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�9� I� H��!S� �� H���(� �:�,6(�� 

(%(� ./H��g�� H���
�� 6
�,
�9� �:�,6(��+(% �:$
�� 
� ��H��X����/ �%�U6(�� X$
�� �J�9� (% .6��� 

�$,�� �!S� /c�
!� �!J
�6
� �� ��
�I,�+(��7 ���=% 
,�#��� �:9�6� i$, (% ); 2010., et al Schmidtlein

2015Roberts,  .(��� �
:$
�� ,# D��,�^J� ver. R 

3.6.1 D
"�� CJ�8 .N�,6
� �%�U6(�� �  ^��
N�,6
� ��
�I,� �%�U
� ,# ���#� z���� +(% C$�.  
  

(:��� +#�# ������  
��(:� +#�# ������ 6��� +#�#6
� ������J/ ,
�@� X$
�� 

C$� /N�, H�� ,# .I� ��7 �� ���86
� ,#
�  +#�#
��#�% .��(:� +#�# ��
% i�@�� �� ,�(�� �� m��"� �� 

d�#, ,# a���
� C$�. ab$/ ,�O"� �� ,�(�� �:$
�� 
��#�% )2001& Gallagher, Legendre .(  
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N�,6
� �%�U6(�� ��_��@�$�:����  
�%�U6(�� means-K B� N�, ,��=�+(��% C$� 

)1967MacQueen, ( �7 ,# G k �%�U ������ 6#�,� 
 �t� ,#�!J�8 ��#�% � ����"� n ����� ,# k �%�U Y,�� 

��#��8 .6
|�� �%�U 
� �:$
�� ^7�� �� +��8 � 
6��8,��Y �����
� �� #^��B��� H^7�� H��9� ��(��% .

��6,�;�7 C�
:% ��U�# �%�U
�/ #
�I � 
:%C� H�� 
�%�U
� i7 (%
� .C�
:% �� �%�U C:@� �� l$�!� 
�����6
� G �%�U +(�"�$ ��#�% �7 H�� l$�!�/ ^7�� 

�%�U ^�� +(��
� ��#�% .6��8,��Y �����
� � �����V� ^7�� 
G
� �� ,�;X��� ���V� ��(��7 ��
�I
��7 ����� �%�U
� 

������ #�% )2019Graham,  &Liu .(  
N�, �%�U6(�� medoids-K 
� PAM )Kaufman & 

1990Rousseeuw,  ((��
� N�, means-K C$�/ 
H��
���
.� �7 ��6
� +#
.!$� I� /H���
�� #�U �����
� 6��� 
^7�� ��j � �8(��
�� �%�U
� �� +#�� ,
7���%�( .H�� 
N�,/ K ����� Q�9� �, 6��� ����76I
$ D(� ��
�� H�� 
�����
� +#
.!$� ��(�7 � ��(���� I� �� a���
� ��
��/D(� 
��
�� +#
.!$� (�7 .PAM ��R�� ,�; /}�J��!�,��	� 
6��� Z
[!�� ��	�� ^7�� �%�U
� I� +#�#
� #,�# �7 I
�� �� 

m��% �J#
n� �, I� H�� ��#��.  
  

6
�,
�9� ��
�I,� C�.�7 �%�U6(��  
yU
qqqqq% H���
qqqqq�� Ce���qqqqq$ )Silhouette( 

)1987Rousseeuw,  :(H�� ,
�9� 6��� H!J
� #�(9� �q��S� 
�%�U
� � ��
�I,� Cq�.�7 G
q� �q�+#�q� ,
7 ��#�q% .

,�7Oqq� yU
qq% I� �8#�qq�J )H���
qq�� ��qq�
J �qqU�# 
�%�U
� (� R��(q� )H���
q�� ��q�
J H�q� �q%�U
� (

+#
.!$� ��(�7 .+#�(�� H�� yU
% H�� 1 - 
� B�  ���V�
��(�7 .,�(�� B�#^� B� �� 
��+(��# ��:;6(�� Z�U 

C$��	
h,# /�7 �q8� ,�(q��  yU
q% Hq���.q� (q%
�/ 

��:;6(�� ��W�� ���t� ���($, � �q8� �q���� 1 - (q%
�/ 

��+(��# ��:;6(�� +
:!%� C$�.  

