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Abstract 
Protecting the quantity and quality of water resources has always been of great importance in all human societies, and in order to maintain the quality 
of these resources, numerous monitoring and remedial measures have been taken in most countries of the world. In this regard, water quality 
monitoring is considered as one of the essential tools and as an integrated activity to evaluate the physical, chemical and biological factors of water 
that are related to human health and living organisms. In the present study, a model of combining geostatistical methods (Kriging), clustering and 
entropy theory has been proposed to review and present the groundwater quality monitoring network. This model is presented under the first and 
second approaches in Tehran-Karaj study area. The first approach, without using the clustering method, reviews the existing monitoring network 
without using only entropy theory and Kriging geostatistical method as an estimator. The second approach uses the k-means clustering method, 
entropy theory and Kriging geostatistical method as an estimator to investigate the effect of combining these three methods on the review of the 
existing monitoring network and then the results of the first and second approaches are compared. The proposed final monitoring network with 44 
wells has an average forecast error rate of 19 and a cost reduction of 34 percent compared to the cost of the current monitoring network. Also, using 
clustering, the average percentage of estimation error has been reduced by 20 percent compared to the case without clustering. 
 
Keywords: Entropy theory, Groundwater, K-means, Krigging, Quality monitoring. 

  

  

  

  

  

  

  

  

  



#$	%� &���% '(� )�#*�& %+* ,%+* -%-�� .
�*/� 

  

 ����12 �  ���	
2 � ���
��� 1401 

246

 

�����  

�  ��$� �5��
� ���	� �� '	����
� (� 5��	8 ^6� +
�" 

���	� +��V" �� ���� ��� %��� -T� %�� �%����$� 

��A � 
2	1 �� 
���� % �
� �� ��N�� .
�� 

%����$� �� a�b3N� ^6� 93 %�1�  � 
A� �� -�� 

�� 80 �1�  5� �� ���	� �� '	����
� -S� ���8 %� �  

.����d" '�� � '��� 5��T�� ��  ��  )Ahmadi & 

Sedghamiz, 2007.( "�2=�C�' (� �  ��� %�� N��� !�M�� 

��A �
�� 5�$�  �7 d"��.�� g��O� �  �����% �� 

hi�	� ��� ���+ '� A���� (� �� ���
 � ����
 �� 

��UV"����j7. (� ��)	� ��
�

 ����
 �� �  5��T� 

����� �k�"  ��� (l;��  �� � (��N ��  �� 
N�	A 

�,
��  ��'
 (� �  5�  �� m� �'  �	�  ���;% .
�� ��7�' 

�� 2;��
 ����
 ��  ��% �
����	'� d"��.�� � ���3	 5� 

'9
 �� ������% ��
�
3' � �� � ����� %���  ����
 

'� A��.� �� ��% �
����	' �I	� �6�' �� �� ��	3�� 

(� �F
� �  hi�	� <$N � (��� <$N (� �� ��% OC�' 

����� .�	3�� �  3��(M 7 �=�' �� ��% �
����	' �  �
+ 

hi�	� 
< ���G�' n�:� �
�� (� �
�F (� ��3	� � oj� 

7 �=�' �  �
+ ���	� (� �6	" :��,
(	 (9Z� ��7' p�+9��� 


�� )Rezaei et al., 2013(. �:&�
- �;�S" ���% ��� 

�� �����3��% �"k�� 7���'� -��� ���	� �� ����
 

@��/ ��I/ � 7 �=�' ��- �� �� �� (� @�=  K�3�7 

�6A ��� ����$�% � 
2	1 q8�� �
 �M (b�T� ��% 

�A
� 
�
� 'C�O�� 8��3#�'�  �b3/�% � ����' ��A 


�� )Karamouz et al., 2020.( ����	�
�+ !�k 
�� 

��
�

 ����
 ���	� �� �  rC� (;�� ���
: �� s�I� �" 

�o�b� �� !�M�� !��/� %�� ���� �% � p������ �% (� ��)	� 

�
t���  �I6� � ��3	� ����
 ���	� �� ���% +��V" 

��ZC� ������% Z��( ��6� 5��� �� .��1 j,
 � (� 

�/���  -
�, 
���� �� '9
 �� +
� !��/� .
��� �,
- 

����
 �� ��&
�	 (����� �
:% ��A  (���� � ���%� 

������ 7��% � 
IU 
� Q�  �
7F' ��% uZ3T� �� 
�� 

�( (� ��)	� :M"
( � ZO"�@ .�80i� � ����' ���� 

d"���.�� ���
��' J��	" � h��C" (����� �� o�� 
� o���� 

�����% ��% �2"
u ��A ���% �� � ����' %�, �	�% � 

�8�

 R���; R��" o�b� 5�7�		� �� .��1 

�' 7� �. 

