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Disinfection-By Marquardt algorithm was used for training the netnaiructures. It is noted that the b
Product, validation performance depending on the mean sqelaoe was 62.8539 at epoch .
Trihalomethane, The simulated result tracked the measured dataughrca regresion plot with a
Artificial Neural correlation coefficient of 0.95842, 0.94717 and33&0 for training, validation and te
Network, respectively. With respect to simulated testing thedel demonstrates gre
Graphical User performance in predicting the trihalomethane foramatin chlorinated wter. It is
Interface, Modeling, concluded that the artificial neural network gefigris better than the multiple line
Water Treatment. regression for forecasting trihalomethane forma

Introduction

The most significant process in the treatment ofkiing water supplies is disinfection as it elinties or
deactivates pathogenic microorganisms that areonssigle for producing waterborndseases for instance
typhoid, dysentery and cholef@&hite, 1992. It generally agrees that chlorination is a wideted techniqu
for disinfection because of its very efficient acms-effective propertie¢Abdulla, 2003. Nearly all water
treatment plant operators in Iraq likewise use rchéofor water disinfection purposes. However,ds tbeet
discovered that using of chlorine as a disinfeczamised potential health riskue to the formation of
halogenated organic compounds which causes casmimdgnown as disinfection by products (DE
(Rook, 1974) (Bellar, 1974)Among disinfection by product that was found chlorinated water,
trihalomethanes (THMs) have been the concentratibrertain attention because they are consid
potentially carcinogenic for the blad: (McGeehin, 1993).

The hazardous classes for differdisinfection by products among THMs, HAAs and iraorig DBPs
CHCl;, CHBL,C1 and CHBy defined by The United States Environmental PradectAgency wert
classified as possible carcinogens to human b (EPA, 2002) (Cantor, 1987 oncerning about heal
risks linked with trihalomethane have imposed mdeayeloped countries to set a maximum acceptabéd
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for trihalomethane concentration in drinking wasetpply (Rodriguez, 2003) (Milot, 2000). The Rule of

Disinfectant/Disinfection by Product (D/DBP) devedal by the US EPA in 1998 that is setting a maximum
contaminant level of 80 pg/L for trihalomethanediiinking water supply (EPA, 1998). Furthermore, the
most of the European countries controlled trihalihvaee in their drinking water at the maximum wadsel

of 100 pg/L (EECD, 1997).

It is highly required that to monitor the faation of trihalomethane during water treatment psses.
The modeling of trihalomethane involves forming ampirical or mechanistic relationship between
trihalomethane level in treated water and the guali water and operational control parameters afew
treatment such as; temperature, pH and appliechiokine dose. Raw water chlorination was used for
development of model equations not chlorinatiortredted water because it is considered most apgptepr
(Chowdhury, 1999). Numerous models were developetitérature to improve predictive equations of
trihalomethane based on reaction kinetics of desitibn by product formation. Progressed developroént
new models by (Elshorbagy, 2000), (Golfinopoulo®98), (Gallard, 2002), (Abdulla, 2003),(Sohn,
2001),(Golfinopoulos,2002), and (Milot,2000) havartiipated in analyzing the effect of water
characteristics on trihalomethane formation meatendptimizing the process of coagulation that taivior
treatment of water.

It has been pointed out by (Milot, 2000) thia¢ tmost of the models published are empirical aed a
depended on statistical regression equations pireglithe level of trihalomethane from the number of
operational control and water quality characteristEven though regression based models have egveal
acceptable predictive amount of trihalomethane &ion, it is still not free from lack of consideat of
non-linear and very complex interactions betwed#ratbmethane and operational parameters in one hand
and trihalomethane and water quality parametetth@mther hand. Saeed and George (2012) investigate
Feed-Forward Artificial Neural Networks for cracHentification and estimates and turbine operating
conditions in Francis Turbine type. Al-Suhili ancin (2015) used artificial neural networks to fraast
daily inflow for Dukan reservoir. Maier and Dand®000) highlighted the capability of artificial nalr
network in several modeling fields such as sohdlagsification problems and evaluating raw watealigy
Heller and Singh (1994) used artificial neural matefor predicting the demand of urban water. Jbale
(2000) stressed the ability of artificial neuraltwmerk in establishing coagulation dosage. Hashewh an
Hassan (2005) concluded that the artificial nenedvork well predicts the residual chlorine deaayvater
distribution system.

