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ABSTRACT

Almost high salinity effluent stream of desalination unitsisdrained into the
sea or dispersed on soil breaking the agua salt concentration balance and
also increase salt content of sea ecosystem or soil. So it is concerned with
environmental engineering, corrosion engineering, control engineering,
chemical engineering and etc. So zero discharge desalination (ZDD) plants
have been proposed with a view of reaching salt and water instead of
hazardous saline wastewater. Predicting wastewater pretreatment
performance (effluent total hardness, CO, content and €l ectrical conductivity)
asthefirst stepin ZDD plantsisconsidered inthiswork both experimentally
(onapilot plant) and mathematically (modeling with artificial neural network
and adaptive neuro fuzzy inference system). So, optimum operating
conditions (150 cc Al (SO,), as coagulant, mixing ratein first pretreatment
reactor= 110 rpm, 600 cc NaOH and 450 cc Na,CO, as additives) are
recognized, then optimal NN architecture (three layer feed forward back
propagation network with 10 neuronsin hidden layer, Levenberg-Marquardt
algorithm isas network training function, tangent sigmoid transfer function)
and also optimal ANFIS architecture (five layers with six neurons in two
hidden layers, two Bell membership functions and four rules) are determined.
The results confirm predi ctive modeling by ANN ismost efficient comparing
withANFISin prediction of performance.
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INTRODUCTION

Direct drainage of the concentrated brinewastewa-
ter of desdinationunitsinto sea, could causesdinity and
thermal shocksto aguaenvironment as mentioned!.
But if the concentrated brinewastewater ispretreatedin
basi ¢ softening process, it can be used in order to pro-
duction of salt and potablewater. Total hardnesswhich
iscaused by M@?* sdtsand Ca* sdts, areremoved and

production of Sodium Chloride becomespossibledur-
ing pretreatment process'. Usage of Sodium Carbon-
ate and Sodium Hydroxide or Calcium Hydroxidein
wastewater, vanishesthetemporary and permanent hard-
ness asMagnes um Hydroxideand Calcium Carbonate
compounds. Theseparticlesaresmd| andtimeisneeded
for thesedimentation asdemonstrated®>®, Reguiredtime
for coagulation, floccul ation and sedimentetion stepswill
be short enough and d so theturbidity of the product is
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minimized By usng minerd coagulantsingpecid condi-
tions. Determination of the optimized amountsof So-
dium Carbonate, Sodium Hydroxide, suitableconditions
of thepretrestment process, type and dosage of coagu-
lant, haveto be studied and eva uated to reach the higher
yiedddand minimizetota hardness.

Published papersinthefield of pretreatment pro-
cess of wastewater from adesalination unit arescarce
intheliteratureand thereisnot enoughinformeation about
thisto predict the performance of pretreatment units. In
the other hand wastewater pretreatment processisone
of unitinzero discharge desalination plants.

—= Full Paper

Inrecent years, neura networkshavebeen used as
apowerful modeling tool in various pretreatment pro-
cessesto predict the unit performance; somefeatures
of previousstudiesaresummarizedinTABLE 1. These
areobtained fromTABLE 1;

1) Most popular formof neura network inuseisfeed
forward neura network.

2) Norecordfor modeling of pretreatment of desali-
nation wastewater unit by neura network isfound
intheliterature.

3) Back propagationagorithmisasoefficientinpre-
diction networks.

TABLE 1: Resear cher s’ studiesin modeling of pretr eatment process of wastewater by neural network

