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Abstract 
Research on flood predicting models is one of the first steps in reducing flood damage and managing future floods in catchments. The aim of this 
study was to evaluate flood susceptibility in Birjand plain catchment through four machine learning models including support vector machine (SVM), 
J48 decision tree, random forest (RF) and Adaptive neuro fuzzy inference system (ANFIS). Therefore, in order to implement and validate the 
mentioned models, a list of flood-prone areas in the study area was prepared (42 flood-prone locations). In addition, 19 hydrogeological, 
topographical, geological and environmental criteria affecting flood occurrence in the study area were extracted to be used to predict flood 
susceptibility map. The results showed that the highest accuracy was related to the RF model (0.845) and the lowest accuracy was related to the SVM 
model (0.791). In addition, the validation of the results using the ROC curve showed that the most accurate values of flood susceptibility belong to the 
RF model (AUC = 0.958). The results of this study can be used to manage vulnerable areas and reduce flood damage. 
 
Keywords: Birjand plain, flood susceptibility, Geospatial information system (GIS), machine learning. 

  

  



"#$ $�%& �'"&� (�&�) *�#+ ��,�-&�( $��� .*/&�( 01� 2�%�  &#"��( ���� ���.-3�� 

  

 ����11 �  ����	4 �  �����1400 

886

  

 �����  

 !�&<�U� $���%��!���" bD�� �.�4<  � �%�� ���

3���� $� ��&5�8 ������ �� 3�91 &��&� �� ��  ��0

) Zhang & Wang, 2019; Alam et al., 2020(  �� .

 �&
F�H�Y� ��# �>�c � !�&��dA �3�91 V�I� �� ������

�C	1 � �
��� �&5	# ���  � !�0 '
�IA $� &G	� ��6�

e��� �����&B ��� ��� �� ��(  $# ���0 ��G
� �cf� ���D

) �	5�� ��� ��
�� Shahid et al., 2016; Markus et al., 

2018; Nachappa et al., 2021( &a� ;4< .Giang et al. 

(2020)   �!���" ��� ��� �� �0�� ���@5 �  ���91 ���

 ��� �A2050  ���) $�300  .���� ����" �W� ����c��

��&�� � 3�6� �����( �� ���  �� ���	�X "� $���& �� 

� ���?� 0�� !����" �# ��� L� ��
�� 4<�.� �� ����  ��

'�� ���� _�@5"� ��" $� )Nachappa et al., 2021; 

Saedi et al., 2020; Arabameri et al., 2019( ���"� .

� ��6# �� ���
3�& . �� � $I/	� $� h5U��' f�"� 

 ��6# ��?A � ���4��� �
7 ��
�� 5�i'�� &R� ���  $� $1�A ��

�8�
� ��� $I/	� &� �� � ��� Q�� �� !��YA�3�- 

!���" ���  ��0����) ���� ��1�Saedi et al., 2020; 