X��E ��!@:�� �J )Phi (), Chytrý & Tichý

2006(:  /X��E H��,�(�� 6,�#
J� ���8
� �, `
$��� 
+#�#6
� _�,�|h�Z
  �
� #�(9� +
����,6
� d�![� 

�:$
�� ��(�7 .G ,�(�� H�� 1- 
� B� ��V!� C$� .,�(�� 
C:~� �� ,�t����
$
�% ���86
� yU
% #,�# C���� /

�	
h,#�7 ,�(�� �.�� 6��� H!J
� QT!U� H�� <����  iS�
C$�.  

^�	
�G ���86
� Q�9� �%�U
� 6��� ����7 #�7 �
:j 
��
�� )ISAMIC :(��^"�������� C$� �7 �
:j ���8
� 

)���8��
� �7 ����� ,# �%�U
� ,�|h (�,�# 
� ����� 
H�� ���8
� X�
_ (�!@�( �, H�� �%�U
� �:$
�� ��(�7 

)2015 ,Roberts.( ,�(�� H�� yU
% H�� 1- B� 
� C$� 
�7  ,�(��C:~�/ �%�U6(�� �!S� �� 
�� �,(�#.  
 

�����  

R�� R���� ,# /�,R% N�, �:�7�� ��,�t�� H��9� 
X$
��H��� G 
q�6��q� �q%�U 6(��+#�#6
q�  Rq%��
��
�8 (q% +#
.!$� .�q�H��,�t��/ �# N�, �q%�U6(�� 

_���@�$�:����� 
� +#
.!$� I� �$ N�, +I�(��6��8 ��
�� 
,# C�� ����"� +#�# ��
�I,� (�(q%.  �(q� 3/ c�
q!� 

�:�,6(�� ��
�I,�+(��76
� d�![� 6��� +#�#6
� f���� 
�� ����6
� ��
7��� �, ��
 ��(�# .,# H�� �q���"� 

+#�#/ X�7�� a���
� ��
�� 6��a��,�q7 � �q%�U6(��  
 mediods-K �:�,  �� �, ,# H�� N�,6
� ���# Xq@7 

#�7.  `
$���I,���
�+(q��76
q� q$�Ce��  �ISAMIC /
�, #�=��� H��!S� ^�� ,�7O� X�7�� ,# q��H �q%�U
�6 

+#�# ����"� d�![�6
� ���
7�� ���
qn!U� #�U #�# /
�	
h,#�7 �!S��H  N�,�%�U(��6  ,#�!@:��� J� �q� 
X�7�� a���
� ��
�� H!S�� � mediods-K  v�9�CJ�8.  
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:'$� 3- F,�B� �G)�0$9* �"2 HB,��IJ�0�1 K"BL� �4�50$9* 0�	* .�0�1 MI9�0�1 ���2	�1 

��
�� a���
� �%�U6(��  Silhouette Phi ISMAIC H���
�� �:�, 

�$(��Y�  
k-means 25/4  88/4 75/2  96/3  5  

k-mediods 25/4  75/1  5/3  17/3  5/2  

6��a��,�7  
k-means 62/1 88/4  3  17/3  5/2  

k-mediods 37/1  13/3  2  17/2  1  

H!S�� 
k-means 75/4  88/4  5  89/4  6 

k-mediods 75/4  5/1  75/4  67/3  4 

  

 �(� 4/ 
!��c �:�,(��6 I,���
�+(��7
�6 ��� d�![�6 
�%�U(��6
�6 ��IG+(% ,# +#�#
�6 ���� 6
� `�q8�I