Reference Y ear M odel type Application
. Back propagation feed forward neural Wastewater Treatment Plant
1 Zvi Boger [9] (1992) network Operation
3 Spall et al.[33] (1997) Network model. Wastewater quality predication system
4 Zhuetal. [47] (1998) Fuzzy systems and neura networks Wastewater treatment
Tay et al. [35, (1999, Fuzzy modding, Back propagation - .
5 36] 2000) neural network Anaerobic biological wastewater pretreatment
Belanche et al. Feed-forward net
6 [3] (2000) time-delay neural networks Wastewater treatment plants
Gontarski et Feed-forward back propagation neural .
7 al.[14] (2000) network Industrial treatment plant
8 Leeeta.[17] (2002) Hybrid neural network Industrial waste water treatment
Timothy et Kohonen Self-Organising Feature -
9 al.[37] (2003) Maps (KSOFM) neural network Municipal wastewater treatment plant
Zeng G.M. et al. i . Paper mill
10 [45] (2003) Back-propagation neural network wastewater treatment
Hamed et a.
11 [15] (2004) Feed forward neural network Waste water treatment plan
. Artificial Neural Network (ANN) , ,
12 Onkal-Engin et (2005)  trained with a back-propagation Biochemical Oxygen Demand (BOD) values of
al. [25] algorithm samples from wastewater treatment plant
Pelham wastewater biological oxygen demand
13 Ozer Cinar [8] (2005) Kohonen self-organizing feature maps (BOD), total suspended solids (TSS) and fecal
coliform
14 Leeet al. [18] (2005) E:te\z;?rkward back-propagation neura Cokes wastewater trestment plant
. . Treating cheese
15 Cinar et al. [9] (2006) Cascade-forward back-propagation whey wastewater
Back propagation neural networks
16 Chenetal. [6] (2007) (BPN) algorithm Wastewater Treatment Process
. Back propagation, artificial neura
17 Majlli etal.[23] (2007) network (ANN) Wastewater treatment plants performance
18 ZaEtzrg]nban o (2007) Feed-forward neura network Starch wastewater treatment
19 ;ar[]gi L]EE“ y & (2007) Multi layer feed forward perceptron Starch wastewater treatment
20 ['\qgf ho'n etal. (2007) Feed-forward neura network Coke wastewater nitrification
21 Yuetal.[43] (2008) Back propagation artificial neural Wastewater reuse applying ORP/pH monitoring

network models
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Reference Y ear Model type Application
. Feed-forward back propagation neural
Torrecillaet a. (2007, . o
22 38, 39] 2008) network Olive ail mill wastewater
. . . Scal e activated-sludge wastewater
23 Suh et al. [34] (2009) Back propagation learning agorithm treatment plant
(2009) : Removal of Cr(VI) from synthetic and
24 Aber et d. [1] Feed forward back propagation network real wastewater
25 Mingzhi eta. [21] (2009) Fuzzy neura networks Ili;oﬂlm wastewater treatment
ocess
26 Mingzhi et a. [22] (2009) Feed-forward back propagation algorithm Paper mill wastewater treatment
27 Purkait et al. [30] (2009) Feed-forward network Leather plant effluent
28 Pai et dl. [26] (2009) Neuron fuzzy inference system (ANFIS) ;ﬁfﬁ wastewater treatment plant
. Wastewater treatment and reuse in
29 Chenz. etd. [7] (2009) Back propagation neural network submarine cabin for long voyage
30 Sadrzadeh et al. (2009) Feed-forward back propagation neural Pb2+ removal from wastewater using
[32] network electrodialysis
31 Bashaetdl.[3]  (2010) E:t‘fz:r‘l’(rwar d back propagation neural Chemical industry effluent
Feed-forward back-propagation Municipal
32 Fang etdl. [13] (2010) NN wastewater treatment plant
33 Waewsak et al. (2010) Neural-fuzzy control system, neura network Wastewater treatment and biogas
[41] with back propagation algorithm production,
Back propagation-based multi-layer feed Treatment of oily wastewater using low
34 Nandi et al. [24] (2010) forward artificial neural network cost ceramic
(ANN) model Membrane
. . Cu(lh
35 Turan et al. [40] (2011) Feed forward back propagation network with from industrial leach ate by pumice
36 Silvia Curteanu et (2011) Feed-forward back propagation neural Electrolysis process in wastewater
a. [10] network treatment
Pendashteh et al A feed-forward neura network , L
37 [29] (2011) trained by batch back propagation algorithm Treating hyper saline oily wastewater
. Adaptive neuron fuzzy inference system Wastewater treatment plant of industrial
38 Pai et d. [27] (2011) (ANFIS) Park
30 Bhatti etal.[4]  (2011) RSM and ANN moddiing Removal of copper from synthetic
wastewater

Although, ANFISisapowerful modelingtool to
predict the performance of nonlinear process, but this
hasnot been considered asmuch asartificia neurd net-
work.

Thiswork focused on the prediction of performance
of onestepin zero discharge desdination plant whichis
desalination wastewater pretreatment. Thegoa of this
stepissoftening high salinity wastewater from apetro-
chemica desdination plant and preparing it to produce
salt and water instead of drainageinto sea. So, natural
salt concentration of seaand soil doesn’t be increased
by desalination wastewater. Thissubject can beinter-
esting asaview of sciencesrelated to corrosion, con-
trol, environmental, chemical and etc sciences. Both
experimenta work and modeling are applied to opti-

CHEMICAL TECHNOLOGY

mizethe performance prediction of pretreatment pro-
Ccess.