Alfonso et al. (2010) (� ��)	� +3&�
 
��� +
�" 

(8��M� 5�9� �� %��� %��7���/ ��G3�
� %�� �-
�, <
 

(=V��6=V�� (	�6� %��� (&���	> 
O" +3&�7�)��  �  

()�0� +3&�7�)��  (	
:� %��7���/ ��G3�
� %�� -
�, 

�
�# � �  +3&�7�)� (	
:� ��G3�
� %�� -
�, <
 :� (� 

���� %�� �'9�=����� D�C� � �� .��� �  �� �  
=�� 

',��3�� (	�$�� ��A � 'G3�I�� @� :�� (	��� ��A .
�� 

K�� % �6	$�, �  (2=�C� % ��� (SC	� �	Z�=  �	Z� 

(� ��� (3&�7 ��A 
�� � X
�3� 5�$� � �  
�� (� � ��3�� 

�� 'G3�I�� @� K�� %�Uv� %��� ������ %��7 �0S3�� 

���d3��	> 
�� � �
�� �� ',��3�� w�3$� J���"  �A �" 

'M
�3� (� (� 
�  '� ��
� -T� @��/ '6#�" �� @� 

%��3O� ^3��� �� -A�, .��  (	�$�� 5 �� ',��3�� 

w�3$� 'M
�3� �� '	I� �� -A�, 82 �" 85 �1�  �� @� 

%��3O� '"�80i� �� � �  .
�� Daughney et al. (2012) 

�� 'A�� %��� yT$� 5 �� (9IA -
�, �� '	����
� 

� ��3�� � �� .��� �� K�� (
:M" � @�ZO" (A�N %� (Z�Z� 

'I"��� )HCA(1 (� 5��	8 %��:�� %��� '��
��� (9IA -
�, 

�� '	����
� �  (SC	� %� �� �	=���� � ��3�� � �� .��� 

K�� HCA (9IA %�� -
�, �	=���� �� �� �)�  ��2" 

(A�N %�� 
���� �� '
���	A ��A �  �� �(9IA ��d3� 

'
����A����� :��� �� (3�  � � ��O� 
)Zp �� � �� 

'
����A �  �� (A�N '��� �� (�
�S� '� .�	� +
� K�� 

'� ����" %��� '��
��� �� �
�(8��M� 

�� %�� -
�, (� 



)0/1��� �23
 �"#4 5+�� 67 1#�1)+.� �� 5)�+8 9�� ��� �
-:  *.�� � �1+$  ���7 �� ���*�� ��,��;�� �<)=�->)5 

  

 ����12 �  ���	
2 � ���
��� 1401 

247

�� <
 (9IA -
�, n�:� �" (3&�7 ��A �
�� � ��3�� 

. �A Alfonso et al. (2013) �  K�� %��� '���i 

(9IA %�� -
�, '�  (��N �� �� �� � ��3�� �� ^����� 

%���" .�80i� (H��� � �� .��� K�� ��� (	�6� %��� 

�
 �S� %���" .�80i� ��) � ��3�� �� ^3
��G=� <�3�B 

((&���	> � K�� !�  K�� %�
�# '	3I� �� (I"� %�	� 

�
 �S� %���" .�80i� �� J���" %�� uZ3T� -
�, �  

�)� (3&�7 ��A .
�� +
� K�� �� %��� (��N �� �	�=�G� 

�  ��I�Z� (� ��� (3&�7 ��A 
�� � (9IA -
�,  �#�� :�� 

'��
��� ��A 
�� � 5�$� � �  ��A 
�� (� K�� 

(I"� %�	� 'A�� ��		�������� %��� +3&�
 z�S� �4���� 

(6I# �"��, 
�� (� 'i (	�6� %��� (&���	> (� 
�  

���� .
�� Chang & Lin (2014) <
 @�ZO" ����2��	> 

%��� '��
��� J��	" '���i <
 (9IA -
�, '��� �� 

(H��� � �  .��� %��� ��3	� 
���� �� <
 (;�� �:
��� 

<
 ^3��� -
�, '��� �� !�k 
�� � @���8 % �23� 

'��	���" �� '���i (9IA -
�, '��� �Uv� .�	A�� %��� 

+
� @�ZO" 
�� ���2� �  �)� (3&�7 ��A 
�� (� ����� 

��A ��� � (� !����� <
 5�� a�b3N� � �  '� �A.  

K�� 5�� '�  %��� ���� '�  (� (;���
� �� � ��3�� 

'� �A  � �  (;���
� %� (� '=�G> -�� �"% (3A�  

��A�� ���� (� -
�, '��� -�� �" .
�� W?� �� K�� 

%��& )Fuzzy( %��� 

�=�� %�	� ���� (� '=�G> -�� �" 

%��� ��G3�
� %�� -
�, '��� �� � ��3�� '� �A.  �� +
� 

K�� 

�=�� %�	� hi�	� �� ��6> ���7 yT$� '� �A.  

X
�3� 5�$� '� ��  (� '{2� �� (;���
� �� -
�, '��� 

-�� �"% ���� .����  Esquivel et al. (2015) <
 @�ZO" 

����2��	> %��� @�ZO" � ��� 5 �� ���2� %�� 'Z1� 

��UV" ��j7 �� '���i (	�6� (9IA -
�, rC� �� '	����
� 

(H��� � �� .��� @�ZO" �	> (&�� �� � ��3�� ��GIS !�M�� 

(3&�7 .
�� u
��2" � 
���� ���2� �� '	2
) ��T3�� 


��U �� � ��d3� %�� (��� (� �  '���i (9IA -
�, 

��j7��UV" 
�� g����� .�80i�  �#�� � ����$� �� 

5���	A��� yT$� ��A .��� %��� +��2" 5�� @���8 �� 

�	
��& (Z�Z� 'I"��� 'Z�ZO"2 )AHP( � ��3�� ��A .
�� 

+�=�� !�/ � AHP ��T3�� ���2� %�� z���� (� �
��" 

'��9� z�S� -
�, �  (9IA .
�� @�=  ��T3�� +
� 

���2� �� 5�9�� '��
��� 5�:�� � ��3�� -�� �� �� �� ���� 

5��T�� � .���UV" 5� .
�� 5�� '�  (� @���8 :�� �
�� �� 

�)� 5���	A��� �  �� '	����
� � GIS !�M�� . ��7 W?� 

K�� 'I���" 'CN '���3 )WLC( %��� +��2" 