Giang et al., 2020( .��1� �� eLA ���  �3�@@U5�

>�?@A �H �3�&�8  � 3�.Y������ ��� $�� �� �5%��  ���

 !�&R� ��# ��&� &�"���� !�YcA � j���) ���.A �

 ��) �� 3�91 &��&� �� �3( �� k4A&� ������ � ���@5 �

'�� 
�-B� )Johann & Leismann, 2017; Kocaman 

et al., 2020 ��� Q� � 
�-B� $� $1�A �� .($� ��
�  ��

 � ��&90 l/�$� ��1� 3��(���&/"  � �%�� ����1

 &� &RS� ������.� �
���	0 �3( �� �0�� �5�
� k�T�

?�� �� ��� Q� ��� �����"&� �
W�� '� ) �0��Chen et 

al., 2019; Hong et al., 2018��� .( ����  ���

�&� k��A ��0�&1� ���%�����  �	��� �
����-B�MIKE   �


HEC-RAS ' � ����� ����� ��&� � '�� &�8  ���� ����

) �D�YA�� ��� � ��� ���� �� ;� � !�DL<� $�DEM(1 

�� ) �0��Dat et al., 2019 $.��A �� ���&�� .(

7B ���( ����� !�DL<� >5��� �� k4A&� ��� )GIS(2  �

��� �� G	� )RS(3 ;
&< �� ��� �.5�� ;<�	� 7��.A �

e�� m
&� ����� �7�0�� �&�8��
 ��� ���� � '�� &A  ���

��� ��&� ��������  �	5�� n&5�� �� $�����( `co� ����

)Azareh et al., 2019; Arabameri et al., 2019 .(

��� �� ���Y5��  X
�5� `�# �3��� 7�0�� �&�8��
 ���

�� 7�?pA �� W�� ' � �� �
�9�  .�	#n���&� ���� ��� 

��� ��o�� �&�
�� �� �� �7�6�� ��T�4 ���� � ��T�5 

$	9� '91  ���Y5�� ��� $� n��) ;<�	� ��	��� ��0 

)Wang & Liu, 2019; Khosravi et al., 2016.( 

e�� ��� ���� ����T� ;<�	� $5"�	0 ��0 �
 �I<�	� $# �� 

q�T% ����( ���.A ����0 �B�# ��0 $5"�	0 ����	0�� 

�
���# �
W�� �%�)�� ������ e�� $# ��� ��� �� ��T� 

k�T���� $# ># &A $5"�	0 ��0��� � �
 ���.A �?# �� 

&a����� +���� �� ����T� ��1� ������ ��(��#  .�	5��

$� �8��A  �
���	0 ��&� ���.5� !�.%�/� �.5�� ;<�	�

e�� &� �	54� ����&�
�� k��A ���  ��o�� ���

��� ���� � ��T� ��T� ��0 ��G��   '�� $� $���� �� $#

3( �� �"&� '�� ��0 ���0� ��. 

Zeraatkar & Hassanpour (2016) �� ��5B�rL 

3��� �&90 ���	1& ��&��0 $*�) �� m ��  ��

���� $.%�/������ ��& � �� .
7  $� $1�A �� ��5�� �� �5���

��@A
& ������� ��� &���#� *���� ���� �
���� ������ 

	T	� ���?0� .A r�������	�6 '0��&� �� s� $���� �� .

��	� !�@U6�� cf� $��"���� ���� � ��� 

��%������� �� ���Y5�� �� ��� HEC-HMS ��� ��rL 

40 $*�)�$ ���� �0�5� .
X �� �f�) 40�$ ����  3�6�

 ���'68��� ���� $# ��� 25  �100  ���$� `�A&A  &G	�

$� �� Q� �� ��� � E���rL � $��3�- 63/207  �56/463 



�#5 6#7� 89�7� $:�� ;<=� "#> �6 �����"& �& ?$� ��� �#��-.� 3@��#.� 	��#+ )B	� 6#$72.(  

  

 ����11 �  ����	4 �  �����1400 

887

��R &� `.��&5��$ �� ���0�5� .
X 40�$ ���� ��rL  ��

 '68��� ����25 � 3�6� $%��� ��� � $#
7 ��rL 

-#��
>? &1
��� ���� � m<�I� $# '�� ��� ��%������ 

� 3( ��4D $� ���  �$��"���� ��	0�� �&��	�
7 �5��� ��� 

0�� !�&/" ��#� � ���rL � &90 �����	1&  $1�A

�� &A �-B� $�
 ���5��� � ��4D�rL ��&* $��"���� 

��  �0��. Rahmati & Phourghasemi (2017)  ��� $� ��

 7�0�� �&�8��
��� m��A����0 � ) EBF(6 �B��@A �C	1� 

)RF(7 �&8� '"�� ����� '
�IA ) ��0BRT(8  '91

�� �	��  ;<�	�$� n��) ���  ���Y5�� 3�5�c8 3�5�� ��

�5� .���&#
X c��  ��� $� &� $# ��� 3�6��' �
W��  ��

&GA
$ cTA��� � V�4A���3� T� ����D�/� �����"� �� 

���  .�����>� 7�	: �5�
X ���
��� ��� ' �  ��� 3�6� ��

 ��� $#EBF  ' ��� �&AW�� � ��� �� $� '4��
&C  ��

��  $I/	� ��� �	��$.%�/����� ���� .Siahkamari et al. 

(2018)  ���6���� ��&� $��  �&���#���  ��� '4��

����&B) �FR(9 � ��6�$	 ��&5�() �ME(10 �� �� �	�� 

���)�' ���  ���) �� -
&�( 3�5�c8 3�5�� �� ������

 $@U6� �	T	� .�	5"��&��&�c?D >5��� ) ROC(11 �

� l/�
& 	T	�� �&� ��� ��� ��� FR  �ME $� `�A&A 

3/74  �6/92 ?UA �f���7 ��  3�6� $#���  ���ME 

�5� $� &G	�
X &59�� �&�� ���
��� ���5��� ��� Q� �  ��

 $I/	�$.%�/����� '�� ��0. Hong et al. (2018)  ��

e�� `�#&A ��� �&8��3� 5�G%�u 12)LR( �C	1 �

B��@A� � 0���7 56� ���&��3�4 13)SVM(  e�� �� 3��

����0 14)WOE'91 ( $�9A ���) $6I��' ���  ��

$I/	� ��
v��15 ��6# :�7 ���&# ���Y5�� . ��� 3�6� X
�5�

$# ��� �4�#&A SVM-WOE &AW��
7  ���I� �&�c?D

�� ��	� )AUC(16  $� '4�� ����
& ��� ��� �4�#&A 

RF-WOE  �LR-WOE .���� Razavi Temeh et al. 