Modeling isdoneby ANN and ANFISwhich are
powerful adaptive model sin prediction and optimiza-
tion of processes, based on experimenta data.

MATERIALSAND METHOD

Optimum amounts of each coagulant, and dsothe
typeof mixture and the best speed of thefirst pretreat-
ment reactor areinvestigated experimentally. Three
commercial mineral coagulants, Aluminum Sul-

fate, Al,(S0,),, Ferric Sulfate, Fe,(S0,) and Ferric
Chloride, FeCl;, areusedinthe pretreatment process
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of concentrated brinewastewater. M oreover in soften-
ing process Sodium Carbonate and Sodium Hydrox-
ide must be added to the brine wastewater. So the ap-
propriatefraction of these additivesto coagulant iscon-
Sidered. Experimentsareheld intwo PV C seriestanks
equipped by adjustable agitator. Optimum val ues of
speed, coagulant and additives are gained when total
hardness of produced wastewater reachesto minimum
amount. Figure 1 showsthissetup.

|
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| ’ retreatment

l

B Reactor 1

T
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S
= >
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Figurel: Basic structureof an two layer neural network
mode!, (IW (input weights), LW (layer weights), 10 neuron, 3
input, 1tar get and twotransition function)

Optimum results of experimentsare used in an
ANN program and also in ANFIS program to train
and simulate networksfor predicting the amounts of
total hardness, CO, content and electrical conductiv-

ity

== Full Paper

Practical desalination unit of mobin petrochemi-
cal complex

Mobin petrochemical complex islocated in south
of Iranand worksasautility unit for whole petrochemi-
cal companies. Five MED practical desdination units
in Mohbin petrochemica complex providethewater sup-

ply. About 1030t0%r flow rate of seawater isfed to
each of desdlination unit athough each unit hasdesigned

for 1100 O/ of seawater. About 28%of thefeed s

produced assweet water and high sdinewater isdrained
to the seaas brinewastewater. So, thetotal flow rate

of brinewastewater is3700 to%r , approximately. Sa-
linity of the brinewastewater is 54500ppm and theto-

TABLE 2: Thepropertiesof Wastewater beforetreatment
process

Composition Unit Brineoutlet line
Cat+ ppm as CaCO; 14616.3
Mg++ ppm as CaCO; 36080
Total hardness ppm as CaCO; 50696.3
Fet+ ppm Trace
Bat+ ppm Trace
SO, -- ol 5.25
HCO; - ol 0.185
Salinity ppm 54500
Silica ppm 0.1
Specific Gravity at 15 ¢ 1.04
pH 8.2
Viscosity (Kinematic) Mm2/s 0.7
TSS o/l Trace
Total Dissolved Solids g/l 63.8
Conductivity ms/cm 77100

tal hardnessisabout 50696.3 ppm as CaCO, . Some
of specificationsof brinewastewater arein TABLE 2.

Artificial neural network

Artificia neura network (ANN) hasbeen adopted
inmany areasof science. Neura networksareadjusted,
or trained, so that aparticular input leadsto aspecific
target output as demonstrated®*®. The term
backpropagation refersto the manner inwhichthegra-
dientiscomputed for nonlinear multilayer network as
mentioned?3% and iscommonly used in many ANN

—————— 3 OCHEMICAL TECHNOLOGY
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applications as demonstrated 2241,

Structure of amulti layersneura network model is
showninFigure2. Inthiswork Back propagation feed
forward typeis sel ected to be optimized. Thisneura
network consists of two layers (hidden and output),
neuronsin hidden layer, network training functionsand
layer’s learning function. Experimental input data are
normalized and then dividedinto training (40%), testing
(30%) and validation data (30%).

Optimization of thisnetwork includesfinding ap-
propriate network training function among Levenberg-
Marquardt back propagation, trainlm, Gradient de-
scent withmomentum back propagation, traingdmand
BFGS quasi-Newton back propagation, trainbfg, net-
work architecture using hyperbolic tangent sigmoid
transfer function, tangg, Log-sigmoidtransfer function,
logsigand Linear transfer function, purelin, ineach layer
of network and determining optimum number of neu-
ronsin hidden layer usingtria- and- error approach. A
number of stepsare during themode deve opment pro-
cesswhichisshown schematically inFigure 3.

Reasonableresults are obtained whenthermseis
small andthevdidation and test correl ation coefficient
getscloseto one. Sincetheused transfer functioninthe
hidden layerissgmoid, dl samplesmust benormdized.
So any samples( x,) fromthetraining, validation and

test setsarescaledtoanew value( X, ) asfollows:

Y—(X—Xmean)x(;zs“‘J+Ymean 1)

std

Where X ..and Y, ., aremean valuesof each row

of input and each row of output, X, and Y, arestan-

dard deviation for each row of input and each row of
output, respectively.