� 
�� �,�(q�#� ,# .q�H +#�# �q���"�/ 7��q�X �q!S� �q� 
��
��a  ��
��6��a��,�7 �  N�,�q%�U(��6 means-K 

CJ�8 v�9� .I,���
�+(��76
� $�Ce�� ��^  H�q��7��q�X �, 

�!S� I� N�,���# 6
� J�9�� ��(�7�	
h,# /�q7  #�q=���
�qq%�U(��6 ��
qq��a  ��
qq��H!qqS�� � �qq%�U6(qq��  
means-K ��
�I,� l$�� +(��7ISAMIC  a���
� X�7�� �

�%�U � H!S�� ��
��6(�� mediods-K I,� l$����
�+(��7 
J�� �N�, ����6
� ���� (% +#�# y�[��+(��.  

  

:'$� 4- F,�B� �G)�0$9* �"2 HB,��IJ�0�1 K"BL� �4�50$9* 0�	* .�0�1 MI9�0�1 N	��A 

��
�� a���
� �%�U6(��  Silhouette Phi ISMAIC H���
�� �:�, 

�$(��Y�  
k-means 2/2  8/4 4/4  8/3  5  

k-medoids 8/2  3  2/5  67/3  4  

6��a��,�7  
k-means 1 9/3  8/3  9/2  1  

k-medoids 2/4  8/2  2  3  2  

H!S�� 
k-means 8/4  9/3  8/1  5/3  3 

k-medoids 6  6/2  8/3  13/4  6 

  

c�
!� �:�,6(�� R% ����"� +#�# ��:%6I
$+(% ,# 
 �(� 5 �e�,� +(% C$� .H����/`
$� X�7�� N�, ��$(��Y 

� �%�U6(�� means-k �� C:@� N�,
� 6���� /���# 6
#,�# .��
�I,�+(��7 ��!@:�� �J � ISAMIC ^�� �� 

C���,� #�=��� X�7��  ,�7O�(�7o� #,�#/ 
�� `
$��� 
��
�I,�+(��7 Ce���$/ �%�U6(�� a���
� ��
�� ��H!S � 
means-k ���� I� N�,(�#�� ���# 6
�.  

c�
!�  �(� 6 � �=% 1 
�� ��(��# �7 X�7�� 
a���
� ��
�� 6��a��,�7 � N�,6
� �%�U6(�� -K

means � medoids-K ���:�, X����6
�  �� � D�# �, ,# 

�� �%�U6(��6
� d�![� .(�,�# d�9EH��� �%�U6(�� 

X�7�� ,# ^�� H!S�� ��
�� a���
� � N�, medoids-K 
.(% +(�
�� 
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:'$� 5- F,�B� �G)�0$9* �"2 HB,��IJ�0�1 K"BL� �4�50$9* 0�	* .�0�1 ��G40A��.$4  

��
�� a���
� �%�U6(��  Silhouette Phi ISMAIC H���
�� �:�, 

�$(��Y�  
k-means 83/2  67/2 17/1  22/2  1  

k-medoids 5/4  5/4  17/4  39/4  5  

��6�,�7�a  
k-means 83/2 33/3  5/3  22/3  3  

k-medoids 33/5  83/3  5  72/4  6  

H!S�� 
k-means 17/2  5/3  33/2  67/2  2 

k-medoids 33/3  17/3  83/4  78/3  4 

 

:'$� 6- F,�B� �G)�0$9* �"2 HB,��IJ�0�1 K"BL� �4�50$9* 0�	* .�0�1 K"BL�  

��
�� a���
� �%�U6(��  ��
7��� 6
����� 6
�+#�# `�8�I 6
����� 6
�+#�# +(%6I
$��:% 6
�+#�# H���
�� �:�, 

�$(��Y�  
K-means 96/3  8/3 22/2  33/3  3  

K-mediods 17/3  67/3  39/4  74/3  5  

��6�,�7�a  
K-means 17/3 9/2  22/3  1/3  1  

K-mediods 17/2  3  72/4  3/3  2  

H!S�� 
K-means 89/4  5/3  67/2  68/3  4 

K-mediods 67/3  13/4  78/3  86/3  6 

 