�=�� %�	� hi�	� %��� -
�, � ��3�� ��A .
�� �	���� 

�
�� K�� �� (� %���  

 ��O� ��	3�� AHP :�� �� 

+
� ��8�/ '	43�� 
��� 5�> @�ZO" AHP |k��2� '	3I� 

�� �	
��& %�� '�k�i � %���9" 
�� (� (� 5��� % �
� 

%��� 5���� (� <
 (M�3� �   ��� ���2� %�� '���� ��� 

� 5�� 5� �� ���� . ��  +
� K�� '� ����" �  5��T��  '
�� 

(� '7F
� %�� '8�	3� ����  �
 -�� +
�" 

 ��O� 5� �� 

!�8  �#� � �  %�� @��/  ��38� �
�� � ��3�� . �A '9
 

�� %�
�:� +
� K�� +
� 
�� (� ^��b" %��7 @H��� 

���l�, �� 
��� '� .�	� (� ��)	� 5 �����, ($S� 



�=�� %�	� hi�	� %��� �-
�, ($S� (� 
�  ���� �����  

(SIi %�	�4 '� . �A +
� (SIi %�	� X	, g0� 'Z�N ^� 

�" 'Z�N  �
� �
�� (� (���� 'Z�N  �
� �  (SC	� %�6A 

���/ (3&�7 (� 

�=�� -�� %�" %��� -
�,  ��  � 

� �  %�� -�� %�" �   ��� '
�
�, 5��T�� �  ���3N� ���/ 

� �  .
�� ($S� '
�6� �� �)� '��9� �� ��3&� ���2� %�� 

� ��3�� ��� �  �-��F, ��7��� � �� .
�� Du et al. 

(2017) 'G3�I�� +�� ��d3� %�� '��� �� %�� 'Z��� �� 

@�ZO" � �� .��� '��
��� 
���� �� %��� '��
��� ��, '�� 

�'
�
�  +��T" �A� <IZ# %�� �{� � 
)�� �� R�O� 


�
� %���; 
�� � 'A�� %��� '��
��� 
���� �� 



#$	%� &���% '(� )�#*�& %+* ,%+* -%-�� .
�*/� 

  

 ����12 �  ���	
2 � ���
��� 1401 

248

�� @�ZO" (A�N %� (Z�Z� 'I"��� g����� (Z1�& 

W����k����5  �6	$�, � �� .��� +
� K�� %��� � �  %�� 

'��� �� ��# %��� ��A �� �� %�� 'Z��� %���
�  

%Ĥ��� �  �� +�> � ��3�� ��A 
�� � %��� '��
��� +
� 

�K�� � �  %�� '��� �� � ��3�� �� (Z1�& '���Z/� :�� 

(A�N %�	� � �� ��� � X
�3� @��/ K�
j, � �� 
��� ��� 

X
�3� � ��3�� �� (Z1�& W����k���� �Uv��" �/�� ��A 

.
�� Alilou et al. (2018) <
 K�� 'Z�8 %��� 

a�b3N� z�S� (����  %��7 �  ��	
� � ��� %��� ���	� 

� �=�  ��		�   (CS���p  %� �  <
 (���� (H��� � �� .��� %��� 


�  '��
 (� +
� �o�� �� K�� ��i z�ZT� (��N �� 

)RML(6 %���  �6	$�, z�S� (����  %��7 � ��3�� ��A 

.
�� ^� +�	> @I/ �� ��T3�� J��	�  +
�" 5�9�  �� %��� 

<
 ^3��� (��N �� �� � ��3�� �� �	
��& (9IA 'Z�ZO" 

)ANP(7 (SIi  %�	� 
���� �� (CS� (����  %��7 yT$� 

��A .
�� (�  ��08 <
 ��� ���M��  %� �"���"� o����� 

'=�Z� (>��?9
8 %��� (�IA  %��� .����d" ��	
� ���	� 

(CS���p  %� .��1 (3&�7 .
�� !�M���� �� +3&�7�)��  


�=�2&  %�� '���� �� h
�i ($S�  %�� �� �� �+��� K��� 

(Z�Z� 'I"��� )Hierarchy�( K��� '7 �=� '=��3�� ���	� 

��p (CS�  %� �  �I�� (# �� �  (SC	� (2=�C� ���� 
�� 

(CS� (����  %�� �� %��� ��� � ��	
� yT$� ��A .
�� 

@��  15 (CS� (����  %��7 (3N�	A ��A (� g����� 



 ��O�  %�� �'=�� ^3��� (��N �� � ���  5 �� 

.����d" +9�� �  %����� ';��� �  ���	
� 
�� (CS� 

(����  %��7 (�  5��	8 J��	�  +
�" ��G3�
�  %�� ��3	� -
�, 

'��� �  ^3��� (��N �� ��T3�� ���A � ^� +�	> �  

��G3�
� :�� %��� <
 (9IA -
�, '��� %�/ �  .��1 

(2��" (9IA �  

�=�� !�  ���/ (3&�7  .��� Boroumand 

et al. (2018) <
 K�� '	3I� �� ^�� W��
���-��S3�� 

.�80i�9 %��� '���i <
 (9IA (	�6� -
�,  ��� %jd� 

�� <
 X�ZN �  .k�
� ��O3� �9
��� '&�2� � �� .��� 

^�� W��
��� � ',��3�� ��S3�� .�80i� (3��7 %��� 

(I��O� � ��O� (	�6� (Z1�& -
�, ���8� ��A .��� +
� 

(2=�C� � ��O� (	�6� 28 �" 82 � 37 �" 50 %�3��Z�� �� 

%��� ��d3� %�� (2=�C� ��A 5�$� � �  .
�� �  .��1 

+3&�7�)��  (Z1�& -
�, �  (Z1�& %�� ���A��� 

.�80i� %���� �� (9IA -
�, (� 
�  '� .�
� Alizadeh 

et al. (2018) <
 K�� %��� '���i (9IA -
�, '��� 

(	�6� g����� %���" ',��3�� (H��� � �� .��� ��3��  ��� 

���# ��ZO� )TDS(10 R��" K�� ��% (9IA ��% Ib8' 