Traningamsat estimatingtheparameters(I\Wij, LW,
b]., andb,) by minimizing an error function, such asthe
root mean squareerror (RM SE) whichisexpressed as.

N 05

(Ytar, —Yout, )*
N )

RMSE = | =

Where dataisthe number of data points and targets
are experimental outputs and output shows program
results. Also correl aion coefficient (R) and mean abso-

Hidden Layer

QOutput layer

Outputs

TH

EC

Co2
content

Figure2: Sepsof theneural network model development
process

Select 2 layers
Input num idden

Validating and testing

/—/\—\

Error=targets- outputs
Calculate mean square
error

Create n/
backpropagatio

network

Train network

Figure3: Experimental apparatus

luteerror (MAE) aretwo statistical criteriawhich are
employed to show the modeling performance and de-
scribed as:

|(Ytar, — Yout,)|

MAE = -

N
=1

©)

N
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Fuzzy interferencesystem

—= Pyl Paper

and characteridicsof pretreatment effluent sream. Fuzzy
systemisapowerful tool to predict outputsin nonlinear
systemsfast and precisely. Neuro-fuzzy inferencesys-
@ tem (ANFIS) usng agiveninput/output dataset. This
function congructsafuzzy inferencesystem (FI1S) whose
membership function (MFs) parameters are adjusted
using ether aBPdgorithmaoneor incombinaionwith

Experiments show that therearevariousvariables - aleast syuarestype of method. Thisadjustment allows
affect on TH, EC and CO, content and nonlinear rela-  thefuzzy systemstolearn from the datathey aremodd-
tionsbetween desalination effluent wastewater indices  jng. Theprocessof fuzzy inferenceinvolvesMembership

TABLE 3: Categoriesof experimentsaredonein thisstudy

Parameters unit Value
Mixing ratein first pretreatment reactor rpm 50, 70, 90, 120, 140, 160, 180, 200, 220
Coagulant (Aly(SOq)s, FeCls, Fex(SO4)s) cc 10, 20, 30, 40, 50, 70, 110, 150, 115, 130, 140, 100, 85, 160, 180
NaOH/4000 cc coagul ant 15,34
NaxCO4/4000 cc coagul ant 1,2, 3

TABLE 4: Experimental datafor Al (SO,),.. (Mixingratein coagulation step=70r pm; mixingratein flocculation step=50r pm;
wastewater sample=4lit)

Run NaOH NaCO; Aly(SOs); Wastewater Temperature Total Alkalinity Total Hardness Clarified water CO, ’EC
cc cc Cc pH C ppm asCaCO3 ppm asCaCO3 PH ppmasCaCO3 uQ/cm
1 150 100 100 8.99 196 933.3333 5100 9.9 0.267265 62921.35
2 40 30 10 8.93 195 1200 6573.3333 104 0.108664 71161.05
3 15 20 10 84 19 3333.333 7140 10.65 0.16974 73408.24
4 15 10 10 8.6 191 3466.667 7933.333 10.8 0.124973 75655.43
5 150 200 100 9.14 195 1600 4306.667 104 0.778081 71910.11
6 160 120 40 8.99 198 1733.333 4533.333 10.75 0.070111 68164.79
7 60 80 40 8.99 196 933.333 4873.333 9.44 0.770799 73408.23
8 60 40 40 8.93 19.8 333333 5893.333 9.39 0.308875 73408.24
9 225 150 150 8.84 19.9 666.6667 3740 101 0.120452 68164.79
10 225 300 150 8.81 19.7 1200 1773.3333 1055 0.076928 666666.7
11 600 450 150 8.82 19.7 2133.33 453.33 11.44 0.00374 62921.30
12 400 300 100 7.7 20 2933.3333 2040 11.99 0.004748 65168.54
13 1275 85 85 8.6 18 933.333 2720 104 0.084517 66666.67
14 1275 170 85 8.7 17.8 800 2606.667 104 0.072443 65917.6
15 340 255 85 8.57 18 1066.667 2266.667 10.75 0.043145 64423.22
16 560 420 140 8.12 19.2 2366.66 643.333 9.52 0.076231 62353.21
17 80 60 20 8.23 195 1133.333 6014.6667 10.6 0.058623 70362.61
18 200 150 50 8.88 189 1566.6667 3566.666 10.32 0.031562 63223.44
19 280 210 70 8.69 19.42 1233.333 3055.3333 11 0.099532 66022.05
20 440 330 110 9.45 18.6 2766.6667 1856 112 0.084123 63223.44
21 460 345 115 9.42 19.94 2526.333 1243.6667 10.36 0.083175 63012.11
22 520 390 130 854 18.68 2166.6667 755 11.33 0.063213 63112.23
23 640 480 160 8.88 17.9 2033.333 575.2223 9.68 0.075845 60123.01
24 720 540 180 8.65 185 1800 721.333 10.2 0.0469523  59754.21