(2018) �� #&A�`  �����>5�  4@D E�5	5��� ��B� 

)ANFIS(17 �� ��C%�
>5 ��� ����5���&B ���0 ��C%�
>5 

9��$	 ���� c#��� $:��� �� )ACO(18� ��C%�
>5 5�O�u 

)GA(19 ��C%� �
>5 9��$	 ���� !��H ��)��� )PSO(20 

�� '91 �	�� ���)�' ���  3�5�� �&91 3�5�&90 ��

n��B .���&# ���Y5�� $� ��a	� ����� e�� ����  ���

w� �&a�������� Q� � &� &RS� ���.� $ E�&U5�� .���0 

�� l/
& 	T	�� )AUC ($� '��  �� ���(ROC�  ' �

8/91� 6/92 � 5/94  �� �f�� $� `�A&A ��&� ��� ��� 

�4�#&A ANFIS-ACO �ANFIS-GA  �ANFIS-PSO 

 3�6�����&��	� .
7 �4�#&A ��� ANFIS-PSO $� 3��	D 

 �� &A&� ��� $�9A���) $6I��' ���  $.%�/����� $I/	�

B&.�� .�0 Ziaiian Firouz Abadi et al. (2020)  $�

���	0�
 � U� �.5�� ;<�	��rL ������� &a	� ��� 

���7 ��	0� �( $*�) ��-
& ���	1& �	5"��&���?A .� 

�	
�&B�� -GA �
$ cTA��� ���� T� �� ���k GIS $�  u?#

 e�� $��	
�&B cTA�c� 4A�&� $c�c�� )AHP(21� � Q�?G

��� ����� )SAW(22 %�� ;/	� ��7 �&�� 3��  � 3�&#���

YcA�; W
$ ���
 >� 3�: 0)��` ��&B
� &���#� *����� 

$�40 �6���� �x�" ���8 	#�&� �� �)���7 �	0��� 

l/� r( ��� �
��&�	 � ���@A
& ������� �� ���Y5�� (�0 

 $6I� $� $1�A �� .�0 hU6� 3( �&<�U�&� ;<�	� �

�9��
 $� '�� ���(� 2765 .A ')��� �� ��5����7  �� ��0

�( $*�)-
& ���	1& �%�� ��
' ��� �&� `��	�)�  U�

��rL� ( 19452 �%�� �� ��5��
' ��� �&� `��	���)� 

� U��rL&59� .'B&8 ��&  (
7 0���  �'����A $#

���
��� 5� ��$G 8�&� &59�� � �� ��
7  ���� $P��� ����

%�� ;/	� e���7 3��� �� 
��� � U��rL .���  

$� ;� � '"�	0 �
����A ��%� �� !��  � &A  �&AW�� �	��

�� e�� �� ���Y5�� �� ��� �.5�� �)��� �	��  ��� �4�#&A

 �� $:&8� .'�� >9� ����� ��� !�.%�/� ��&� �
�1

���� >5
��C%� �� 7�6�� ���  ��&� 7�0�� �&�8��
 ���



"#$ $�%& �'"&� (�&�) *�#+ ��,�-&�( $��� .*/&�( 01� 2�%�  &#"��( ���� ���.-3�� 

  

 ����11 �  ����	4 �  �����1400 

888

�� ��0 ���Y5�� ��� �.5�� �)��� �	��   y�� ��� �'��

�� �� �0�� '��� ���# ��� �.5�� �)��� ;� � �	��. 

e�� $c?1 �� ��� $� '����) $6I� $�9A  ��
�1 ���

�� 0����� �� $# � ���� $1�A���� &�"� ���  ��&  3�&8

 ��� ��9:  �� ���Y5�� ���� 7
� ���(�� �F% .'�� $5B&8

 �	.
 7�0�� �&�8��
 &� �	54�SVM �J48 �RF  �ANFIS  

�� ���� X
�5� �� $# �0�� >5
��C%� 7
� �
���# &�"� ���  ��

��� 7
� �� �0 3( &� >�?@A �F% .'�� ����� !�4R� $� �

>5
��C%� �� $� ��0&#H ��� >� ��<  ��� 7��.A '91 3���

;� � �� �� &A  '0� -
&�( $*�) �� ��� $� '����) �	��

 hU6� � ���Y5�� ���	1 3���&" 3�5�� �� m �� �	1&��

e�� 7
� �� u
 ���# ��0 �� �� �� �&AW�� �
����A ��  �	��

 $.%�/����� $I/	� �� ��� Q� � �.5�� ;<�	�� .����� �

�'
�9� ���.� ) �	T	� &
� l/� AUC(   � &
�� ������.�

����( '91 `��	� ��45D�  �G	����  �� ���9	6�� ���

5B&8 ��&  ���Y5������ $.%�/����� $I/	��	.  

