Original Paper
dx.doi.org/10.22093/ww;j.2020.187271.2873

\

Journal of Water and Wastewater, Vol. 31, No.5, pp: 1-10

Estimati()n of Water Quality Parameters 1n the

Sepidrood River by ANFIS, GEP and LS-SVM Models

A. Adib?, H. Farajpanah?, M. Mahmoudian Shoushtari3, I. Ahmadeanfar+

1. Prof,, Civil Engineering Dept., Engineering Faculty,
Shahid Chamran University of Ahvaz, Ahvaz, Iran
(Corresponding Author) arashadib@yahoo.com
2. MSc Student, Civil Engineering Dept., Engineering Faculty,
Shahid Chamran University of Ahvaz, Ahvaz, Iran
3. Prof,, Civil Engineering Dept., Engineering Faculty,
Shahid Chamran University of Ahvaz, Ahvaz, Iran
4. Assist. Prof.,, Civil Engineering Dept. Engineering Faculty,
Behbahan Khatam Al-Anbia University of Technology, Behbahan, Iran

(Received May 24, 2019  Accepted Mar. 16, 2020)

To cite this article:
Adib, A., Farajpanah, H., Mahmoudian Shoushtari, M., Ahmadeanfar, I. 2020. “Estimation of water quality
parameters in the Sepidrood River by ANFIS, GEP and LS-SVM models” Journal of Water and Wastewater,
31(5), 1-10.. Doi: 10.22093/wwj.2020.187271.2873. (In Persian)

Abstract

Rivers are the most important water supply resource for the drinkable, agricultural and

industrial demands. Therefore, estimation of water quality parameters in rivers is an essential
and necessary task. This research applies the Adaptive Neuro-Fuzzy Inference System (ANFIS),
the Least Squares-Support Vector Machines (LS-SVM) and the Gene Expression Programming
(GEP) for estimation of Total Dissolved Solids (TDS), Electrical Conductivity (EC) and Total
Hardness (TH) in the Sepidrood River and a 40 year period. The applied performance criteria
are the correlation coefficient (R), the Nash-Sutcliffe model Efficiency coefficient (NSE), the
Normalized Mean Squared Error (NMSE) and the Mean Absolute Error (MAE). These methods
have high ability for estimation of water quality parameters. The best method is LS-SVM
method for estimation of TDS (RTrain=0.95 RTest=0.96). The best method is GEP method for
estimation of EC (RTrain=0.94 RTest=0.95). The best method is ANFIS method for estimation
of TH (RTrain=0.92 RTest=0.94). This research shows that intelligence methods can estimate
unmeasured concentration of qualitative parameters by concentration of other qualitative
parameters.
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16 Genetic Algorithm (GA)

'7 Genetic Programming (GP)

18 Principal Component Analysis (PCA)

" Genetic Algorithm-Lesst Square Support Vector Regression (GA-
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20 particle Swarm Optimization (PSO)

2L Ant Colony Optimization (ACOg)

22 Total Dissolved Solids (TDS)

z Sodium Adsorption Ratio (Chenget al., 2016) (SAR)

2% Carbonate Hardness (CH)

25 Total Hardness (TH)

26 Total Alkalinity (TA)

27 Support Vector Machines (SVMs)

28 Group Method of Data Handling (GMDH)
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! Artificial Neural Network (ANN)

Adantive Neuro-Fuzzy Inference Svstem (ANFIS)

Gene Expression Programming (GEP)

Dissolved Oxygen (DO)

Coefficient of Determination (R)

Root Mean Square Error (RMSE)

Mean Absolute Error (MAE)

Mean Absolute Relative Error (MARE)

Wavelet Artificial Neural Network (WANN)
Electrical Conductivity (EC)
Multivariate Adaptive Regression Spline (MARS)
Least Square- Support Vector Machine (LS-SVM)
Wavelet Gene Expression Programming (WGEP)
Multiple Linear Regression (MLR)
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Fig. 1. The Sepidrood river watershed and the Astane hydrometric station (Bozorg-Haddad et al., 2017)
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Table 1. The stochastic characteristics of water quality parameters and
flow discharge in the Astane hydrometric station

