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Figure 1. (A): Water resources, (B): The Geographical position of selected wells and (C) The Geology map of

study area.
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Figure 2. The effective area of meteorological station in study area with Thiessens method.
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Table 1. The descriptive statistics results of normalization data of water table, precipitation and potential evaporation.

s Nz e S oSk Variable .z
kurtosis Skewness Standard deviation Mean
-0.08 0.070 1 4 water table k.| o
-1 -0.028 0.002 4 precipitation %,
-1 -0.001 0.001 4.05 Potential evaporation Jrily 53
Y Jsdr 53 MLP Jus b (s3leand mls 3,8 0 sl oy o) MLP &s 5580 gl
MLP AK.MZ Y d_}.l} CLL?.: u..ul..ﬂ‘ 2 el el 4.5:\)‘ Ls\)" 4.{,‘.1‘ “ 4;-).7 l.: A eslanal Uas )LL.‘L"J,__:.
5 L35 b5 Gradient descent xS L Sy el pl e slae S sl bl
Siload Sl dhe picmbe Oy Y S 30505 oo elaly )l sy (ASS 5 it
.J&l{&w}ﬂwbﬁhﬁbﬁ\c@ﬂ OB ekl 3y glos 1S Sl Oojson e
Table 2. Assessment the results of MLP Model.
Output =~ Input ¢35,
_ - Jisl ol olge oY sl sliS e Al Je oslas
R R MAE oSN 3 ¢ ez 0¥ . .C g
Algorithm Education Transfer Number of Activation Number of
& function hidden layers function model
0.07 0.26 0.80 Gd (0] Ht 1 N 1
0.60 0.77 0.80 Gd (6] S 1 N 2
0.02 0.14 0.80 Gd Mb Ht 1 N 3
0.20 0.45 0.80 Gd Mb S 1 N 4
0.13 0.35 0.80 Gd (0] Ht 2 N 5
0.001 0.03 0.79 Gd (6] S 2 N 6
0.57 .076 0.80 Gd Mb Ht 2 N 7
0.00 0.06 0.80 Gd Mb S 2 N 8
0.00 0.00 0.80 Gd (6] Ht 1 S 9
0.00 0.06 0.80 Gd (6] S 1 S 10
0.01 0.07 0.80 Gd Mb Ht 1 S 11
0.00 0.05 0.80 Gd Mb S 1 S 12
0.01 0.09 0.80 Gd (6] Ht 2 S 13
0.02 0.14 0.80 Gd (0] S 2 S 14
0.00 0.01 0.80 Gd Mb Ht 2 S 15
0.00 0.06 0.80 Gd Mb S 2 S 16
0.00 0.04 0.80 Gd (0] Ht 1 No 17
0.00 0.01 0.80 Gd (0] Ht 1 No 18
0.00 0.02 0.80 Gd Mb Ht 1 No 19
0.01 0.09 0.80 Gd Mb Ht 1 No 20
0.00 0.03 0.80 Gd (0] Ht 2 No 21
0.00 0.03 0.80 Gd (0] S 2 No 22
0.00 0.00 0.80 Gd Mb Ht 2 No 23
0.01 0.11 0.80 Gd Mb S 2 No 24
0.00 0.00 0.80 Gd (6] Ht 1 No 25
0.00 0.002 0.80 Gd (6] S 1 No 26
0.06 0.25 0.80 Gd Mb Ht 1 AN 27
0.00 .0004 0.80 Gd Mb S 1 AN 28
0.00 0.002 0.80 Gd (0] Ht 2 AN 29
0.00 0.002 0.80 Gd (6] S 2 AN 30
0.00 0.003 0.79 Gd Mb Ht 2 AN 31
0.00 0.01 0.79 Gd Mb S 2 AN 32
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Table 3. Assessment the results of RBF model.

