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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 (m*/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 4522 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
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Figure 1. Location of SiminehRood stations
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Table 2. Statistical characteristics of the used parameters of Kaullan station

Parameter Unit Number of records Average Minimum Maximum Standard deviation Skewness
Calibration
Q m’/s 101 32.82 0.04 276.28 42.13 3.84
EC ds/m 101 411.5 180 1070 135.72 2.01
pH - 101 7.76 7.1 8.5 0.23 0.7
Ca ppm 101 2.85 1.6 5.6 0.66 1.49
Mg ppm 101 0.97 0.2 2.8 0.46 1.62
Na ppm 101 0.58 0.19 2.1 0.36 232
Cl ppm 101 0.53 0.1 1.7 0.26 2.54
SAR ppm 101 0.39 0.16 1.33 0.19 2.303
Validation
Q m’/s 43 15.66 0.06 136.64 21.52 4.59
EC ds/m 43 378.32 240 760 76.96 2.87
pH - 43 8.02 7.4 8.4 0.2 0.7
Ca ppm 43 2.52 2 4 0.34 2.086
Mg ppm 43 0.85 0.3 2 0.27 1.74
Na ppm 43 0.5 0.2 1.8 0.26 3.65
Cl ppm 43 0.49 0.2 1.4 0.2 2.667
SAR ppm 43 0.37 0.18 1.04 0.15 3.064
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Figure 2. Performance of models in predicting Chlorine ion (mg /1), calibration period, (A) SVM model, (B) RBF
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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
R RMSE (PPM) ME(PPM) K RMSE (PPM) ME (PPM)

ool Bukan SYM 0.9 0.00123 0.0001 081 0.039 0.012
RBF 031 0.0073 0.051 0.45 0.14 0.087
SVM 0.99 0.0014 0.00004 088 0.075 0.033

Dashband Bukan RBF 091 0.006 0.044 0.5 0.48 0.11
Ghorel Gorond SYM 0.99 0.016 0.0017 071 0.028 0.003
RBF 048 0.0076 0.0555 036 0.0672 0.19

ol SYM 0.97 0.014 0.000212 0.4 0.055 0.26
RBF 031 0.0062 0.0584 03 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 099 0.0019 0.0002 0.88 0.05 0.0085
o Pu RBF  0.84 0.0025 0.027 0.31 0.0147 0.0653
SVM 099 0.00205 0.000039 0.71 0.082 0.021
Dashband Bukan RBF  0.86 0.005 0.037 0.3 0.025 0.07
Gherel Gonbad SVM 099 0.0013 0.00003 0.86 0.045 0.014
czet bonba RBF 061 0.0045 0.0455 0.38 0.0148 0.0839
Kaull SVM 099 0.0018 0.000076 0.63 0.0013 0.046
autian RBF 035 0.0045 0.043 0.21 0.0182 0.0996
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Figure 4. Performance of models in predicting SAR, validation period, (A) SVM model, (B) RBF model, Kaullan station

- -
Shlsel s
v * L2

Veur k_gl‘ﬂwwl " P

AN



ke O Olojle 5 Oliws S oKl ol g oKl

Sed e Sy Al g oS A See Ol S

Loy 2
. Sodium Adsorption Ratio
. Support Vector Machine
. Artificial Neural Network
. Langat River
. Radial Basis Function
. Root Mean Square Error
. Correlation Coefficient
. Mean Absolute Error

OO DN B W —

e oo
2o 3 g s O s 5 o 5wl (55l 4 S s

&b

Abbasian, M., &Shahraki, A. (2020). Modeling and
comparison of GMDH and RBF artificial neural
networks in predicting short-term drinking
water demand in Zahedan. [ranian Journal of
Irrigation and Water Engineering, 10 (3), 248-
261. (In Persian).

Abobakr Yahya, A.S., Ahmed, A.N., Binti Othman,
F., Ibrahim, R. K., Afan, H. A., El-Shafie, A.,
Fai, C. M., Hossain, M. S., Ehteram, M., &
Elshafie, A. (2019). Water quality prediction
model based support vector machine model for
ungauged river catchment under dual scenarios:
Water, 11(6), p. 1231.

Akhoni Pourhosseini, F., & Ebrahimi, K. (2019).
Shannon’s Entropy Evaluation on
Determination of Surface Water Quality (Case
Studies: Karun and Babolrood Rivers). Iranian
Journal of Water and Irrigation Management,
9(2), 171-183. (In Persian).

Aldhyani, T. H., Al-Yaari, M., Alkahtani, H., &
Maashi, M. (2020). Water quality prediction
using artificial intelligence algorithms: Applied
Bionics and Biomechanics, v. 2020.

Arabgol, RF., & Sartaj, M. (2012). Evaluation of
efficiency of support vector machines in
estimating nitrate concentration in groundwater.
In: Sixth National Congress of Civil Engineering,
26-27 April, Semnan University, Iran. (In Persian).

Banihabib, M. E. & Arabi, A. (2008). Artificial
Neural Network Model for Determining Flood
Warning Time in Golabdereh-Darband Basin.
In: Third Iranian Water Resources Management
Conference, 14-16 Oct, Tabriz University, Iran.
(In Persian).