Parameter Unit Mean Max Min SD CV

Q m’/s 1054 1501 1.31 179.33 1.7

TDS mg/L 680.8 1472 130 246.22 0.36

EC pumhos/cm 1076 1236 185 383.8 0.36

CL meq/L 4.48 15.6 0.17 2.83 0.63

HCO; meq/L 3.57 9.25 0.15 1.5 0.42

SO, meq/L 442 1682  0.03 3.77 0.85

K meq/L 0.08 0.68 0 0.05 0.61

Ca meq/L 3.04 1036  0.28 1.23 0.4

Mg meq/L 2.71 8.7 0.05 1.72 0.64

Na meq/L 3,82 1565  0.01 3.37 0.86

SAR meq/L 2.25 9.71 0 1.85 0.82

pH 7.63 9.63 6.2 0.45 0.06

TH meq/L 287.5 2845 225 101.56 0.35
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Table 2. The parameters of GEP in this research

General settings

Genetic operators

Chromosome length 30
Head length 7
Number of genes 3
Link function n

Performance criterion MSE

Population size 1000

Mutation rate 0.044
IS transposition rate 0.1
RIS transposition rate 0.1
One-point recombination 0.2

rate

Two-point recombination 0.3

rate
Gene recombination rate 0.2
Gene transposition rate 0.1
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Table 3. The Pearson correlation coefficient between water quality parameters for confidence level of 99%

Q TS EC Cl HCO; SO, K Ca Mg Na SAR pH TH

TDS -0.032 1 *0.94 *0.8 *0.45 *0.61 *0.34 *0.5 *0.5 *0.83 *0.66 *0.13 *0.73
EC -0.026 *0.94 1 *0.79  *04  *0.63 *0.35 *0.46 *0.45 *0.85 *0.69 *0.12 *0.66
TH -0.062 *0.73 *0.65 *0.51 *0.78 *0.43 *0.28 *0.54 *0.8 *0.54 *0.24 0.089 1

* Correlation is significant at the 0.99 level
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Table 4. The selected parameters by stepwise regression

Inputs of model

Model Output

Ec
Ec, Cl, Na
Ec, Cl, Na, SAR, TH
Mg
Mg, TDS, HCO}
Mg, TDS, HCOs, Ec, Na
TDS
TDS, Cl, Na
TDS, Cl, Na, SAR, TH

TDS

TH

EC
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Table 5. Comparison between results of ANFIS, LS-SVM and GEP for calculation of TH, EC and TDS

o) .
Parameter Method é L M
R NMSE MAE NSk R NMSE MAE NSE
ANFIS a 0.94 0.12 38.86 0.88 0.95 0.1 42.4 09
TDS LS-SVM b 0.95 0.09 41.57 091 0.96 0.09 39.11 0.91
GEP ¢ 0.95 0.09 47.99 091 0.95 0.1 50.85 09
ANFIS @© 0.94 0.11 72.24 0.89 0.96 0.07 70.42 0.92
EC LS-SVM a 0.94 0.12 67.53 0.88 0.95 0.1 70.43 0.9
GEP a 0.94 0.12 66.75 0.88 0.95 0.09 48.2 0.9
ANFIS b 0.92 0.16 27.6 0.84 0.94 0.11 24.2 0.89
TH LS-SVM b 0.92 0.15 26.3 0.85 0.92 0.16 25.9 0.84
GEP b 09 0.19 30.93 0.8 09 0.19 29.15 0.81
2007 Obs ANFIS LSSVM GEP 1200 Obs ANFIS LSSVM GEP
2000 A 1000
§
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= )
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Fig. 2. Comparison between the observed data and estimated values by
GEP, LS-SVM and ANFIS methods
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