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ABSTRACT: Management of water quality is inextricably bound up with making good management
decisions and this typical management is at the mercy of predicting the water quality index (WQI). The
use of board range of artificial intelligence models for analyzing surface water quality is one of the
most efficient techniques to predict water quality parameters and WQI. In the current research, at the
first, datasets accumulated from nine hydrometry stations, located in Karun River, were included those
of 13 water quality parameters (i.e., dissolved oxygen, chemical oxygen demand, biochemical oxygen
demand, electrical conductivity, nitrate, nitrite, phosphate, turbidity, pH, calcium, magnesium, sodium,
and water temperature) which was used to estimate WQI. So, to obtain an optimal selection of ANFIS
model-feeding-input variables, gamma test (GT), forward selection (FS), and principal component
analysis (PCA) evaluations were applied. Ultimately, constant coefficients of membership function used
in the ANFIS model were computed by using evolutionary techniques including a genetic algorithm
(GA), ant colony optimization (ACO), and particle swarm optimization (PSO) for training the structure
of the ANFIS model. Results of statistical assessments indicated that the GT-ANFIS-PSO model with a
correlation coefficient of 0.952, mean absolute error of 1.68, and root mean square error of 3.05 had a
satisfying performance for prediction of WQI compared with other optimized ANFIS models. Moreover,
values of WQI ranged from 30 to 58.4 which were indicative of being relatively poor to the good water

Review History:

Received: Feb. 21, 2020
Revised: Mar. 20, 2020
Accepted: Mar. 27, 2020
Available Online: May, 28, 2020

Keywords:

Water quality index

Adaptive neuro-fuzzy inference
system

Sensitivity analysis

Heuristic algorithms

Karun river

quality of Karun River.

1. INTRODUCTION

Prediction of water quality index (WQI) plays a key
role in the monitoring of natural water bodies such as
rivers, lakes, estuarine, and ocean environments. There are
a variety of conventional methodologies for the estimation
of WQI in natural rivers [1-3]. The most well-known WQI
model is associated with the national sanitation foundation
(NFS) which has been frequently applied for various real-
world problems in water quality monitoring [1-3]. The
current WQI methodology may occasionally experience
several restrictions on water quality applications. The major
drawback of the NSF model is related to the lack of available
water quality parameters (WQPs) for the calculation of WQI.
Nowadays, artificial intelligence (AI) models were used to
predict WQI and WQPs with satisfying accuracy levels [1-3].
Accordingly, the most frequently-used AI models for water
quality monitoring are artificial neural networks (ANNS),
adaptive neuro-fuzzy inference system (ANFIS), gene-
expression programming (GEP), M5 model tree (MT), and
evolutionary polynomial regression (EPR) [1-3]. Hence, this
study investigates WQI for Karun River by 200 recorded
WQPs series data over 16 years beginning in May 1995. In
this study, 13 WQPs are used to predict WQI based on NSF
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instructions. Furthermore, the optimal number of WQPs
to estimate WQI value are obtained by using principal
component analysis (PCA), gamma test (GT), and forward
selection (FS). Afterward, the ANFIS model is improved in the
training stages by three evolutionary algorithms, i.e., particle
swarm optimization (PSO), ant colony optimization (ACO),
and genetic algorithm (GA). Ultimately, the performance of
various optimized ANFIS models is evaluated by different
statistical benchmarks, and additionally, the water quality of
Karun River is classified.

2. METHODOLOGY
2.1. Case study

In the current study, 13 WQPs including dissolved
oxygen (DO=3.1-29.4 mg/l), biochemical oxygen demand
(BOD=3.7-40 mg/l), chemical oxygen demand (COD=1.06-
34.2 mg/l), potential of hydrogen (pH=1.5-8.71), turbidity
(Tur=1-25 NTU), sodium (Na"=1.42-40 mg/l), magnesium
(Mg?=2.1-60 mg/l), electrical conductivity (EC=1.7-2.2
dS/m), nitrite (NO,=0.08-1.2 mg/l), nitrate (NO,=0.34-2.7
mg/1), phosphate (PO,*=0.13-3.21 mg/1), calcium (Ca*=1-35
mg/l), and temperature (7=9.3-30.3 °C) were used to predict
monthly WQI based on NSF guidelines. All the water quality
parameters were accumulated from nine hydrometry stations
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(i.e., 5% Bridge, Khoramshahr, Zergan, Kutamir, Deirfam,
Marun, Mollasani, Darkhuien, and Nahr-e-Ghasbeh) in the
Karun River. All the observational datasets have been ranged
in May 1995- Jan 2012. According to the NSF guidelines,
WQI values are obtained by recorded WQPs and there are
seven classifications for WQI values: very poor (WQI<15),
poor (WQI=15-29.9), relative poor (WQI=30-44.9), moderate
(WQI=45-55), relative moderate (WQI=55.1-70), good
(WQI=70.1-85), and very good (WQI>85). Furthermore, the
following relationship is generally used to develop ANFIS:

WQI=¢ (DO, BOD, COD, pH, Tu, EC,

2+ 2

(1)
Ca ,Na+,Mg

+ - - 3-
,NO,,NO5, POy ,T)

2.2. Optimal selection of WQPs

In this research, three well-known sensitivity analyses
were used to choose the optimal number of WQPs. In the first
place, FS techniques select 10 water quality parameters (i.e.,
BOD, COD, DO, PO, EC, pH,NO,, Mg*, Ca*", Tu) among
13 WQPs, as the most contributory factors on the prediction
of WQI values. Additionally, the results of the gamma test
(GT) indicated that COD and Mg** have the lowest level of
contribution on the estimation of WQI. Hence, the rest of the
WQPs (11 input variables) can be used to develop the ANFIS
technique. Finally, the PCA technique converted 13 WQPs
into four components as 4 input variables.

3. Development of ANFIS model

In this section, Fuzzy C Mean (FCM) was used to
generate the structure of the ANFIS model. Several clusters
in the ANFIS model are in close connection with some input
variables. In this way, there are 4, 10, and 11 clusters (or fuzzy
rules) for the application of preprocessing-data-strategies:
PCA, FS, and GT, respectively. Moreover, weighting
coefficients associated with Gaussian Membership Functions
were optimized by GA, PSO, and ACO.

4. RESULTS AND DISCUSSION

To assess the performance of ANFIS models underlying
evolutionary algorithms, three statistical benchmarks such
as the correlation of coefficient (R), root mean squared error
(RMSE) and mean absolute error (MAE) were employed.
Under applying PCA, ANFIS-PSO had the best performance
(R=0.88, RMSE=3.45, and MAE=2.54) in the training stage
compared with the ANFIS-ACO and ANFIS-GA techniques.
Also, in the testing phase, ANFIS-PSO with R of 0.89,
RMSE of 3.41, and MAE of 2.69 predicted the WQI with
most accuracy level than ANFIS-GA (R=0.84, RMSE=3.7,
and MAE=2.84) and ANFIS-ACO (R=0.83, RMSE= 3.51,
and MAE=2.95).
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Inthecase of FS application, the performance of the training
phase demonstrated that ANFIS-GA (R=0.942, RMSE=3.16,
and MAE=1.82) had the most accurate estimation for the WQI
in comparison with ANFIS-ACO and ANFIS-GA techniques.
From testing results, it was found that the application of PSO
into the structure of the ANFIS model (R=0.943, RMSE=3.13,
and MAE=1.87) provided a compromising estimation of WQI
rather than ANFIS-GA (R=0.88, RMSE=3.5, and MAE=2.1)
and ANFIS-ACO (R=0.889, RMSE=3.49, and MAE=2.21).
As GT was applied as a preprocessing-data-technique,
statistical results of the training phase showed that ANFIS-
PSO (R=0.88, RMSE=3.45, and MAE=2.54) had superiority to
other optimized ANFIS models. Furthermore, it was inferred
from testing results that the ANFIS-PSO model (R=0.89,
RMSE=3.41, and MAE=2.69) produced the most convincing
efficiency for WQI estimation when compared to ANFIS-
GA (R=0.84, RMSE=3.7, and MAE=2.84) and ANFIS-ACO
(R=0.83, RMSE=2.95, and MAE=3.51). Overall, statistical
benchmarks given by training and testing stages demonstrated
that GT-ANFIS-PSO had the most successful performance in
the WQI estimation than other ANFIS models fed by PCA
and FS.

5. CONCLUSION

In this research, the WQI-NSF values of Karun River were
predicted by using optimized ANFIS techniques. Results of
statistical assessments indicated that FS and GT strategies
had the highest impact on reducing the number of WQPs,
leading to the optimal selection of input variables for feeding
the ANFIS technique. Furthermore, the application of PSO
to train GMFs utilized in ANFIS had the most accurate
performance when compared with ANFIS-GA and ANFIS-
ACO. In addition to this, Moreover, WQI for Karun River
was between 30 and 58.4 which have been classified into
relatively poor to good quality. Concerning the best ANFIS
model, it can be used to monitor and management the water
quality of Karun River as a cost-effective method.
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Table 3. Results of FS model to select optimum water
quality parameters
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Table 4. Values of GT and corresponding ‘v’ related to the
water quality parameters

\ w)..e )LAM L& )LXM $99,9 Lng)"M ;EL]‘O)

VAR AN’ All inputs \

<[+ A0 AEEA All inputs- BOD Y

R YiFOY All inputs—COD Y
<[ AYY YIVEE All inputs—DO f
<[+ OAA INARA All inputs—EC A
/-0 o/v#Y  All inputs — NO3" 4
[+ #YA o/oY+  Allinputs— PO4* Y
-] SYY OIOOY All inputs—Tu A
T EIN AR All inputs—pH a

