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1-Introduction

Appropriate Al models should be less structurally complex and do not require more or more extensive
information to provide the most optimal modeling using appropriate input data. Along with smart models, the
similarity of the laws governing electric currents such as Ohm's law with the laws governing groundwater flow
in porous environments such as Darcy's law, as well as the similarity of parameters affecting electric current and
groundwater flow such as electrical conductivity and hydraulic conductivity, make this possible. Given this
similarity, it is possible to use geophysical data to estimate hydraulic conductivity. Hydraulic conductivity
estimation using classical methods such as pumping test is performed in different aquifers with different
methods, such as in confined aquifers by Theis method (Theis, 1935), Jacop-Cooper method (Cooper and
Jacob, 1946) and the Chow method (Chow, 1952) and in leaky aquifers by the Hantush method (Hantush and
Jacop, 1956) and the Walton method (Walton, 1962) and also in the unconfined aquifers of the Bolton method
(Boulton, 1963, 1954) and the Neuman method (Neunan, 1972, 1975, 1973). in the method presented by
Monech in the flow to a well with limited diameter in the homogeneous and anisotropic unconfined aquifer, the
obtained synthetic data from an aquifer with a hypothetical water table, the inverse (type curve analysis) and
forward (sensitivity analysis) methods were investigated and the exact values of hydraulic parameters were
obtained (Monech, 1997).

Tyfur et al. (2014) also used the combined SICM method to estimate the hydraulic conductivity in the Tasuj
plain. In the present study, the efficiency of artificial neural network (ANN) models, adaptive neural fuzzy
inference system (ANFIS), and support vector machine (SVM) have been compared using geophysical data and
hydrogeological data in Maragheh-Bonab plain. It has not yet been used to predict hydraulic conductivity so that
this research could yield new practical results. Based on the results, the support vector machine showed better
performance than the other models with RMSE =1.08 and R*2 = 0.97 in the test phase.

2- Material and methods

Three types of artificial intelligence methods, including ANN, ANFIS, and SVM, were used to estimate the
hydraulic conductivity in the Maragheh-Bonab plain, and their results were compared. Based on the new
generation of experimental models, these models are divided into the black box and gray box models and their
black-box models, which are divided into artificial intelligence models and machine learning models. Therefore,
one of the most widely used models in each of these categories was hydrogeological modeling, including the
artificial neural network model as an artificial intelligence model, the Neuro-fuzzy model as a gray box model
SVM model as a machine learning.

After running the models, hydraulic conductivity distribution maps obtained from each of these methods and
scatter charts for each model were prepared and displayed. Eighty data were collected, including specific
transverse resistance values, electrical conductivity, saturation thickness, and UTM (X) and UTM (YY) hydraulic
conductivity points. Out of 80 data, 65 data for the training stage, and 15 data for the experimental stage were
selected. Models were implemented by coding in MATLAB software environment (MATLAB, 2015).
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3- Results and discussion
3-1- ANN results

In this study, a multilayer perceptron neural network with MLP-LM algorithm was used to estimate the
hydraulic conductivity. The ANN structure studied in this study has five input nodes and nine hidden nodes. The
modeling results are shown in Table 1. The ANN model has also performed better in some areas (Fig. 1) in
estimating hydraulic conductivity.

3-2- ANFIS results

In the ANFIS model implementation, each input is clustered in a different radius. In the next step, the number of
fuzzy rules is determined for fuzzy fiction. The clustering radius values and the number of fuzzy rules must be
proportional to the minimum error rate of the model. This model also shows better performance in some places
and weaker performance in others (Fig. 2).

3-3- SVM results

The support vector machine used in this study is the least square support vector machine (LS-SVM). The
performance of the model is presented in Table 1 that performs better in all test points than the other two
models. However, in points 9 and 10, it shows poor performance compared to other points that can be due to
lithological changes relative to other sites (Fig. 3).

The results show that the support vector machine model (of machine learning models) has performed better on
test points than ANN and ANFIS models to learn the complicated relationship between input data and filter out
possible errors. The results of the models are summarized based on the evaluation criteria presented in Table 1.
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Fig. 1 .Comparison of observed and estimated values of hydraulic conductivity at test points by ANN model.
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Fig. 2. Comparison of observed and estimated values of hydraulic conductivity at test points by ANFIS.
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4- Conclusion

This study shows that by selecting the appropriate type and number of inputs and using proper and compatible
artificial intelligence techniques, these techniques can be an excellent tool for estimating hydrogeological
parameters such as hydraulic conductivity. The results of this study include the results of an artificial neural
network model (ANN) with a three-layer perceptron structure with an LM algorithm, an adaptive neuro-fuzzy
inference system (ANFIS), and a support vector machine (SVM).
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Fig. 3. Comparison of estimated and observed values of hydraulic conductivity at test points by LS-SVM model.

Table 1. Comparison of model results based on evaluation criteria.

Stage Criteria Model
R"2 0.97
Train RMSE 181
MAE 0.22
vk 0.99 ANN
R"2 0.95
Test RMSE 2.81
MAE 0.74
Ive 0.87
R"2 0.99
Train RMSE 0.23
MAE 0.015
lve 1
RA2 0.85 ANFIS
Test RMSE 112
MAE 0.069
lve 0.99
R"2 0.999
Train RMSE 0.04
MAE 0.005
lve 1
RA2 0.97 LS-SVM
Test RMSE 1.08
MAE 0.054
Ive 1.03

In addition, a comparison was made between the evaluation criteria to select the best type of model that can
accurately estimate the hydraulic conductivity in the Maragheh-Bonab plain. Examining the values of R? and
RMSE for each of the models used in this study, it was observed that the amount of RMSE for LS-SVM, ANN,
ANFIS models are equal to 1.08, 2.81 and 1.12, respectively. These values indicate that the LS-SVM model is
the most powerful model in estimating hydraulic conductivity in the Maragheh-Bonab plain aquifer. However,
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ANN and ANFIS models are more sensitive to the structure of the model and the number of data than the LS-
SVM. However, they show more unsatisfactory performance, indicating that the nature of the input data, the
structure of the models, and the complexity of the hydrogeological conditions can affect the performance of
models in different places. Therefore, it is suggested to use various types of artificial intelligence methods to
better evaluate models' efficiency in estimating hydraulic conductivity in Maragheh-Bonab plain and other
similar aquifers. Also, hybrid models with different linear combinations can be used to reduce measurement
error further
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Table 1. Comparison of models results based on criterion.

Steps Criterion Model
Train R72 0.97
RMSE 1.81
MAE 0.22

Ivr 0.99 ANN
Test R"2 0.95
RMSE 2.81
MAE 0.74
Ivr 0.87
Train R"2 0.99
RMSE 0.23
MAE 0.015

Ivr 1 ANFIS

Test R"2 0.85
RMSE 1.12
MAE 0.069
Ivr 0.99
Train R72 0.999
RMSE 0.04
MAE 0.005

Ive 1 SVM
Test R/2 0.97
RMSE 1.08
MAE 0.054
Ive 1.03

A0 5 WAV Y &Y Ll 0 (EC B Ry sla el b polie -Y Jgox
Table 2. Parameters (EC, B, and Rt) values at points 2, 6, 7, 12, 13, and 15.

EC(ps/cm) | B(m) | R(Qm) | Test points
1686.62 | 27.64 | 936.79 2
1676.98 | 22.74 | 486.98 6
1940.18 | 26.64 | 1441.7 7
2290.45 | 24.02 | 116.77 12

1835.4 | 24.81 | 1325.95 13
1748.38 | 22.98 | 22.09 15
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