8�	b�' )ANN(11 �  :�
< �"
+ ����'G
 )KNN(12 

+��T"  � �  '� �A  W?� �� � ��3�� �� ^3
��G=� (	�6� %��� 

(Differential Evolution (DE)) �� o�� ^�
:��� %��� 

.�80i� y=�N (� �� ��G3�
� �� (� 
�  '� ��
�  ��2" � 

@O� ��G3�
� %�� -
�, :�� g����� ��> %��  �#�� 

(��2&) (� 
�  '� �.�
 �
��" '��9� ��> %�� '��T3�� 

-A�, 'I��	� %�� @� 5��T��  ��  � ^� 5��� -�� �"+
 

.�80i� ���� �   ��� .�bT$� '��� �� '� .��  

^� +�	> �� ��G3�
� %�� '&�;� (� @�=  (	
:� %�� '3/�� � 

��� %����� %��  �N ��A .
�� K�� ',��3�� ��& ��A 

�� �  K�� Error minimization � K-Means clustering 

(�
�S� ��A 
�� � 5�$� � �  ��A (� K�� %�36� .
�� 

�  (2=�C�  % ��� (i���� �� +�� 79 ��> � �#�� 20 ��> 

JT3	� �� +
�36� ���# %�� +9�� %��� 
���� �� 5��� 

���� (� ��> -�� �" '���� ��A .��� �� K�� KNN � 

ANN %��� 5 ���, �N%�� '"�80i� � ��3�� ��A .
�� 

�  +
� (=�S� RS& �� %��3O� '"�80i� (� 5��	8 <
 ���S� 

�  '���i (9IA -
�, � ��3�� ��A .
�� '"��1�  (� 

���2� %�� %�G
  ^� 5�> ���� �5���� �
��" 
�2�# � 



 ��O� %�� % �b3/� :�� ��)	� '� �A�� (� +
� (=V�� 

�� ���l�, '� .�	� Janatrostami & Salahi (2020) %��� 



)0/1��� �23
 �"#4 5+�� 67 1#�1)+.� �� 5)�+8 9�� ��� �
-:  *.�� � �1+$  ���7 �� ���*�� ��,��;�� �<)=�->)5 

  

 ����12 �  ���	
2 � ���
��� 1401 

249


�  '��
 (� (9IA -
�, '��� �� '	����
� �  5�3�� 

50�7 �� ^3
��G=� (	�6� %��� <�3�B � ��3�� � �� ��� � 

^� 5��� �  ���" o��  �{3� @� � �� .��� o�� ��� 

5 ���4���� h��C" +�� �
��" %�� EC
13 (I��O� ��A �  

(9IA  -
�,  �#�� � (9IA �
�# �� � ��3�� �� '
���� 

��� -�-u�Z9"��14 � �� � o�� !�  �� �  +3&�7�)� 



 ��O� z���� (� �(	
:� @/��� 5 ��  ��2" ��> %�� 

-
�, �  (9IA �
�# � �� .
�� �  (9IA -
�, �
�# 

z�S� (���� %�� �� �  hi�	� �� '7 �=� ^� �" oj� ��A � 

�  hi�	� �� '7 �=� -�� �" (&�;� ��A 
�� � �  @� 

 ��2" ��> %�� -
�, �� (#�" (� �
��" '��9� �
 �S� EC 

�  (9IA -
�, �
�# -��� (3&�
 .
�� Taheri et al. 

(2020) <
 �	
��& @�ZO" (Z�Z� 'I"���15 (� <
 (����� 

^��b" %��7 ����2��	> �
�� %��� '���i <
 (9IA 

-
�, '��� �� '	����
� %��� <
 ���� �� '	����
� 

'3&��� �/�� �  � ��O� '"�2=�C� !0��  ��� ��p -

��$����� (H��� � �� .��� ��� % �6	$�, �� 
$� ���2� (�=�� 

� ��3�� � �� 
�� �  ��2" 59 ��> �� 254 ��>  �#�� �� 

(� 5��	8 ��> %�� -
�, (	�6� (M�3� � �  .
�� �� 

+3&�7�)��  X	, ���2��
� ��)� R
��A '9
:�& ��> ��� 

��, ��� ��M� � ��3�� �� <=�� ��> �� � ... (� �
� �)� 

5���	A��� +��2" ��A ��
 � ) %�G=���p !�  ��> (�� 

 ��2" ��> �� (� 13 ��> -��� (3&�
 
�� � o���� 5����� 



�
�� �� (SC	� %� �� ��  ��� � �� .
�� Li et al. 