i CHEMICAL TECHNOLOGY
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Functions, Logica Operations, and If-Then Rules. A
network typestructureissimilar to that of aneura net-
work, whichleadsinputsthroughinput membership func-
tionsand associ ated parameters, and then through out-
put membership functionsand associated parametersto
outputs, can be used tointerpret theinput/output map.
RESULTSAND DISCUSSION

Experimental results

Tota hardnessremoval of effluent stream from de-
salination unitisconveyed in two pretreatment reac-
tors. Mgjor parameterswhich decrease theamount of
TH, CO, content and EC aremixer speedinfirst pre-
treatment step, type of coagulant and amount of co-
agulant. Also, experiments performed to find the opti-
mum ratio of Sodium Carbonateto coagulant and So-
dium Hydroxideto coagulant and theseratiosarein-
vestigated by experiments. 405 experimentsare done
for threemineral coagulantsand TABLE 3 summarizes
types of experimentsa so TABLE 4 shows some ob-

tained datafor Al,(S0,), justin 70 rpm mixingrate of

first pretreatment reactor. Resultsarevisudizedin Fig-
ure4and Figureb.

3500

—e—FeCl3=150 cc
3000 * —a—Fe2(S04)3=150 cc
\ —i—Al2(S04)3=150 cc
2500 NaOH= 150 cc
\ Na2C03=450 cc
2000 Mixing rate of second reactor= 50 rpm

| ———

——x

1500

1000

Total Hardness(ppm as CaCO3)

[52]
[==]
o

(=]

0 50 100 150 200 250

Mixing rate of first reactor(rpm)

Figure4: Effluenceof mixingrateof fir & pretreatment reac-
tor on TH for threecoagulants

Dataanalyzing reveal sthat decreasing total hard-
ness, eliminatingionseffectively so eectrical conduc-
tivity decreases, it seemswhen appropriateamounts of
NaOH, Na,CO, and coagulant are used, HCO3 s
consumed to form sedimentsso TH and CO, content
decrease and consequently EC decreases.

Figure4 visualizesthat Al,(S0,), isthemost ef-
fectivecoagulant comparingwith Fe,(S0,) and FeCl,.
Alsotota hardnessminimizeswhen mixingrateinfirst

9000

—+— NaOH/AI2(S04)3=4 Na2COB/A2(S04)3=3

8000
—=u— NaOH/A2(S04)3=1.5Na2CO3/AI2(S04)3=1

7000 ---a--- "NaOH/AI2(S04)3=1.5Na2CO3/A2(S04)3=2"

5000 —=e— "NaOH/AI2(S04)3=3 Na2CO3/AI2(S04)3=2"

5000

4000

3000

2000

Total Hardness (ppm as CaC03)

1000 { Mixing rate of the first reactor=70 rpm
Mixing rate of the second reactor=50 rpm

0

0 20 40 60 80 100 120 140 160
Amount of A2(S04)3 (cc)

Figure5: Influenceof amountsof NaOH and Na,CO_ on TH

pretreatment reactor is70 rpm. Mixing ratein thefirst

pretreatment reactor causes direct effect on coagula-

tion step, it must be adjusted in such valueto improve
breaking connectionsin coagulant compound and a'so

Improve proper ionsconjunctionsto perform coagula-

tion.

using Al,(S0,), ascoagulant, optimum val ues of
NaOH and Na,CO, which areadded into the solution
areconsideredin Figure>b.

Optimum characteristicsresulted in these experi-
mentsto meet minimum levelsof TH, CO, content and
EC areasfollowed.

a) Mixingrateinthefirst pretreatment reactor isequa
to 70 rpm, lower mixing rate doesn’t make enough
turbulencesin the solution to breaks connections
whilehigher mixingratethan 70 rpm refusesform-
ing effective connectionsto coagul ate so prevent
sedimentation.

b) Effectivetypeof coagulantisAl, (SO,),

c) 150 cc of coagulant isadded to 4000 cc of waste-
water.

d) Ratioof NaOH to coagulant isequal to 4 and for
Na,CO, isequal to 3.