M74 1- ����� �G>�0� �G)�0$9* .$40�	* �4�50$9*0�1 K"BL� �#��!� .��1  

 �0��# ���� ��G)� P, 	I���* �,	B
* ' �G)� Q4 @�E�.$91 R��9����,	) �4�50$9* S��.  
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��� 

�%�U6(��/ %�,� (�(� ,# D��� ��
�8 R%�� C@��/ 

�� �=� I� H���#��,
7�� N�,
� 6��� ��:;6(�� <���� 

��
�8 ���� ,
�%(�G )2018., et alLengyel  .(c�
!� 
�@�
�� N�,6
� �%�U6(�� ��_��@�$�:����  R���� ,#

R���, 
�� #�# �7 +#
.!$� I� (�\ ��
�I,�(��7+ 6��� 
�@�
�� N�,6
� ,�7O� ��,�t�� Z
[!�� N�, ����/ 

�jk��� C$�/H��g�� . ����	# ��jo� ��g�8(� +#�#
� �� c�
!� 
�%�U6(�� �� #
S�����7 #�% I� (�\ ����"� +#�# ���6 

Z
[!�� N�, �%�U(��6 S���� +#
.!$� #�% )et Lengyel 

2018., al.( `
$��� c�
!� R�� R����/�, a���
� ��
�� 
6��a��,�7 �!S� I� N�,6
� H!S�� � �$(��Y� ��� 
��(�7. Lötter � �,
=�� )2013( ^�� a���
� ��
�� 

6��a��,�7 �, ���� I� N�,6
� ���# �:$
�� a���
� 
��
�� N,�^8 (�#�7. v�
W� 
� c�
!� ���# R���� R���,/ 
��
��a  ���
J�Y��$(� ,# +#�# ��:%6I
$/+(% N�, 

6��(�G,
7 #�� .H��g��/ 
� +#
.!$� I� ��(:� +#�# ������ 
R�� I� D
"�� a���
� ���
J �$(��Y�/  H��a���
� ��N�, 
�jk�6  ��(:���#�% )2001Gallagher,  &Legendre  .(

QTU�� N�, ���
J6
� �$(��Y�/ +#
.!$� I� a���
� 
���
J ������ �� �# ��	# ,# <���� ��
�8 ����� ��#�% .

 �� �=��� N�, /,�7O� C�#�(��6
� N�, ���
J6
� 
�$(��Y� �, #,�(�. ���I #�(9� �.� ,# +#�#6
� <���� ��
�8 

#
�I C$� � X�_� �=� I� 
���V!� ,# ����"� +#�#/ ��	�\ 
#,�#. �� H��� ��	#/ N�, �$(��Y� 6��� +#�#6
� <���� 

��
�8 ��� #
S����#�% . ��	#D�# �=��� a���
� ���
J 
������ 6��� ��
�^�	
�G �7 �� 6
|J B��!� I
�� (�,�#/ 
X$
���� C$� )2013Legendre & De Cáceres,  .(

a���
� ��
�� H!S�� R�� R���� ,#/�, d�9EH��� 
#�=��� �, ,# H�� N�,6
� a���
� ���
J #,�� +#
.!$� 
.C%�# Legendre � De Cáceres )2013 (^�� H�� N�, �, 

6��� +#�#6
� <���� ��
�8/ X$
��
� N,�^8 (�#�7 .
�8���6
� (��
� �.����_ /#�� ,
�� � 6�����
� �~�~� �7 

6��� ���
J6
� �$(�� (��
� N�, a���
� �$(��Y� � 

H!S�� s(� ��(�7/ +#
.!$� I� H�� N�,
� �, 6��� <���� 
��
�8/ X$
��
� � +(�g�� +#�7 C$� )2017Roberts, (. ,# 

R���� R���, 
� +#
.!$�  I���(:� +#�# ������/ �j� 
�8���6
� ,�7O� �!�7 (% �7 #�:S� #�=��� a���
�  ���
J

