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(1) Raw water tank
(2) Raw water

(3)  pH meter

(4)  Turbidity meter
(5) Rotor

(6)  Thermometer

(7)  Pipe connector

Fig. 1. Coagulation and Flocculation reactor setup
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. . Standard
parameters minimum | maximum o
deviation
Treated water
o 0.42 155 4,911
turbidity (NTU)
Raw water
o 7.22 320 11975.51
turbidity (NTU)
pH 6.99 8.9 0.310
PAC kind 1 5 2.051
PAC concentration
1 25 30.625
(mg/L)

Table (1) The properties of model parameters
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parameters value
show 150
Ir 0.0
goal e
mc 0.9
epochs 150
Function MLP (newff)

Table (2) ANN training parameters.
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Fig. 2. The performance of RBF neural networks
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Model Network Number of neurons Data mg?;gfl{:‘gnie
number type normalization P functi
i unction
First layer Second layer

1 2 0 No No
2 2 0 Yes No
3 2 0 Yes Yes
4 3 4 No No
5 MLP 3 4 Yes No
6 3 4 Yes Yes
7 5 3 No No
8 5 3 Yes No
9 5 3 Yes Yes
10 Radial Basis 3 _ _ _
11 6 - - -
12 4 6 No No
13 4 6 Yes No
14 4 6 Yes Yes
15 7 5 No No
16 MLP 7 5 Yes No
17 7 5 Yes Yes
18 6 8 No No
19 6 8 Yes No
20 6 8 Yes Yes
21 Radial Basis 9 _ _ _
22 12 - - -

Table (3) Structures of different ANN models
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Transfer Function
Model First Second Third fourth
number
Input Input Input Input
1 Gaussmf | Gaussmf | Gaussmf | Gaussmf
2 Gbellmf | Gbellmf | Gbellmf | Gbellmf
3 Pimf Pimf Pimf Pimf
4 Dsigmf | Dsigmf | Dsigmf Dsigmf
5 Gaussmf | Gaussmf Trimf Trimf
6 Gaussmf | Gaussmf Trimf Gbellmf

Table (4) Structures of different ANFIS models

9

Ao o 53l d e an Gl (36 - ae raE el
Joles 4y @S i3s3 55 o odual Laodls 03 8 (536 &S Jf
d> 0 53 09 8 550 0 bad (G5B asseme 3 Jn\:m...ffp
J:J.Lla C)ld.w )‘ g_;‘.’. oM:QLﬁJ S el ‘_S'J;“}.\.a.o cu )\_,\_S,a cé)b
Jy‘}:e BE JSJL.M éuw slasOlis 41:—;& U'»"\ W LS'L'J
S e > g 53 5 3 e s Lzl S 5
. . . \
e i AS o Jes (Sill A e W Se S g5l
Slresls b 5ol oS S (Glaosls 4 (63 4 sazes Izl
MATLAB )lj.'elp} ANFIS 5l a5 oslanad b anlllas -l 55

1 Defuzzication



e ) Gl 4 olead 5 slaal il 3 gl

ol 05y 5 ot Jle s (gloesls b gl s el 3ol
ol ) el L et > Shas 5 pegs ocins 0L (IS b
el b B,

Olgy &Y 9o b il olg S o sl S8 00 e
sy s Purelin 5 Tansig Jes! 5 s A s el L
&b ol Lol on 5 0dddle i slaesls b 5 p55 5 ol e
(0 JK2) ol WL

WY Gl b Sl L eles ol sladd 53 a5l
O o S A el ol s (gl s 4 Oy B s
O s 5 5V (6, S5k s o 3 5 iy (Saed 4 o
ESTAETINQV S FOW R SOPh LN PR SPIRIE e

-

(S gan e SRS VY

Y o b K05 KL sl ol S addles ol o
D3 ey s ANl s 03V By i sl 5 Olgy
See ol e glaeY s oy s Bl s S
5ol Garls 5 (Sies o G s 0 5 S50
06 JS8) 5 g st oo 0 s a8

&l)l; G\: C}LA} besls 03 Sl 5 56 -\-V-Y
qul?a o sy 2D @U C)L.p\} Waesls 05,8 Jle 5
JL;.;J. “"'.‘."’:’ Sl odesls olis (8) Jg.& BE o Qbuja