€) Decreasing TH leadsdecreasing CO, content and
a so decreasing EC so monitoring TH can becrite-
riato predict EC valueand CO, content of effluent
wastewater. Theseareimportant to control corro-
sion damages.

So optimum data(influent va uesand effluent va ues)
arecarried out to optimizetheartificia neurd network,

CHEMICAL TECHNOLOGY
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TABLE 5: Experimental dataisused tooptimizeneural network

Par ameter Unit Value

Typeof coagulant e Alx(SO4)3

Amount of coagulant in each 4000 cc of wastewater cc 10, 20, 30, 40, 50, 70, 110, 150, 115, 130, 140,

sample 100, 85, 160, 180

. 40, 80, 120, 160, 200 280, 440, 600, 460, 520,

Amount of NaOH in each 1000 cc of wastewater sample  cc 560, 400, 340, 640, 720

Amount of NA,CO3in each 1000 cc of wastewater cc 30, 60, 90, 120, 150 210, 330, 450, 345, 390,

sample 420, 300, 255, 480, 540

Mixing rate in coagulation step rpm 70
thisisexplainedin next section. TABLE 5 showsdata gated by the same network and concluded that R?
that isused to optimizetheartificid neurd network. +(0.9996) > R%_, ... (0.999) > R?_(0.9966).

Neural network modeling results

Inthiscase study, gained experimenta dataare nor-
malized and randomi zed and then divided into training
(40%), testing (30%) and validation data(30%). First
theeffect of each input on each output ismonitored by
training networks. Then 12 different typesof neura
network are created and verified then the optimal per-
formanceisreveaed by
a Minimumrmse
b) Factor of correlation coefficient, R?, getscloseto

one.

Sensitivity analyzing

Threelayersnetwork with 10 neuronsin hidden
layer and tansig transfer function and trainlmtraining
functionistrainedtoinvestigate sengtivity andyzing.

TABLE 6 showsthe sensitivity of each output vari-
ablesto inputs, each input showsthe same effect and
has highest effect on TH. For CO, content R% .=

NaOH ™~

R% ocos (D> R?, (504 (0.9997) isvisualized and for
TABLE 6: Sensitivity analyzing
@ ) ©) : >
NaOH Na,CO; Alum 12 123
™ R2 1 1 1  0.9996 0.99983
rmse 0.0024 0.0078 0.0053 0.0210 0.0339
EC R2 09998 0.9998 0.9996 0.999 0.999
rmse 0.0132 0.0170 0.0190 0.0456 0.0298
o2 R2 1 1 0.9994 0.9966 0.9968
rmse 0.0021 0.0046 0.0229 0.0567 0.00587
2 = R2 2
EC, R = R? 00s (0.9998) > RZ, , - (0.9996)

isobtained. Higher amount of R2indicate higher sensi-
tivity.
Theeffect of additiveson each output dsoinvesti-

Also, effectsof threeinfluent indiceson each efflu-
ent parameter areshownin TABLE 6 and againthisis
shown that they predict TH, precisely. So predicting
TH vauesof effluent stream isdependant strongly on
threeinfluent indicesand experimental resultsalso indi-
catethis.

Networ k optimization

Accordingto the contributed algorithm the opti-
mum architectureand training function of neura net-
work isdetermined.

1) A multi layersfeed forward back propagation net-
work with three neuronsin input layer and three
neuronsin output layer isused.

Threetraining functionsareexamined for faster op-
timization and trainlmfindsbetter optimaand de-
creasesvaueof rmsemuchmorergpidly withtime
than traingdm and trainbfg functions. TABLE 7
showsthe performance of thetraining functions
according to theamount of rmse.
Usingtrailmwith fixed number of neuronsin hid-
den layer, three possible transfer functionsin hid-
denlayer and output layer areandyzedinfivetypes
of networks architectures. TABLE 8 showsthat
tansig functionin both hidden and output layer has
minimum rmseand maximum R2,

Thelast stepin network optimizationisfixing the
number of neuronsin hidden layer toreach lowest
rmseandadso gan proper paformancewithout time
consumption. TABLE 9 containsresultsof model -
ing of 6 typesof neural networks.