(2021) <
  �9
�� '	3I� �� ',��3�� � k�,��16 %��� 

K�3�7 (9IA -
�, K��� �� o�� 5 �:&� ��G3�
� �� �  

hi�	� @��/��p -M	� �� K��� -
�, k�� � +��T" �� 

h
�i %��3O� .�80i� � �'G��:&� (H��� � �� .��� +
� 

 �9
�� %��� (9IA %� �  (;�� (>�
�  %� �  +�> 

���8� ��A .
�� ��G3�
� %�� ���M� +
� (>�
�  g����� 

'2Z;�	> +��"17 ���7 %�	� ��A ���� K��� -
�, �� 

%��� �� ���7 (I��O� � �� ��� � 5�9� %�� ��G3�
� '
�� 

(� 5��	8 ��G3�
� %�� '&�;� yT$� � �� .��� (M�3� +
� 

 �9
�� (� 

�S" (9IA K���  �#�� <�� (� '
�:� 

� �� .
�� Komasi & Goudarzi (2021) �  �
��	� 

%��� (	�6� %��� (9IA -
�, �� '	����
� (H��� � �  .��� 

�
��	�% ��� (9IA -
�, �� '���i '� �	� � �
��	�% 

!�  ��> %�� -
�, (	�6� �� �� +�� ��> %��  �#�� ��T3�� 

'� .�	� �  %�
��	� ��� (9IA -
�, R��" ^3
��G=� 

<�3�B J=�p��p � �  %�
��	� !�  (9IA -
�, (	�6� 

R��" %���" ',��3�� � (I��O� ',��3�� �� <
 �� 22 

��> yT$� '� �A.  �  (M�3� %�
��	� ��� <
 (9IA 

-
�, �� 12 ��> � ���S� +�G���� .�2��� %�CN 61/0 � 

-��� 40 %�1�   ��2" ��> %�� (9IA -
�,  �#�� �� 

(� ����� (3A�  .
�� %�
��	� !�  W, �� (I��O� 

',��3�� � g����� 5� <
 (9IA -
�, 11 '��> (M�3� 

� �  .
�� Rajaee et al. (2021) �
��" '��9� 

��G3�
� %�� (���� %�� �� 
���� �� ^3��� (��N �� %� �� 

� ��3�� �� %���" ',��3�� .�80i� �  (;�� :
��� 

.������= � 5��6"-Q�� �� 11 ��G3�
� (���� %�� �� � 

%��� 12 ��d3� '��� � '�� �� �  <
 ���  %���� 21 

�(=�� (	�6� %��� � �� .��� �� ��� �
��" (Z1�& +�� 

��G3�
� �� � ���S� ��S3�� .�80i� �� %��� �� ��d3� 

(2=�C� ��� ^���" � �� ��� � �� � ��3�� �� K�� 

^��b" %��7 �	> ����2� @�ZO" (Z�Z� 'I"��� � �� (#�" (� 

o��b� �� %����$� � ���A 5�� (�� ��d3� �� �� 

+��2" � �� .��� +
�� J�"�" (Z1�& (	�6� +�� ��G3�
� %�� 

-
�, (� ���S� 1/14 �3��Z�� � ^� +�	> ���S� (Z1�& (	�6� 

�� K�� ^��b" %��7 �	> ����2� @�ZO" (Z�Z� 'I"��� 

%��& :�� (I��O� � �� ��� (� ����� 83/13 �3��Z�� � �� 

.
�� W?� �� � ��3�� �� +
� X
�3� � � ��3�� �� 

yN�A %�� %�G
  ^� 5�> ',��3�� 5���A � �W��
��� 



#$	%� &���% '(� )�#*�& %+* ,%+* -%-�� .
�*/� 

  

 ����12 �  ���	
2 � ���
��� 1401 

250

�
��	� %�� '�Z3T� 
6# oj� �
 -
�:&�  ��2" 

��G3�
� %�� (���� %�� �� '&�2� � �� .���    

�� (#�" (� (H��� %���� �� %�	> �� -��F, %�� 

!�M�� ���A (M�3� (3&�7 '� �A  (� %��� '���i � 

%�G���� (9IA %�� -
�,  �#�� �� K�� %�� �%���� 

+��� %���� � (�IA %���- (	�6� %��� � '��7 J���" +
� 

K�� �� � ��3�� ��A 
�� � �" (� ��� 'I���" �� 

K�� ��% (A�N �%�	� +��� ���� � %���" ',��3�� %��� 

%�G���� (9IA -
�, '��� �� '	����
� � ��3�� ��$� 

.
�� �� +
� ��� o�� �� +
� -��F, %�G���� (9IA 

-
�, '��� �� '	����
� �� J���" +
� (� K�� 

'� .�A��  

  

�
�� � ��� �
   

�  +
� -T� (� K�� %�� � ��3�� ��A �  +
� -��F, 

(3N� �, ��A .
�� �  (�� � K�� 5��  '��
 �L	�M
�� 

K�� <
 :� +
�" �'G
���� @�ZO" (A�N %� � %���" 

',��3�� (H��� ��A .��� 

  

��� ���� ����  

5��  
��  ��% ����% (� (3�   �% �� K�� �� (3�7 '� �A  

�( �� �,
( �
7F'  ��% ����% ��% ��9�' d3��� �)� ���� 

)��� ��G���+ � o��O�� 2���� ���3�� .�A�� 
< ��&
�	 

����% �'  ����" (�  5��	8 ��&
�	% �( ��� % 
< -T� 

��� % ��3N�� 
� 2C/' � 
< -T� �� G3�I��' ��9�' 

& �b"' �
�� �2"
u  �A. �  �
+ 
=�� -T� ��� % 

��3N�� 
� ��� % ����� �� K���� 
< ���" CN' 
� 

p�CN�' J��	� 2"��+ '� �A � ����	�
+:  

