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Fig 1. Geological map of the study area
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Fig 2. a) The usual three layers network ,b) Processor
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1- Levenberg-Marquardt (LM)
2- Gradient Descent back propagation with momentum (GDX)
3- Bayesian Regularization (BR)
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Fig 3. The position of central pizometer and selected

piezometers

HCA 25 0 oo la oy suad ot S
Fig 4. Clustering selected piezometers with HCA method
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Table 1. Results of feed forward artificial neural network

algorithms for central piezometers (Alamdar town)
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1- Subtractive

2 - Fuzzy C-Means

3- Simple Kriging

4- Ordinary Kriging

5- Universal Kriging

6 -Hierarchical clustering(HCA)
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Table 3. Results of Sugeno fuzzy model for modeled

batch pizometers

J>u: rb Llwd
R RMSE R’ RMSE o
0.64 016 097 004 sy
j 0.8 Jol
070 047 098 007 i, L ’
070 025 099 004 <<,
R T i
082 058 099 033 i 1. f
085 017 094 021  s¢
Y09
082 054 095 022 i i =
082 024 099 005 gy
070 037 099 005 s e 08 s
074 055 098 018 i .-

(SFL) 5500 536 (o

JJA 6“}3‘5}:’, Lwd &5‘]‘:’ s AS«S: J..\.a @Lﬁ—" J_g-\;-
ol
Table 2. Results of artificial neural network model for

modeled batch pizometers

bl el e o s
R® RMSE R® RMSE f

083 010 094 006 s _ju

087 033 098 008 ., s -
074 021 098 006 <., L

087 052 098 042 g al
094 014 092 023 <<

0.80 049 094 025 .k
090 021 096 014 5K

090 032 099 012 s e ple
093 026 097 026 s .

(LM-FNN) s sae i 453 (I

A3 S (655 0 fegm 8l Sllie S 4 cod s aman g sladie z -0 Jse
Fig 5. The results of artificial intelligence models in comparison with observation mode for central piezometers of
Hadishahr Plains.
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Fig 7. Neural cokriging model in the twenty-fourth

month
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Fig 6. Neural cokriging model in the twelfth month
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Abstract

Combination of geostatistical and artificial intelligence methods for predicting
spatiotemporal water level in the Hadishahr plain

M. H. Habibi!, A.A. Nadiri*, A. Asghari Moghaddam® and K. Naderi*
Received:2014.07.16  Accepted:2016.01.28

The Hadishahr plain, with 56 km2 area, is located in the northwest of the East Azarbaijan province.
Due to the intensive withdrawal of groundwater from this area in the recent years, the water level has
been declined significantly. In order to find the best method for managing the groundwater resources of
the study area efficiently, artificial neural networks and fuzzy methods were utilized to model and predict
the temporal and spatial variations of the groundwater level. Firstly, the central piezometer was used for
modeling artificial neural network and determining the best algorithm structure. The results show that the
forward neural network with the Levenberg-Markvrat (LM) algorithm with 1, 2 and 3 order structure is the
best method in this plain, respectively. Afterward, the selected piezometers of the plain were classified with
the hierarchical clustering (HCA) methods and each piezometers batch was modeled with the Sugeno fuzzy
technique. The results were compared using the statistical parameters such as RMSE and R?. In this study,
monthly data of rainfall, evaporation, and groundwater level were used as inputs to the model. The results
show that the fuzzy and neural network techniques using feed forward neural network with the Levenberg-
Markvrat (LM) algorithm achieves the best answer. Thus the neural kriging and neural cokriging method

were used, for predicting the temporal and spatial variations of groundwater level.

Keywords: Groundwater level, the Hadishahr plain, Artificial neural network, Sugeno fuzzy, Neural
kriging
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