical years (monthly) were used.
The combined wavelet-fuzzy neural model, wavelet model, and fuzzy neural
network were used to predict groundwater level, and their results were
compared with each other.
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Results

The results showed that the combined wavelet-fuzzy neural model has higher
accuracy in predicting groundwater level compared to other models, considering
the root mean square error coefficient (RMSE=0.19) and Nash-Sutcliffe
coefficient (NS=0.95).

RMSE NS Model

0.25 0.93 ANFIS

0.28 0.92 Analysis Wavelet

0.19 0.95 Wavelet-ANFIS
Discussion

The fuzzy neural wavelet model, due to the combination of useful features of the
wavelet transform, neural networks, and fuzzy systems, not only increases the
prediction accuracy but also can provide a more comprehensive view of the data.

Conclusion

The combined wavelet-fuzzy neural model has higher accuracy in simulating
groundwater levels. For more accurate modeling, preprocessing of input data to the
model is required. It is suggested that this model be compared with other
intelligent methods and integrated with physical groundwater models. It is also
recommended to use data with higher spatial accuracy.
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Table 1. Performance of Adaptive Neuro-Fuzzy Inference System in Groundwater Level Prediction
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A8l Soge «Sge £95 et 1 da ol eolatul F
A A anld il @i el mlaw s
i o Ll gl abxl Colie U Wlgoe 688

SS90 Joo gl

ol 5l azmas e 4 oliws Cqz g onl o



O 90 48 ABd o Hlis Sge o 5l sdwliamsds s
Sge Gghy onl o oslitul 950 slaSzge glyl
4 S @l e S Y digy 4528 el L dD2
sil_o RMSE=0.28 5 NS=0.92 | IS 50 glsil sl
Ol zhw Gloacs l sanl cassas s (0) S
Sy, Slinion @l b Soge fod S5 4 (G 2

55 ciillae (VWAY) ol (San 5 5 yigd

S 258 plnl Wlgi oo alln b Lafid ayie anlp
5 ablb JeSs S Jels UK (Details) ol
J5 4525 g ST 5 oolisial (JUSw S 452
SIYL Ao 525 olaad 15 oy ood S5 4 gladBle
axl (g opee Y ) Al o Slaslre Cés ax
ol ol Jdo ols saiglwancs sleosly (59, (weSae
ol sl slaosls & 4Kt oS gad subate
W ¢ C.Ia.w 452 A @a.w s oo 5las (V) Jgoo

Al oo D2 S> 50 lawgs 0| dy &= e s

At 4520 el 9 Srgo £95 olusl p Srge Joo @l ¥ Jgux
Table 2. Results of Wavelet Model Based on Wavelet Type and Optimal
Decomposition Level.
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Wavelet type Decomposition Level RMSE NS
Haar 2 0.45 0.79
Haar 3 0.62 0.63
Haar 4 0.73 0.48
Db2 2 0.28 0.92
Db2 3 0.43 0.82
Db2 4 0.63 0.62
Db3 2 0.30 0.91
Db3 3 0.53 0.73
Db3 4 0.48 0.77
Db4 2 0.30 0.91
Db4 3 0.48 0.78
Db4 4 0.47 0.78
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Table 3. Results of Neuro-Fuzzy-Wavelet Conjuncti

on Model in Groundwater Level Simulation.
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Table 4. Results of neurofuzzy, wavelet, and combined neurofuzzy-wavelet models
in groundwater level simulation.
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