)(C��� 1(  ���� � ���� � ���� 
(� %��i (�  ������&
�	 ����%� ���� �-T ��� % 

��3N�� � ���� �o�2 �:# & �b"' '� A���. �  

K�� ��% "k��3��'� G3�I��' ��9�' /��������  ��% ���� � ���� 
 ����  (� (Z��� ���
W�� @1��& ��+ 

z�S� ZO"�@ '� �A��. 5�� 
��' (� (Z��� ���(	 �5 � 

���
W�� �T"�+ !�M�� �'  7� �. @9A ���8' (C��� 

5��  
��' CN' �  
< (CS� �/�& ������  7��% (� .��1 

(C��� )2( '� A���: 

)(C��� 2(  �� � 
 �� . ��
�

���  

  

�( Z� ���S�  �����% d3��� �  (CS� �/�& ������  7��% 

�� .�b3T� �!�Z2� �� 5�� (CS� i!� ����$�  �% 
)� 

������ �7�% ��A�( ��  ���S� ����$� ��A d3��� �  (CS� i 

)�� .�b3T� !�Z2�( � n  ��2" z�S� ����$� �% '� A��� 

�( �O�% �( i= 1, 2, 3, …, n.  

.���" K�� ��% uZ3T� 5��  
��' �  ��O� (I��O� 

5��  �� )W( '� A���.  �����  �S�
� ��6M� �� �
+ 1�@ 

���3�� 
�� �(  �S�
� !�Z2� �( �  o��i� � ����
G' 

(CS� �/�& ������  7��% )��6M�( ���/ �����  G3�I��' 

-�� �" �� ���S� d3��� �  (CS� ��6M� 
I�� (� z�S� 

�"��  ����  � �j= ��)3�� '�  �� 5�� z�S�  :�
<�" 

-�� �" .�A��  

  

��� ���� ����� (� �!�"�)18  

+��� ���� (N�A  %� �� ���� 
�� (� �� (8��M� � �   %�� 

'��9� �
 '��9� - '���� :���"  ��  � (8��M�  %� �� 

%����:�� %���� �� �� z03N�  �2�� '��9� � '���� 

.����$� �  K�� �, � �   �� ^���& '�  . ��� +
� <�	9" 

z�S� ��6M� �� g�����  �N 'G3�I�� +�� z�S� 

������ %��7 ��A � ��3N�� '
�{& 5� �� +��T" '� .�	� �� 

K�� ��% uZ3T� +��� ���� '�  5��" L	�M
�� � %���" 

+
:�� �� !��  �� (� �  +
� -��F, �� K�� L	�M
�� 

� ��3�� ��A .
�� +
� K�� <
 K�� +��T" 



)0/1��� �23
 �"#4 5+�� 67 1#�1)+.� �� 5)�+8 9�� ��� �
-:  *.�� � �1+$  ���7 �� ���*�� ��,��;�� �<)=�->)5 

  

 ����12 �  ���	
2 � ���
��� 1401 

251

+��� %���� �� �,(
 hC	� +�G���� w�O3� 5��  ��  %��� 

5��  '��
 � �   �� '� A��� (� 5��  '��
 � �   �� �� g����� 

W��
��� %�{& (� 5� �� '2��" �� (Z1�& '�  ����	A !�M�� 

'�  .��  +��T" <
 ���S� (���� �� ��% ��$� Z �  <
 

5�9� �yT$� �� � ��3�� �� <
 (C���  % 'CN (� .��1 

(C��� )3( (I��O� '� �A.  

)(C��� 3(  ������ � 
 �� � ������
���  

�  +
� �(= �2� ����� �
 �S� ������  %��7 ��A %��� 

(����  i �!� �� 5�� (����  i �!� �� @O� +��T" � N  ��2" 

�
 �S� ������  %��7 ��A '� A��.� �  K�� L	�M
�� �� 

(���� !�Z2� �  +��T" (CS� ���6M� 'G3�� @��� (� 

��3N�� '
�{& R�O� z���� . ��  '=���  (� �  

K�� ��% ��G
  5�� �� RS& (� <
 (bT$� '��	� 

�	��� (Z1�& 'G3��  ��  � �� ���d" ��3N�� '
�{& 

(���� ��� %���d" '��  �	� � �� u�2; 5�A ��3N�� '
�{&� 

-S� (���� �� ^� �" '� �A.  �" (��M�� 5�� !��" (���� �� 

����� ����N .�A (� .��I8 �G
 � (	��  ��UV" ��d3� !�Z2� 

�� ��6M� (� �4���� � @/��� (Z1�& (���� �� �� ^� 

'G3�� � ��  �j= �  � ��3�� �� +
� K�� �
�� (� �
��" 

'
�{& (���� �� � (	��  ��UV" 5� �� (#�"  �A. %���  ����� 

�
 �S� g����� L	�M
�� K�� ��% '�Z3T�  �#�  ��  

(� �  +
� -��F, �� K�� L	�M
�� '���8 � ��3�� 

��A .
��  

  