<INVEY /A0Y  Allinputs — Ca?* V-
SJAY \NEY Allinputs — Mg?® )
<Jf Yiovy All inputs — Na* \Y
<[ FOY INAARE All inputsz 'Y
[eFN- O¥#0  Allinputs —NO2» V¥

L i yolb ,o gl asls Jlade ;0,5] cavs 4 (F) cngn
—* ua}l.....‘ )‘.\M :L....ul?bo (a) 9 (G d.u) LgLQ (s )I oalawl
alasly 5l oolazul b ol CobS @l Al gy Al e (o il
3,5 oo plosl
0 wiw
WQI[IT 7] )
=1
Sade ]l o sl olass 1cpl i syl 039 VVl QT 4 as
il o = 3 W, 3§k 45 oo Sl pl by ol el
i=
(oo 30l Mol il polie Jgaz 0 W, polie uizmen
)|)3 salau! ¢)9.4 U‘)J‘ )é )JQLM L}"‘ as Mb = 05?5.@ w&u )
Loo yolyly Judo e 4 0l oo ol sles 4 5L glesl Joloxo
u)...“Sl )JQLtbo Mw )Q w‘ AW o..b'l.?df 6&9)5 LSLQJ...A‘)[J ).)
colie ;0 09390 0403 5145 il oo ol sloo 5l b gLl Jgle
asls polie oy byl cules o IVF] 08,5 o ailne
23,5 oo dmlne O Jsoz Goyb 5l O (hS

(GT) LS 903l -Y-Y
ANFIS wiadge Joo b gilo Joo dolhe et 5 S
Joe 2l 5 <o ul38l jglate 4 algy (69,9 sl sl )y Sl
SIHILE pgasl ool 3lidas ;5 (Bran loj 5l atyje 2ol
ks‘)" WL».A 6&00‘0 Slows 9 Léd.°5)5 :\.....QH uj)) u.a_».l_’ 6‘;) wl...a
S5ldin 35552 10 (MSE) 'laz Sl o (5255 (32 5508 43 (ki
(5995 S 5 ot At Ol 5o Ll (g sleslinl s gl 55 o
Sl gllaz o eS @ oo aS | b ools dlasd o yiwlie g o
Sy (el <355 (5n ngey S i (55l 45550 13 oo
2 8355 Sl ke 3l (y3908 Lasiine Lz 3uio nl 5o [1Y]
oolawl LI u}a)] )‘ aJ.u.\Lu <° u] (59"5 ua.)L..u uLo.ib aS @5?
oo (839)9 slopsite 51 (o Cugh po )3 gy (nl )3 0T (o
79 5 69555 0)lsd Slp V cuye 5 LI e 5 oad Bis
FBYE Joax 0 LS ae)] bl 0gd oo dmlne cotS asli
2 69955 s ell 5l S e L5h sams las a5 cul cualive
L Mg™ sal)b gV copo g LS ok o yiios sls L BOD
L b cp S 5 oyiien oV ey g LB Jlade o yieS il
shls COD Mg (slayal)y o5 il 51 )ls (255 5

o S st dls Y-
slo el )b a6l ol O (&S (asls laxl ados ol o
&2 )0 Ssrge abgiye Jolozr o Lo jloges 4y aszlie b g (5399
44295 b G 005 dle glpl Ol CuaS (a3l ol
el ANFIS g, b sael cons @ uls 5 9990 sl il s
Sygo 4 ol (a5 asls e Gl b gildoe Ol aS
ol el oo cutlage ol Lol ygias 3l solitul b (g5
& 0 O3S Blog, jl esel Cews 4 (5995 (sle i) (&S
(6355 6o el b Ll (1) el Jlye cpl 45 0t sl al e
() 3l D0 50 il oo )o &y Jolme (y5enST cdale Lo (V)

2 99790 Jgo leslatul b S sl o Si9 calpo s

1 Mean Squared Error
2 Sensitivity Analysis

YEoA



NSF Jodlygiaws polul u.i ColS Aoyl Curdg b Jgu
Table 5. Descriptive condition of water quality based on

NSF guidelines
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Table 6. Control parameters of PSO algorithm applied in the structure of ANFIS
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Table 7. Control parameters of GA applied in the structure of ANFIS
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Table 8. Control parameters of ACO algorithm applied in the structure of ANFIS
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Table 9. The best fitness values extracted from training

phase of optimized ANFIS models
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Table 10. Results of statistical criteria to evaluate performance of optimized PCA-ANFIS models
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Table 11. Results of statistical criteria to evaluate performance of optimized FS-ANFIS models
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Table 12. Results of statistical criteria to evaluate performance of optimized GT-ANFIS models
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Table 13. Results of Fisher-test for assessment of optimized ANFIS models
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