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ABSTRACT

Rapid population growth, industrial and agricultural expansion,
Received: 18 November 2025 and the limited availability of surface water resources have significantly increased
Reviewed: 03 January 2026 dependence on groundwater in arid and semi-arid regions of Iran. Groundwater serves as a
Revised: 17 May 2026 vital source of water for domestic consumption, agricultural irrigation, and industrial
Accepted: 13 July 2026 development, particularly in regions where alternative water resources are scarce. However,

groundwater quality has been increasingly threatened by various pollutants, particularly
dissolved ions such as sodium, sulfate, and total dissolved solids (TDS), originating from both

KEYWORDS: natural hydrogeochemical processes and anthropogenic activities. Elevated concentrations
Groundwater Quality of these parameters can reduce water suitability for drinking and irrigation purposes and
ANFIS may have adverse environmental and socioeconomic impacts. Understanding the complex
TDS relationships among groundwater quality parameters is therefore essential for effective
Sulfate water resource management and long-term sustainability. In recent years, artificial
Sodium intelligence-based techniques have emerged as powerful tools for modeling environmental

systems characterized by nonlinear and uncertain relationships. The primary objective of this
study is to model and analyze the interactions among major groundwater quality pollutants

* Corresponding author in Markazi Province using the Adaptive Neuro-Fuzzy Inference System (ANFIS), with the aim
= aghamohammadi@iau.ir of identifying temporal variations in groundwater quality and providing a scientific basis for
@ (+98912) 6134918 sustainable groundwater management.

In this study, groundwater quality data including sodium, sulfate, and TDS were
collected from monitoring wells distributed across Markazi Province for three time periods
corresponding to the years 2017, 2020, and 2023. Prior to modeling, several preprocessing
procedures, including data screening, normalization, and outlier removal, were applied to
improve data quality and ensure reliable model development. The ANFIS modeling
framework was implemented in the MATLAB environment to capture the nonlinear
relationships among the selected groundwater quality parameters. Different fuzzy inference
structures, including Grid Partitioning, Fuzzy C-Means (FCM), and Subtractive Clustering,
were evaluated in combination with hybrid and backpropagation optimization algorithms.
The dataset was divided into training (20%) and testing (80%) subsets to assess model
generalization capability. Model performance was evaluated using Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and the coefficient of determination (R?).

The modeling results demonstrated that ANFIS is capable of effectively identifying
and reproducing complex nonlinear relationships among groundwater quality parameters.
The evaluation metrics indicated satisfactory predictive performance for most of the
investigated models. In general, models based on Grid Partitioning combined with hybrid
optimization produced more reliable results in the earlier study periods, exhibiting lower
prediction errors and higher coefficients of determination. The results also revealed that
model performance varied among the investigated years, reflecting temporal changes in
groundwater quality conditions and data characteristics. While positive R? values and
relatively low RMSE and MAE values confirmed the effectiveness of ANFIS in most cases,
some models developed for the 2023 dataset showed weaker performance, indicating
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increased complexity and variability in groundwater quality patterns. Nevertheless, the
overall findings confirmed the capability of ANFIS to model groundwater quality parameters
with acceptable accuracy.

Overall, the findings of this study confirm that ANFIS is a reliable and efficient
tool for groundwater quality modeling and can be applied as an intelligent decision-support
system for regional groundwater monitoring and management. The results highlight the
importance of selecting appropriate fuzzy inference structures and optimization algorithms
to achieve accurate predictions. Considering the critical role of groundwater resources in
supplying drinking water and supporting agricultural activities in Markazi Province, the
application of ANFIS-based models can enhance management strategies, assist in identifying
vulnerable and critical areas, and contribute to the prevention of further groundwater
quality degradation. Furthermore, the use of similar intelligent modeling approaches in other
regions with comparable hydrogeological conditions can improve groundwater resource
management, support sustainable development goals, and contribute to long-term
environmental sustainability.
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Tablel: Statistical characteristics of groundwater quality parameters in Markazi Province
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Fig. 3: Trend of changes in the average parameters of TDS, sulfate and sodium in the three years of study
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Fig. 4: Diagram of the overall change in the sodium parameter using the Kriging (Gaussian) model in three study periods
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Table3: Results from the optimized ANFIS model for the sodium parameter in 2017, 2020 and 2023
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Fig. 7: Comparative graphs of actual and predicted values by different ANFIS models in three study periods for the sodium parameter
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Table 4: Results from the optimized ANFIS model for the sulfate parameter in 2017, 2020 and 2023

Ot Bl ;08 (5 Sls Sla o Gefilos ady Optimization ) (g3lw dege (b3,
(Model) Jaw (Year) Jlw
(R2) (MAE) s (RMSE) Uas (method
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' (FCM) (558 gaiadsy>
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) 1396
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Fig. 8: Comparative graphs of actual and predicted values by different ANFIS models in three study periods for the Sulphate parameter
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Table5: Results from the optimized ANFIS model for the TDS parameter in 2017, 2020 and 2023

(R2) iyosd s a8 (5 Sile Slaye (eSiles 4y Optimization ) (g3l aige b3, (Model) Jae (Year) Jlu
(MAE) Uas (RMSE) Uas (method
0.47 237.64 344.94 (Backpropagation) Uas ,Lal Siddg>
0.51 208.99 289.12 (Hybrid) &y (FCM) djlé
0.44 283.07 400.14 (Backpropagation) Uas ,Lal Syl
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0.32 288.83 477.18 (Backpropagation) Uas ,Lal
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Fig. 9: Comparative graphs of actual and predicted values by different ANFIS models in three study periods for the TDS parameter
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   ( Y =    f 1 )   آ ن گ ا ه      (  X 2 =    B 1 )   و    (  X 1 =    A 1 ) ا گ ر  


   f i =    p i × X +    q i × Y +  r i


   p i


   q i


   r i


  f =   ∑ i  (  w i ×  f i ) /   ∑ i   w i


  RMSE =   1 n  ∑    (  y observed −  y predicted ) 2


  MAE = 100 ∗  1 n  ∑   |  y observed −  y predicted |


   R 2 = 1 −    ∑    ( y predicted −  y observed )   ∑     y predicted 2 −    y observed n