&��'( �)�* �
  

�  % ���� (�  ��2" �����d3� ����$� �� �
 � �  %�� 

������ %��7 ��A �� � ��O� '"�2=�C� n�:� ��A�� �� 

@�ZO" %�� %���� ���d3��	> � ��3�� '� �A  

)Hosseinmardani et al., 2014.( @�ZO" (A�N %� '9
 

�� (8��M��
� %�� ^Z8 � �  %��� � �� K�� ��% %���� 

���d3��	> '� A��� (� o�� 5� (3�  %�	� � �   �� g����� 

(��$" 5� �� '� A��.� z�S� o�2� � �  �� �  �� (3�  

((A�N) �
�� �" �� 5�9�� (��$� � o�2� %�{8� �� 

(A�N � z�S� o�2� � �  �� �  (A�N %�� uZ3T� �  �� 

5�9�� .���3� .�	A�� ^3
��G=� (A�N %�	� K-means <
 

^3
��G=� (A�N %�	� %���&� 
�� (� (� @�=  '
���� � �N 

�  (A�N %�	� (8��M� %�� n�:� � �  �� �� '7F
� %�� 

% �8 ��6$� .
�� +
� ^3
��G=� (� @�=  .�I��O� � �� 

� '� ��� �J��	�  ����� '�����& �  .�2=�C� RI"�� �� 

(SC	� %�	�  ��  )Ahani & Mousavi, 2014.( +
� 

^3
��G=� 'A�� %��� ���&� n � �  )��, ��, … , �� ( (� K 

(A�N �� +
� .�bT$� (� � �  %�� �� (A�N -�� �"+
 

(��$" �� �� ^� � -�� �"+
 .���" �� �� � �  %�� 

(A�N %�� �G
  (3A�  ��A�� (� ��� '�  ��. +
� K�� <
 

���� %���9" %��� (	��� 5 �� ��# .�2��� (Z1�& �� 

�{8 �� �� (A�N �" :��� �� (A�N )��( �� ��I�  '� �	� 

)Alizadeh et al., 2018(. ^3
��G=� K-means (� ���2� 

(��$" ((Z1�&) �  ��2" (A�N �� g��� .
�� �  +
� 

-��F, �	���� -�� �" -��F, %�� !�M�� ��A �� (Z1�& 

'���Z/� (� 5��	8 ���2� (��$" � ��3�� ��A 
�� )Xiong 

et al., 2006(� (� �� (C��� )4( (I��O� '� �A.   

)(C��� 4(   !"#��, $� � %
��� 
 $����
���  

  

<
 (A�N %�	� '� yS� (� yT$� 5�A  ��2" 

J��	� (A�N �� ����  ��  (� +
�  ��2" �� � ��3�� �� 

'
�����2� ���M	� '� �A.  ���2� '
�� �	��� ���M� 

.�2��� 5��  (A�N %� � ���2� 
H�Z�� (m����) �  

���2�  ������, %��� '��
���  ��2" (A�N �� � ��3�� 

'� �A�� )Xiong et al., 2006.( �  +
� -��F, �� K�� 

�
H�Z��  ��2" (	�6� (A�N �� (I��O� ��A 
�� (� 



#$	%� &���% '(� )�#*�& %+* ,%+* -%-�� .
�*/� 

  

 ����12 �  ���	
2 � ���
��� 1401 

252

(� 'Z���i 
���� (A�N %�	� �� '��
��� '� .�	� (>�� 

���S� R��3� 
H�Z�� n�:� �" �A�� (A�N %�	� �36� 

.
�� K�� +�G���� �
H�Z�� +�G���� �
 �S� 
H�Z�� �� 

%��� �
 �S� uZ3T�  ��2" (A�N (I��O� '� �	�� W?� 

�� ��� +�G���� �
 �S� 
H�Z�� -  ��2" (A�N ^�� 

'� �A  �  ��2" (	�6� �� %�� ��� ��� % �8 
�� (� 

���S� +�G���� 
H�Z�� �� �  � ��O� 'bT$� �� �
 �S� 

+9�� %��� K  ��2") ((A�N (� �4���� .������  

  

���+( �,�"-.� 

+
� %���" '�0� %��� -M	� '�  '�)� �  <
 ^3��� �
 

5�:�� .�80i�  �#�� �  <
 �	
��& 
�� '	2
 ��S>�� 

5�:�� '�  '�)� <
 ^3��� -�� �" �A�� (3�7 '�  �A ',��3�� 

^3��� -�� �" .
�� �
�/� �� ���3�� ��/�  �
� .�80i� 

^� %�" �  ���3N� '� ����j7 � W98�� (>�� ��/ ���3�� 

��/� <
  ��N� ^� �" ��A�� .�80i� @1�� �� 5� -�� �" 


�� )Shanon, 1948.( �  <
 ^��S"  %�	� ',��3�� (� �  

(3�  (3���, � (3��7 ^��S" '� . �A �  ',��3�� (3���, 

��& �� +
� 
�� (� �
��" '"k��3�� ��d3�  ��� �� �
��" 

����� �
 n�=  ����� %���, '�  �	� )Singh, 1997.( �  
=�� 

(3��7 �� (#�" (� ���� .����d" �
 �S� �����d3� .�80i� 

 �#�� (3��7  %��� ��A �
 �S� ���3��  ��N� �  �� 


=�� (I��O� '� . �A Mogheir & Singh (2006) 5�$� 

 �  (� ���" �
��" ���3�� %����� �� %����d3� '�� � '��� 

�  (�����  %�� ���	� �� �� �
��"  %�� ����� �
 n�=  ����� 


�2I" '��  .�		� ',��3�� (3��7 '��� %��� D01� +
� 

(b�S� ^6� �   ����� %���" ',��3�� �  @H��� z���� (� �� 


�� (� �  +
� -��F, :�� �� ',��3�� (3��7 � ��3�� ��A 

.
�� (= �2� �% (� 5���A (�  5��	8 �2"
u ,��3��' ���H(  �� 

��: �( .��1 (C��� )5( '� A���. �7� (
�, �^3
��G= 10 �A�� 

���� �',��3�� 'Z"��� '� .�A�� 

) (C���5(  &��� � 
 
 '���� () '�����
���  

(� �  +
� (= �2� '���� ���3�� ��/� �� � ��N� () '���� ^3
��G= '2�Ii ���3�� ��/� ��  ��N� � &��� ',��3�� ��  ��N� '� �A�� )Masumi & 

Kerachian, 2008(.  