�$�(��Y� C%�# �� ,# �,.  
H���# ��
� i��n�6��8 ,# �%�U6(�� <���� ��
�8/ 

Z
[!�� N�, �%�U6(�� C$�. c�
!� H�� R���� 
�� 
#�# �7 ,# +#�#6
� H����� )+#�#6
� ���� 6
�

��
7���(/ N�, �%�U6(�� medoids-K #�=��� 6�!S� 
�##,/ 
�� means-K ,# +#�#6
� H���
��� )+#�# 6
�

����6
� `�8�I( � ��:%6I
$+(%/ N�, 6�!S� #��. 
H��g��/ 
� ���V� a���
� ���
J �$(��Y� �� a���
� 

���
J ������ � 6��a��,�7/ �
:j N�, �%�U6(�� -K

means R��^J� CJ
� )2010 ,.et al Peterson( .
Pakgohar � �,
=�� )2021 (,# �@�
�� N�,6
� 

d�![� ���6 +#�#
�6 8 R%����
�/ N�, �%�U6(�� 

 means-K�, ���� I� N�, mediods-K �J�9� (�#�7 .
N�, means-K C:@� �� ^��� ,# +#�#
� `
@h C$� 

)2017., et al Hämäläinen(. ��(:� +#�# ������ X:$ 
#�:S� i�\��8 #�=��� H�� N�, (%/ �	
h,#�7 N�,-K 

 medoids�!��� C�� ��jo� #
9�� +#�#
� #,�# ,��Y 
)2017., et al Hämäläinen (�7 H�� m�E�� 
� R��^J� 

#�(9� +#�# ,# ����"� +#�#6
� `�8�I � ��:%6I
$+(% 
#�S�� #�� .Roberts )2015 ( ^����,�t�� �:$
�� 
N�,6
� �%�U6(�� 
� ��
�I,�+(��76
� �$(�� /

 #�=��� 6��� �, 6�!S� N�,means-K N,�^8 #�7. 

�%�U6(�� 
��
:j �� ����� �.�![� ��!@� #,�# .
6,
8I
$ H�� N�, �%�U6(�� � a���
� +I�(��6��8 

���
J I� ����� �jk� �� �"�!� �%�U6(�� C$� .X�7�� 
X$
�� N�, �%�U6(�� 
� a���
� +I�(��6��8 ���
J 

X:$ #
"�� c�
!� �%�U6(�� ��W�� � ��
Y��@.� ��#�% .
`
$��� c�
!� R���� R��/�,  X�7��N�, �%�U6(�� 
means-K � a���
� ��
�� 6��a��,�7 6��� +#�#6
� 
<���� ��
�8 #
S���� ���%�(. 
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Abstract 

     Clustering task is optimized and summarized high dimensional vegetation datasets that 

indicator of environmental change and gathering to interpreting pattern form ecosystem. Variety 

clustering methods is available and the issue is chosen proper methods. The aim of the research 

was compared two non-hierarchical clustering as K-means and K-medoids in forest ecosystems. 

For this purpose, two real datasets from Hyrcanian and Zagros forests of Iran and six simulated 

datasets were applied. The Hellinger transformation was employed before calculating 

dissimilarity matrices. Euclidean distance, Manhattan distance and Bray-Curtis dissimilarity 

indices were then calculated on the transformed data sets. And three evaluators including 

silhouette width, phi coefficient and ISAMIC were chosen. The results show that combination 

of Bray-Curtis dissimilarity matrices and K-means and K-medoids have first and second ranks 

among other clustering methods. K-means clustering is more effective in heterogenous dataset 

as Zagros and simulated datasets. The weakest clustering algorithm was combination between 

Manhattan distance and K-medoids. Also results show that Hellinger data transformation cause 

to improve Euclidean distance matrix. Our results indicated that combination of Bray-Curtis 

dissimilarity with K-means is more significant and recommended. 
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