Figure6 and Figure 7 show acomparison between
calculated and experimental values of the output vari-
able (TH) for test and validation sets, using the opti-
mized neurd network mode with number of hiddenlayer

2)

3)

) CHEMICAL TECHNOLOGY
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TABLE 7: Performanceof network training functions

Neuron in hidden Network training

Hidden transfer

Output transfer

2
layer function function function RMSE R
10 traingdm Tansig tansig 854x10°  0.93211
10 Trainbfg Tansig tansig 2.25x10™  0.88614
10 Trainlm Tansig tansig 923x10®  0.99791
TABLE 8: Architectureof neural network
Neuron in hidden Network training Hiddentransfer ~ Output transfer 2
. . : RMSE R
layer function function function
10 trainlm Tansig tansig 9.23x10™ 0.99791
10 trainlm Logsig logsig 0.1220798 0.91262
10 trainlm Tansig logsig 0.1320765 0.87387
10 trainlm Tansig purelin 5.15x107 0.97362
10 trainlm Logsig purelin 3.21x10°° 0.99002
TABLE 9: Optimization of number of neuronsin hidden layer
Neuron in hidden Network training Hidden transfer Output transfer 2
. ) . RM SE R
layer function function function
8 trainlm Tansig tansig 1x10°® 0.99510
10 trainlm Tansig tansig 923x10®  0.99791
12 trainlm Tansig tansig 131x10™  0.95988
15 trainlm Tansig tansig 246x10™  0.99641
18 trainim Tansig tansig 3.602x10° 0.99456
20 trainlm Tansig tansig 1.10x107  0.99320
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& 70001 | é 7000 - .
©)] [&]
? A 2 6000 1
S 6000 \ - g
8 \ 8 5000t
£ 5000} \ 1 T
8 y = 1% + 0.0075 — i
P 4000 R2=0.9971 1 s
3 8 3000t .
S 30001 % . o
L 2000 + g
& 20000 |
1000 - i
1000F i
2 ) ‘ ‘ ‘ 00 2600 4600 6060 BObO 10000
% 2000 4000 6000 8000 10000 Experimental TH {ppm as CaGO3)

Experimental TH (ppm as CaCQO3)

Figure6: Comparison of theexperimental test datawith those
predicted vianeural networ k modeling

equal to ten, respectively. Obvioudy, calculated data
tracksexperimental onesvery well and correlation co-
efficient, R?, isclose enough to one. Figure 8 shows
CO, experimenta values and the precise prediction of
optimized network for CO, content. Also, Figure9 and

CHEMICAL TECHNOLOGY

Figure7: Comparison of theexperimental validation data
with those predicted via neur al networ k modeling

Figure 10 compareexperimental and predicted values
of ECand TH, respectively.
Thesuitablearchitecturefor prediction of effluent
performanceisdetermined to consist of ahidden layer
with 10 neurons with tansig transfer function. Also
trainlmshowsthebest performancein thisinvestiga-
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Figure12: Comparison between predicted CO, content by
ANFIS1and experimental data

tionwheninitia datadivided into 40% (training), 30%
(testing) and 30% (validating). TABLE 10 reports
Weight and Bias values which are obtained with the
optimized neura network.

Fuzzy interferenceresults

TABLE 11 showstypes of ANFIS modelswhich
areexaminedto predict trestment unit effluent qudities.
Number of layersand MFsand rules are determined
for optima modd.

Statisticscriteriawhich areused to show themodel

TABLE 10: Matricesof weights, | W: weightsbetween input and hidden layers; LW: weightsbetween hidden and output

layers
W
Neuron Variable Bi Neuron LW
NaOH Na2(CO3)  AI2(SO4)3 185

1 -1.3345 2.6985 -0.4639 2.9339 1 -1.2281

2 -0.1190 3.2331 -0.6928 1.5836 2 -1.8267

3 -1.3486 0.5628 0.4592 4.0818 3 6.2114

4 1.3974 1.3603 2.2730 5.1039 4 -2.8053

5 -0.8324 1.9868 -2.1414 -1.2313 5 0.2601

6 -0.8403 -1.8547 -3.7155 2.6674 6 1.0171

7 0.7875 -0.6412 -3.3781 2.6697 7 -0.8059

8 -0.7134 -2.5426 -2.0331 -2.8525 8 -0.8042

9 -0.6422 -1.7614 2.3629 -2.2570 9 0.0424

10 0.1735 -1.4767 2.6963 2.8603 10 -0.8283
bias  -0.9125

—————— CHEMICAL TECHNOLDOGY
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TABLE 11 : Architectureof ANFISmodds

Item 1 2 3 4 5 6
Basic structure
No. of total layers 5 5 5 5 3 3
No. of input and output layers 3 3 3 3 2 2
No. of nodes in hidden layers 6 6 6 6 6 6
No. of nodesin input layer 4 4 4 4 4 4
No. of neuronsin output layer 3 3 3 3 3 3