S 5 dom

oedle e g3 aglie 5 ) 4 Ol s o
Srot 03 Fld el )b e a5 Oldy U
3yl Adantls 3 s sdene Sltss; S gle il
Ladgn slata,y 3l eslial b Ol a8 sl sl
o Sonde Sgx e e ed 5 badpe LalS
e SAR bl sl apbe o b Ol sl
on 53 SVM de gl (amials 0353 53 Stas
sdol sty pslie b aulio 53 antllassge (slaolSans]
5553 35 5 Aol Cewsas +/48 J 53 LB lais RBF Jobs
e ed 3s e A G Y e cnl sl
G /Y Sllde IS Oy ¢y Seeed ool
o595 3 /AL L VY 5 s ey s +/44
awslie 534S Ud 2w P SVM Jue gl e
SVM ;g 5 Shee RBF Juo 5l sdslcwss slis b
ol o Sle 5 bt Sle Ll Jlide .ol 3L
3SVM sladids sl obsol 5 ammls 555 5 Glas
el Olandy s wdle Jde g <35 5l _S1- RBF
PR gean gar Sk 5 Olidy D3y edle dke
Yo iy 5 oele gl b ail=e Co
B o D e e 1 VN CLOWE N PP
CFEH Go omas (LSS ple & S Ol
Gllas ag 4 5 e ax s lasly Sl b5l
35 SVM Jbe codalCnsas BB oexer 5 e
G S 233 5 3 Sas (&S bl i
s opl o3 el iy, .ol 42l RBF Jus w
Sl Koo pepin le S Olsea 05
als 15 eslizal 5 40 Of kS

S1oy08 g KL
Stz b obge ladlie g 5 fash cnl el

- -
Shlsel s
v * L2

Vers mbmYoledm VY oy



390 Ol kS i 53 Sl &b e 3y Hla il sladie aslie

Ehteshami, M., Dolatabadi Farahani, N., &
Tavassoli S. (2016). Simulation of nitrate
contamination in groundwater using artificial
neural networks. Modeling Earth Systems and
Environment, 28, 10(2).

Fathian, H., & Hormozinezhad, A. (2012). Prediction
of quantitative and qualitative parameters of Karun
river flow using artificial neural network. Journal
of Wetland, Islamic Azad University of Ahvaz,
(8)5, 43-29. (In Persian).

Isazadeh, M., Biazar, S., Ashrafzadeh, A., &
Khanjani, R. (2019). Estimation of Aquifer
Qualitative Parameters in Guilans Plain Using
Gamma Test and Support Vector Machine and
Artificial Neural Network Models. Environmental
Science and Technology, 21(2), 1-21. (In Persian).

Kianian, A., Mobarghaee Dinan, N., & Hashemi, H.
(2016). Zoning of soils by irrigation with sewage
using interpolation method (IDW) (Case study:
southern city of Ray). Journal of Environmental
Research, 7 (14), 81-90. (In Persian).

Komasi, M., Goodarzi, H., & Behnia, A. (2017).
Investigation of spatial-temporal fluctuations of
groundwater water table by support vector and
kriging machine (IDW). Journal of Soil and
Water Conservation Science (Agriculture and
Natural Resources), 24(4), 71-80. (In Persian).

Mohammadi, P., & Ebrahimi, K. (2018).
Estimation of electrical conductivity of
Aharchai River using neural network models
and adaptive neural-fuzzy inference. In:
National Hydraulic Conference of Iran, 4-6
Sep, Shahre kord University, Iran. (In Persian).

Morshedy, A., & Memarian, H. (2015). A New
Method of Generalized Radial Basis Function
Network to Interpolate Regional Variables in
Geosciences. Scientific Quarterly Journal,
Geosciences, 24 (96), 107-116.

Nikpour, M., & MahmodiBabelan, S. (2019).
Compare the performance intelligent routing
models daily river flow (Case study: River
Balkhlouchay, Ardabil). [ranian Journal of

Irrigation and Water Engineering, 8 (32), 64-
78. (In Persian).

Pirali Zefreh E, A.R., Hedayati, A., Pourmanafi, S.,
Beyraghdar, O., & Ghorbani,R. (2020).
Evaluation of the efficiency of support vector
machine in predicting changes in water quality
parameters (Case study: Choghakhor
International Wetland). [ranian Journal of
Aquatic Ecology, 10(1), 23-34. (In Persian).

Rezaei, A., & Mirmohammadi Meybodi, S.A.M.
(2014). Statistics and Probability: used in
agriculture. Isfahan: Academic Center for
Education, Culture and Research, Isfahan
University of Technology Press. (In Persian).

Salavati, A., Banihabib, M. E., & Soltani, J. (2016).
Hybrid Model for Reservoir  Operation
Optimization. In: Water sciences and Engineering
Conference, 8-9 June, Shahid Beheshti
Conference center, Tehran, Iran. (In Persian).

Santin, I. (2015). Effluent Predictions in Wastewater
Treatment Plants for the Control Strategies
Selection, Journal of Bilbao, 2, 1009-1016.

Shahinejad, B., & Dehghani, R. (2017). Evaluation
and Performance of Support Vector Machine
Model in Estimation of Suspended Sediment.
Journal of Irrigation and Water Engineering,
8(1), 30-42. (In Persian).

Vapnik,V. (1995). The Nature of statistical
learning Theory. New York: Springer Press.
Vapnik,V. (1998). Statistical learning Theory. New

York, NY, USA: John Wiley Press.

www.analyticsvidhya.com/blog/2014/10/support-
vector-machine-simplified (Last access 2021
May 14)

Xin, X., Li, K., Finlayson, B., & Yin, W. (2015).
Evaluation, prediction and protection of water
quality in Danjiangkou Reservoir. Water
science and Engineering, 8, 30-39.

Yilmaz, 1., & Keynar, O. (2011). Multiple regression,
ANN (RBF, MLP) and ANFIS models for
prediction of swell potential of clayey soils. Expert
Systems with Applications, 38(5), 5958-5966.

- -
Shlsel s
v * L2

Vers mbmYoledm VY oy

FAR