2 e A oley &Y sl sl o sliSdls ol e osle

R R MSE Sensitive parameter Number of Transfer Activa.tion Number

hidden layers function function of model
0.01  0.00 0.79 Precipitation ,L 9 Bias _.LL S 1
0.11 0.1 0.79 Precipitation ,L 8 Bias _LL N 2
0.03  0.00 0.79 Precipitation ,L 10 Bias _.LL AN 3
0.03 0.00 0.79 Potential Evaporation |..ly ;o5 10 Bias .LL N 4
0.06  0.00 079 Precipitation %\ 9 Bias L S 5
054 030 079 Precipitation %\ 7 Bias Ll No 6
0.1 0.01 0.79 Potential Evaporation |..ly ;o3 9 Bias .LL AN 7
001 000 079 Precipitation %\ 7 Bias Ll N 8

sl gbobae A Sl maw (gilaas s

ol ok ) S 3 e s (bl

Gy b sS

il Cel fdly S ite 1 eslizul Jike

&b L sl Jae

NF o s gl5,0 -8 Jgar

Table 4. Assessment the results of NF model.

G Jbe Jbe ojlais
R R? MAE & S2909 D
Function Input of model Model number
Sy e 5 Sk
0.4 0.16 0.65 Gaussian ety s 5 1
Rainfall and Potential evaporation
30
0.33 0.11 0.60 Gaussian o 2
Rainfall
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Figure 3. Comparison of the simulated and observed water table data with artificial intelligence methods.
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Table 5. Characteristics of the appropriate variogram model fitted groundwater level of Sarakhs plain in the

early, middle and end years of research.
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Figure 4. Zonation maps of the water table of Sarakhs plain based on simulation with MPL model and
observed data in first, middle and end of research years.
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Abstract

Background and Objectives: Simulation of groundwater is very important in order to
groundwater table prediction, hydrogeological and management studies, construction of
structures, agricultural use, and access to high quality groundwater. In recent decades, artificial
intelligence models have been tested for simulation of aquifers due to the complex and
nonlinear properties of groundwater systems. The purpose of this study is comparison of the
different models of artificial intelligence (artificial neural network, multi-layer perceptron,
radial basis function and neuro-fuzzy) and its composition with geostatistics methods for
modeling of the groundwater table in the Sarakhs plain. Investigation of recent studies shows
that simulation of groundwater level with artificial intelligence methods in different regions has
different results.

Materials and Methods: Sarakhs County with more than 5000 Km® area is located in 60° 30' to
61° 15' eastern longitude and 35° 55' to 36° 40' northern latitude. Sarakhs Plain’s aquifer is
unconfined type and shaped from a layer of alluvial. In this research, groundwater level data of
18 wells, rainfall and potential evaporation in statistical period (1992-2016) were used. The
affected area of each climatology station was determined by Thiessen’s method and climate data
of each station generalized to wells which situated in related polygon. The artificial intelligence
models that used in this study were Multi-Layer Perceptron (MLP), Radial Basis Function
(RBF) and Neuro Fuzzy (NF) and geostatistics methods were Kocriging, Kriging and Inverse
Distance Weighting. 70 percent of the input data was used for training of models and the
remaining 30 percent was used to test them. To assess the results of simulations with Artificial
Intelligence models, the criteria of correlation coefficient (R), Mean Absolute Error (MAE) and
Coefficient of Determination (R”) and for evaluation of geostatistics method the criteria of Root
Mean Square Error (RMSE) and Mean Square Error (MSE) were used.

Results: The results showed that the multi-layer perceptron model is more accurate than other
models, according to R=0.77, R*=0.62 and MAE=0.80. To determine the best geostatistical
model, for spatial prediction of the groundwater level, the results of multi-layer perceptron
model were used as input data. The results showed that Kriging method with RMSS=1 and
RMS=0.066, is better model to spatial simulation of groundwater level in Sarakhs plain and
based on Kriging method, the maps of groundwater level in each year was designed.
Assessment of these maps showed that the most decline of groundwater level is in the north
parts of Skaraks plain and south part of this Palin has a little declining of groundwater level.

* Corresponding Author; Email: m.azarakhshi@torbath.ac.ir
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Conclusion: The combination of the MLP model and the Kriging interpolation method is a
suitable and low cost solution for simulation of the groundwater level in the Sarakhs Plain. It is
suggested that if possible more dependent variables be used to increase the accuracy of artificial
intelligence models. Also, for better prediction of groundwater level, the other artificial
intelligence models with different algorithms should be used.

Keywords: Groundwater, Kriging, Multi-Layer Perceptron model, Zoning
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