Ls.ibts cub‘ﬁ o Jlﬁf 6\.}&52‘2 d‘f LE?- J..Al.s .,\4‘3)

e gas SlaeSt il slade (gl L ey o o Silo sdoee 5 (Stlon (2 ls ( Sies 0 ¥ IS

1 03
09 R2
08 — 1A 0.23
07 e ENVSE
0.2
0.6
< 05 =
3 0.15=
= =
% 04 x
03 0.1
02 0.05
01
[ Q
1 2 3 4 5 6 17 8 2 10 11 12 13 14 15 16 17
18 ANN models
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Fig. 4. Effects of data normalization and modifying the performance function in RMSE of MLP
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Function Obtained equation R? RMSE 1A
Final Turbidity = 8.785 + 0.003912 X (Initial Turbidity)
Linear — 0.4114 x (PAC Concentration) 0.84 | 1.2686 | 0.88

— 0.1683(PAC kind)

Final Turbidity = 7.883 X exp(0.01271 X (Initial Turbidity)

Exponential —0.1169 x (PAC Concentration) 0.79 | 1.3629 | 0.84
— 0.02014(PAC kind))
Final Turbidity = 14.62 x (Initial Turbidity)®32>>
Powered 0.86 | 1.1233 | 0.88

X (PAC Concentration)™ 1?28 x (PAC kind)~0.0025¢

Final Turbidity = 9.385 + 0.03499 x (Initial Turbidity) — 1.058

X (PAC Concentration) + 0.9477(PAC kind)

—0.00003573 X (Initial Turbidity)? — 0.0003441
) x (Initial Turbidity) x (PAC Concentration)
Quadratic 0.93 | 0.7533 | 0.96
—0.0026 x (Initial Turbidity) x (PAC kind)
+0.02172 x (PAC Concentration)? + 0.03785
X (PAC Concentration) X (PPAC kind)

—0.2149 x (PAC kind)?

Table (5) Fuzzy regression analysis using linear and nonlinear functions
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Fig. 8. R?, IA and RMSE in different ANFIS models
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Abstract:

Surface water contains various type of suspended impurities that cause turbidity and color. Coagulation is the main
process of integrating fine particles and turn them into larger particles. In this study, replacement of the modeling
methods by time-consuming and expensive experimental techniques such as JAR test has been discussed. For this
purpose, two models of Feedforward and radial basis of artificial neural networks and Adaptive network-based fuzzy
inference system and the various kinds of fuzzy regression analysis to predict the ultimate extent of turbidity after
coagulation and flocculation process in 3 and 4 Tehran water treatment plants, were studied. The coagulant used in
the treatment plant was poly-aluminum chloride (PAC) and the type and concentration of coagulant, pH and
turbidity of the raw water, was opted from the basic information. Radial basis model due to the possibility of
automatic raising of hidden layer’s neurons to achieve performance function with minimum error, is highly capable
in simulating the process of coagulating. Unlike Feedforward networks, radial basis networks required a smaller
number of neurons, and also had the ability to change parameters to achieve the desired results. Increasing the
number of hidden layer’s neurons and normalizing the input data to the network enhanced the predictability of
artificial neural networks. The study also generalize Feedforward networks to predict data validation and correction
of the increasing of performance function. Due to the uncertainty which caused by human error in the laboratory,
adaptive network-based fuzzy inference system and fuzzy regression, in which the data sets in the form of fuzzy,
were used. The results showed that artificial neural networks and fuzzy regression analysis had more ability in
simulating the coagulation process and turbidity removal in different experimental conditions rather than adaptive
network-based fuzzy inference system and had the ability to replace the JAR test with time-consuming and
expensive methods. The best network built to predict the filtered water turbidity in this study was feed forward
network with two hidden layers and 6 and 8 neurons and Tansig and Purelin transfer functions respectively in the
first and second layers, using normalized data with performance function. This network is able to predict the
coagulation process with a Correlation Coefficient of 0.96 and 0.99 Agreement Index and root mean square error
0.0106. Best predicting done by regression analysis using fuzzy quadratic function. This function was able to predict
the data validation with a correlation coefficient, and Agreement Index and root mean square error, respectively,
0.94, 0.96 and 0.75. adaptive network-based fuzzy inference system with the use of Gaussmf membership functions
for raw water turbidity and pH input ,and type and Trimf had best efficiency to apply coagulant concentration data
into network and estimated the filtered water turbidity with correlation coefficient of 0.89, Agreement Index of 0.91,
and squares error of 1.02. This system showed that increasing initial turbidity caused removal efficiency increased
and the best impaction of coagulation process for the removal of turbidity would be occurred in the range of pH, 7.6
to 8. The best efficiency in operation condition was determined 99.5% in initial turbidity of 160 NTU, pH=8
and 19 mg/L dosage of PAC coagulant type I.
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