  

��/ � �01�/�����  

(SC	� �'"�2=�C� � ��O� '"�2=�C� 5��6"-Q�� (� �  

���A ��A (;�� :
��� (>�
�  <�� � �  ��	# 

(	��  %�� ��I=� '���� '� A��� � (� +
� @�=  (� (3A� ��� 

��I=� +
� (SC	� �� �� %�
�  �:N ��# '� � ��� %�
�  

�:N ��UV" '�� %�� +
� � ��O� '"�2=�C� '� . ��j7 +
� 

� ��O� '"�2=�C� �� 
���� 3/272 �����3��Z�� +�� 

��8  %�� 35,11 �" 36,18 (#�  '=��A � 50,72 �" 

51,70 (#�  '/�A '� A��.� 50�  �6A  %�� 5��6" � Q�� 

� :�� �6A  '
�� �	��� ����, !0��  �6A � ... �� ^6� �"+
 

:���� '��9�� +
� � ��O� '� A��.�	 �  @9A )1( 

%����� ';��� � ��O� '"�2=�C� � ^� +�	> 
�2/�� 

�6A %�� �/�� �  +
� � ��O� @��/ ����$� .
�� hIi +
� 

($S� �  
��/ %:��� hi�	� %�6A � +��� %�� 

�%����$� �  
��/ '��	# +��� %�� ��
�� �  ��A � 

<
 ���� <
��� �  
��/ '=��A �6A 5��6" +��� %�� �� 

�"��� u�2; � 
��/ '=��A � ��O� '"�2=�C� :�� 

�"��� �� (#�  R��3� �� @��A '� �A.�� +
�"�	Z� 

.�8��"�� � ��O� (2=�C� ��� �  ���A |� ��� 4332 �3� 

� ^� �"+
 �  ��	# (� 816 �3� ���"�� �� rC� %���
�  

 ��� '�  .���  

� �   %�� z���� (� 
���� �� 

�� .�2=�C� ���	� �� 

5��
� (�6" ��A � (� '���� ��>  %��  �#�� �   � ��O�

 '"�2=�C�5��6"- Q�� (3N� �, ��A .
��  
  

  

  

  

  

  

  

  

  



)0/1��� �23
 �"#4 5+�� 67 1#�1)+.� �� 5)�+8 9�� ��� �
-:  *.�� � �1+$  ���7 �� ���*�� ��,��;�� �<)=�->)5 

  

 ����12 �  ���	
2 � ���
��� 1401 

253

    

  
Figure 1. Geographical location of the Tehran-Karaj study area, the geographical location of wells and Landuse 
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Table 1. Entropy values of observation wells (Hartley) 
Well 

 
Entropy Well Entropy Well Entropy Well Entropy 

1 0.78 18 0.56 35 0.19 52 0.77 

2 0.24 19 0.52 36 0.40 53 0.34 

3 0.19 20 0.30 37 0.59 54 0.17 
4 0.49 21 0.19 38 0.49 55 0.43 

5 0.57 22 0.45 39 0.67 56 0.37 

6 0.30 23 0.28 40 0.13 57 0.38 
7 0.39 24 0.92 41 0.87 58 0.35 

8 0.75 25 0.28 42 0.61 59 0.17 

9 0.42 26 0.11 43 0.64 60 0.54 
10 0.46 27 0.36 44 0.48 61 0.67 

11 0.21 28 0.21 45 0.13 62 0.29 

12 0.58 29 0.18 46 0.34 63 0.27 
13 0.75 30 0.81 47 0.28 64 0.48 

14 0.20 31 0.30 48 0.26 65 0.11 

15 0.13 32 0.21 49 0.88 66 0.45 
16 0.28 33 0.49 50 0.40 67 0.89 

17 0.46 34 0.48 51 0.38   
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Figure 2. Graph of the optimal number of clusters based on silhouette criteria 

  

 
Figure 3. Graph of observation well data clustering 
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Figure 4. Graph of average percentage of estimation error of existing wells without clustering and with clustering 
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Figure 5.  Geographical location of 30 percent of wells and average percentage of estimation error of rest of the wells 
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Figure 6. Box Plot of average percentage of estimation error in clusters 

 

 
Figure 7. Graph of average percentage of estimation error of wells based on suggested monitoring network 
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Figure 8. Geographical location of 30 percent of wells, wells with an average percentage of estimation error greater 

than 30 percent and rest of the wells 

  

 
Figure 9. Geographical location and number of suggested monitoring network 
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1. Hierarchical cluster analysis 
2. Analytical Hierarchy Process  
3. Weighted Linear Combination  
4. Classification 
5. Mahalanobis distance 
6. River Mixing Length 
7. Analytic Network Process 
8. Integrated Cellular Automata-Markov Chain Model 
9. Semivariance-Transinformation 
10. Total Dissolved Solids 
11. Artificial Neural Network 
12. K-Nearest Neighbor 
13. Electrical conductivity 
14. Nash-Sutcliffe 
15. Analytical Hierarchical Process 
16. Copula 
17. Thiessen polygons 
18. Krigging 
19. Probability Density Function 
20. Chi-square 
21. Weibull 
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