  

��� � �
��  � 

�&*�) ���� ��G�� e�� �Y�f�A- Q�� � ���� �c�cTA

 3(n���&�  .'�� ��&���# +����4�� ���A
u &�n��� 

.%�/�!� ��	���  �#$��U��5 �� ��G�� $5B&8 '��.  ���?A

e���&� ���� $� V��&� ��� k�T� �� �� �&� ���  ���-B�

QGIS 3.1 �7.9  SAGA GIS �Google earth engine   �

e�� $.��A � �?# !�4��T� $���&� k�T� �� ��  ��
��

Matlab  ��0 ;4< .'�� $5B&8 ��G��)1(�
�&1� ���� � 

$.%�/� 7
� X	� ���0 $c)&� �� �����   :�0��  

1-   $6I� $�9Am1&� ���  �
���	0)42  '�. ��

���  -
&�( $*�) �� -�"$.%�/����� $I/	�.( 

2-  E�&U5�� �� ��� &� &RS� ����� ������.� $I/	�

$.%�/����� )19  ��B�&8���A ���
O�%�PO����� ���.�

7��� .(�/�T� � ���	0 

3-  ��G�� ��(>� 
�  ���&� '91 $��8�	: �/"

�I5��  �� ��� &� &RS� ����� ������.� 3��� $I/	�

$.%�/�����. 

4 - �� �	��  '����) ����&�
�� n���&� ���

7�0�� �&�8��
 ��� ���0  ���SVM �J48 �RF  �ANFIS 

5-   ����&�
�� �&�c?D $�
�I� � ���
��� �&�8��


���� $.��A 7�0�� h"�0 k��A ��0 ��� `��	� ����(.  

 

 
Figure 1. The flowchart of the research 
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Figure 2. Geographical location of the study area 
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Figure 3. Parts of the floodplain areas in the study area 
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Figure 4. SVM algorithm process 
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Figure 5. J48 decision tree algorithm process 
 

  

  

 
Figure 6. ANFIS algorithm process  

Figure 7. RF algorithm process 
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Figure 8. The maps of spatial criteria affecting the flood The maps of spatial criteria affecting the flood (a) DEM (b) 
Plane curvature (c) Rainfall (d) Drainage density (e) Flow accumulation (f) Soil type (g) Aspect (h) SPI (i) TWI (j) TPI 

(k) TRI (l) NDVI (m) Length slope (n) Slope (o) Distance to road (p) Distance to river (q) Distance to fault (r) Land 
Use (s) Lithology 
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(o)  (n)  (m)  

  
    

(r)  (q)  (p)  

  

(s)  
Continued figure 8. The maps of spatial criteria affecting the flood The maps of spatial criteria affecting the flood (a) 

DEM (b) Plane curvature (c) Rainfall (d) Drainage density (e) Flow accumulation (f) Soil type (g) Aspect (h) SPI (i) 

TWI (j) TPI (k) TRI (l) NDVI (m) Length slope (n) Slope (o) Distance to road (p) Distance to river (q) Distance to 

fault (r) Land Use (s) Lithology 
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Table 1. The result of Multi-collinearity test 
VIF TOL Criteria Order 

2.25 0.78 Rainfall 1 
1.95 0.23 Distance to road 2 

2.65 0.78 NDVI 3 
5.82 0.095 LS 4 

3.23 0.45 Distance to fault 5 

2.85 0.64 DEM 6 
3.23 0.11 Plane curvature 7 

2.27 0.19 Flow Accumulation 8 

1.58 0.95 Aspect 9 
2.39 0.85 Slope 10 

4.73 0.75 Lithology 11 
4.23 0.25 SPI 12 

1.99 0.85 TRI 13 

2.85 0.19 Distance to river 14 
3.85 0.49 Drainage density 15 

2.78 0.55 TWI 16 

6.23 0.025 TPI 17 
2.75 0.44 Soil type 18 

1.09 0.55 Land use 19 
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Figure 9. Performance of models using (a) training and (b) 

validation data sets 
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(a)            

 

(b)  
 

Figure 10. ROC curve and AUC values for (a) 

training data sets and (b) validation data sets 
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Figure 11. Flood susceptibility prediction maps based 

on machine learning models (a) SVM (b) ANFIS (c) 

J48 (d) RF 
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Figure 12. Percentage of each flood susceptible class 

in the study area 
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