MFs Bell Bell Gaussian Gaussian Gaussian Bell
No. of MFs 2 4 2 4 2 4
No. of fuzzy rules 22 42 22 42 22 42

TABLE 12: Satistical indicesfor ANFISmodels

Effluent indices Statistical criteria 1 2 3 4 5 6
R 0.9669 0.9593 09664 09447 09072  0.9195
TH MAE 0.0473 0.0572  0.0583 0.0599 0.0726  0.0626
RMSE 0.0332 0.0358 0.0372 0.0396 0.0446  0.0416
R 0.9860 0.9800 09771 09773 0.8695  0.8999
Cco2 MAE 0.01321  0.0142 0.0181 00210 0.1103  0.1030
RMSE 0.2216 02235 02241 02258 02363 0.2213
R 0.7969 0.7424 07152 07011 05869  0.6690
EC MAE 0.0412 0.0441  0.0487 0.0511 01320 0.1011
RMSE 0.0946 0.0944  0.0924 0094 01912  0.1506
oo tiveeffectin predicting precisely. FinalyANFISLis
70000 A . sel ected asan optimal model to predict treatment per-
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Figure 13: Comparison between predicted EC by ANFI S1
and experimental data

performance arereported in TABLE 12. Comparison
between criteriafor ANFIS 3and ANFIS 5 also be-
tween NAFIS 2 and ANFIS 6 concludes increasing
numbers of hidden layers increases the accuracy of
ANFIS prediction so amounts of mae and rmse be-
tween experimenta dataand model resultsgetslowest.
Also Bdl membershipfunction actsbetter than Gaussan
and increasesamount of correlation coefficient. Com-
paring obtained resultsbetween ANFIS1 and ANFIS2
showsincreasing membership rulesdoesn’t show posi-

CHEMICAL TECHNOLOGY

formance.

Figure 11 shows ANFIS1 results versus experi-
mental amountsof TH and indicatestheexcd lent agree-
ment, Figure 12 shows comparison between ANFIS1
predicted values of CO, content and experimental data
and they show somehow a good agreement. Good
agreement isobtai ned between experimental amounts
of EC and predicted onesshownin Figure 13.

CONCLUSIONS

Theinfluence of the main parameters of the pre-
treatment processon thefinal valuesof total hardness
isevauated experimentaly. Ontheother hand, the pre-
dictionsof themain system outputsof atreated waste
asafunction of initid characteristics(optimized amount
of NaOH to coagulant, Na,CO, to coagulant and Al
(S0,).), areperformed using neura networks. Accord-
ing tothisinvestigation bellow resultsare obtained:

1) Thebestof coagulant isAl(SO,),and thebest mix-
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ingrateinfirst pretrestment reactor is70 rpm, lower
gpeed can’t break coagulant connections properly
and higher speed can’t make effective collision to
form sedimentsand removetota hardness.

2) Thisisbeneficia to useamountsof additivescon-
sidering theamount of coagul ant so the optimum
valuefor NaOH to coagulant and Na,CO, to co-
agulantis4and 3, respectively.

3) Inoptimum operating conditions, total hardness
decreasesto 453.33 ppm as CaCO,, Also el ectri-
cal conductivity and CO, content reaches minimum
levelsand 62921.3 and 0.00374, respectively.

4) Theoptimized Multilayer neural network consists
of tangent sgmoid transfer functioninhidden layer,
and asoinoutput layer. The number of optimized
neuronsis 10inthe hidden layer and Levenberg-
Marquardt agorithm asnetwork training function.
Obtained mean squared error is g g1x10¢ and
correlation coefficientis0.99791 so thisneura net-
work modeling could giveexcdlent agreement with
experimentd results.

5) Theoptimized Multilayer ANFIS consists of five
layerswith six neuronsin two hidden layers, two
Bell typemembership functionswithfour rules.

6) Optimized ANN predictionsaremore precisethan
optimized ANFISresults. ANN showslower rmse
withexperimentd data

7) Theoptimized neurd network can beusedto pre-
dict theefficiency of pretreatment process of de-
sdinationeffluent, generdly.

8) Predictionsof optimized neural network can be
appliedfor optimization purposesfor pretreatment
unitsand a so for forecasting performance of zero
dischargedesdination plants.

9) Resultsareagpplicablefor control engineers, corro-
sion engineersand processengineers, chemicd and
environmenta engineers.
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