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Abstract  
In this study, the performance of Support Vector Machine (SVM) and Radial Base Neural Network approach in predicting the water quality of 
SiminehRood River was examined. For this purpose, the Sodium Adsorption Ratio (SAR) and Chlorine ions were considered as indicators of water 
quality in agricultural use. Sodium, calcium, magnesium, pH, Ec, and river flow rate were utilized as input monthly parameters throughout a 12-year 
period (2003-2014). The results evaluated based on correlation coefficient, root means square error and mean absolute error. The results of the 
validation period in 4 stations of Pol Bukan, Dashband Bukan, Ghezel Gonbad and Kaullan showed that the SVM model in comparison with the 
neural network of the radial base function, has higher correlation coefficient (SVM: 0.71 to 0.94, RBF: 0.3 to 0.5), the lowest root means square error 
(SVM: 0.028 to 0.075 mg/l, RBF: 0.0672 to 0.317 mg/l), a lower absolute mean error (SVM: 0.003 to 0.033 mg/l, RBF: 0.087 to 0.19 mg/l) for the 
chlorine ion parameter and in the same order SVM values: 0.63 to 0.88 and RBF: 0.21 to 0.38, SVM: 0.0013 to 0.0282 mg/l and RBF: 0.047 to 0.025 
mg/l, SVM: 0.0085 to 0.046 mg/L and RBF: 0.0653 to 0.0996 mg/l for sodium absorption ratio. Therefore, the Support Vector Machine model has 
better accuracy and performance for predicting water quality parameters of SiminehRood River than the Radial Basis Function Network. 
 
Keywords: Artificial intelligence, Modelling, Qualitative Parameters, Water resources. 
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Table 1. Characteristics of SiminehRood's Stations 

Row Stations Longitude Latitude Height (meters) Average annual (MCM) Average flow (m3/s) 
1 Pol Bukan 46°-11´-48  ً  36°-31´-04  ً  1328 283.8 9.00 
2 Dashband Bukan 46°-10´-05  ً  36°-38´-44  ً  1311 452.2 14.34 
3 Ghezel Gonbad 45°-57´-29  ً  36°-25´-32  ً  1372 162.4 5.15 
4 Kaullan 45°-40´-44  ً  36°-23´-52  ً  1520 NA NA 

  

  
 

Figure 1. Location of SiminehRood stations 
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..+� ��� #u��� ��04�  ���9 �9�' ��  

  

����  !��"#���$%(SVM)  

 s+�* ��' ��D�� $�!�%&� ����' ����� #
�6�Vapnik (1995) 
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 �R
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� ���' ���� #0 �	0 ?��/* 3� 9� ��  Q8��n ���

)'�* 9� �
�' �	0 ���/%+� d�%c� ��2%�� ���

)www.analyticsvidhya.com/blog/2014/10/support-

vector-machine-simplified(. Vapnik (1998)#c�� =  9� ��

SVM �� #2!@ ��5 #' #0 ����� ��V	&�� X�� =��	'

$��+�;� � N�O�� �� ���; #' � ���SVR  �� ..+� <��(�

 Q8 ��� �
����� �9�+#' �� Q8 3%
��RD� #��+�  �9�+

ε-SVR   )'�*  :�(� �' �ε-sensitive  � N�O�� ?
 �� .��
4�

 Q8 3%
��RD� �9�+ε-SVR � ����� �
��2� |�: �' =

  5��8xi  �yi30 #0 .+�  ('�* �%:�
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ε  9� ��yi ���� �;� .���' #%��� ���(* #' 9��- ���k  ��+

#' S��U(x1,y2)…..(xk,yk)  )'�* =�	��' �6�����

 Q8 #' �9�+) #Q'�� S��U1 :.+� (  

)1           (f�x�  �  �w, x� 	 b , �w, x� ∈ R, b ∈ R    

  
Table 2. Statistical characteristics of the used parameters of Kaullan station 

Skewness Standard deviation Maximum Minimum Average Number of records Unit Parameter 

Calibration 

3.84 42.13 276.28 0.04 32.82 101 m3/s Q 

2.01 135.72 1070 180 411.5 101 ds/m EC 

0.7 0.23 8.5 7.1 7.76 101 - pH 

1.49 0.66 5.6 1.6 2.85 101 ppm Ca 

1.62 0.46 2.8 0.2 0.97 101 ppm Mg 

2.32 0.36 2.1 0.19 0.58 101 ppm Na 

2.54 0.26 1.7 0.1 0.53 101 ppm Cl 

2.303 0.19 1.33 0.16 0.39 101 ppm SAR 

Validation 

4.59 21.52 136.64 0.06 15.66 43 m3/s Q 

2.87 76.96 760 240 378.32 43 ds/m EC 

0.7 0.2 8.4 7.4 8.02 43 - pH 

2.086 0.34 4 2 2.52 43 ppm Ca 

1.74 0.27 2 0.3 0.85 43 ppm Mg 

3.65 0.26 1.8 0.2 0.5 43 ppm Na 

2.667 0.2 1.4 0.2 0.49 43 ppm Cl 

3.064 0.15 1.04 0.18 0.37 43 ppm SAR 
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Figure 2. Performance of models in predicting Chlorine ion (mg /l), calibration period, (A) SVM model, (B) RBF 

model, Kaullan station 

 

  

  
Figure 3. Performance of models in predicting Chlorine ion (mg/l), validation period, (A) SVM model, (B) RBF model, 

Kaullan station 
  

Table 3. Evaluation indicators of models in calibration and validation periods for Chlorine ions 
Station Model Calibration Validation 

R2 RMSE (PPM) ME (PPM) R2 RMSE (PPM) ME (PPM) 

Pol Bukan SVM 0.99 0.00123 0.0001 0.81 0.039 0.012 
RBF 0.81 0.0073 0.051 0.45 0.14 0.087 

Dashband Bukan SVM 0.99 0.0014 0.00024 0.88 0.075 0.033 
RBF 0.91 0.006 0.044 0.5 0.48 0.11 

Ghezel Gonbad SVM 0.99 0.016 0.0017 0.71 0.028 0.003 
RBF 0.48 0.0076 0.0555 0.36 0.0672 0.19 

Kaullan SVM 0.97 0.014 0.000212 0.94 0.055 0.26 
RBF 0.31 0.0062 0.0584 0.3 0.317 0.11 
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Table 4. Evaluation indicators of models in calibration and validation periods for SAR  

Station Model 
Calibration Validation 

R2 RMSE (PPM) MAE (PPM) R2 RMSE (PPM) MAE (PPM) 

Pol Bukan 
SVM 0.99 0.0019 0.0002 0.88 0.05 0.0085 
RBF 0.84 0.0025 0.027 0.31 0.0147 0.0653 

Dashband Bukan 
SVM 0.99 0.00205 0.000039 0.71 0.082 0.021 
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Ghezel Gonbad 
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RBF 0.61 0.0045 0.0455 0.38 0.0148 0.0839 

Kaullan 
SVM 0.99 0.0018 0.000076 0.63 0.0013 0.046 
RBF 0.35 0.0045 0.043 0.21 0.0182 0.0996 

 

 
 

 
 

Figure 4. Performance of models in predicting SAR, validation period, (A) SVM model, (B) RBF model, Kaullan station 
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