In recent decades the modeling of trihalome&kan drinking water supplies has gained muclreste
The capability of artificial neural network in mditgy both complex and non-linear problems lead the
researchers to utilize this approach in predictrifgallomethane formation in water chlorination. Tdim of
this paper is to weigh the validity of a currenpagach of non-linear modeling, known as Artifichéural
Networks, to predict the concentrations of trihaddhane formation under conditions of controlled
chlorination. Artificial Neural Networks will be eluated via comparing with the results of trihaldimase
predicted by multiple linear regression technidué worth noted that the developed model depamdthe
database published by Uyak et al. (2005).

Materials and Methods
A. Processof Simulation

To evaluate the utility of artificial neurattwork (ANN) for modeling of trihalomethane fornati both
ANN and multiple linear regression models are resgli The development of this model is based on the
database of independent experimentation developédilak et al. (2005). The statistical distributiohraw
water quality parameters and processed water edilibr model development purposes are presented in
Table (1).
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Table (1). Statistical distribution of raw wateradjty parameters and processed wate(Uyak, 2005)

Variables Sample# Minimum  Maximum Mean dStandgrd
eviation

TOC, mg/L 74 4.20 6.20 4.8¢€ 0.66

pH 120 7.10 7.90 7.4F 0.31

Applied Cl,, mg/L 112 2.82 6.75 4.51] 1.39

Temperature, °C 124 7.20 22.70 15.2: 5.68

THMs of processed water, ug/L 96 48.0 102.0 68.7 18.0

B. Description of ANNsand MLRs

A Multiple Linear Regression Analysis is a v-recognized technique of modeling methodology use
various fields of interested researches which tab#ishing the power of a linear correlation betwex
dependent variable and a set of independentbles (Menard, 1995Rodriguez, et al. (2003) described
equation illustrating the relationship between afles as shown in the following froi
Y =X By + Xit1 BiXi (1)
Where Y represents the dependent variable, Xiagrtlependent variables with m indicating the nunas
independent variables considerggl,representing the intercept afidis the coefficient of partial slog
which provides a partial prediction to the corresing value of Y. The ordinary least square mettx
generally used to estimate the parameters of nhilifear regression model which is resulting iima that
the sum of squared vertical distances were minimized the predicted data to the li(Neter, 1990).

Artificial neural networks are a modeling strateggymulated by training system of brain’s nervouke
capability of the model to learn from the example of providedadttat illustrate either a physic
phenomenon or a decision procéBsimelhart, 1994)An Artificial neural network model delivers spgci
theoretical advantages over tragiital techniques like a multiple linear regressioomprising its gree
capability for generalization and its improved talece to very noisy de (Hammerstrom, 199. An
artificial neural network comprises of neurons whicetegorized into firstly, an input layer which
receiving the input data; secondly, one or morediidayers which is processing data; and finalyoatput
layer which is producing the output of the netwdvlany structures of artificial neural netwchave been
suggested and discovered since the 1960s. Amomyg tifie mult-layer feedforward networks with bac-
propagation training algorithms is the most redsencand widely used structures in both hydrologg
water resources phenomeftaovindaraju, 200(. The typical topology that is considered in thisdy is as
shown in Figurel.

Meural Network

Hidden Layer Qutput Layer
-TOC, mg/l
-pH | -Trihalomethane
-Applied Cl,, mg/l pe/fl
-Temperature, °C

Figure 1: Schematic diagram of Artificial NeuraltWerks
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“The nodes of one layer are connected to the noflasother layer with connection weight, but theg aot
connected to nodes of the same layer. Thus, eatdhina layer receives signals from nodes of te®ipus
layer with connection weights, adds the weightgauia of all nodes, converts the weighted sum imto a
output signal, and transmits the output signalh® modes of the following layer” (Hashem, 2007)eTh
known input and target values are used to optirthizeconnection weights between nodes via an iterati
process and error-minimization approach, in ortat the network generates outputs very close oalgqu
the well-known target values. This process is dledanetwork training. The training network assoeth
with an enhanced set of connection weights is dygilied to the data set for validation purposescivliis
estimating the output.

The network layout where data flow is in sendirection is called the feed-forward network. Gansely,
where the estimated error between the target valo@srtificial neural network predicted valuesvight is
named the feed-forward with back- propagation nétwdhenntool graphical user interface obtained in the
Neural Network Tool box of MATLAB Software was ltiéd to generate artificial neural network model
(MathWorks, Inc. 2010a). The model of artificialunal network is best implemented compromising ofrfo
inputs such as total organic carbon (TOC), pH, tnapre and applied chlorine dose, single outputhwis
trihalomethane through one hidden layer consisting0 hidden elements which required a learning cdt
0.1 with momentum of 0.001, and epochs 1000 witlkimam fail 50.The predicted value of a neuron can
be expressed as:

predict = f(n) (2)
—_ \Vk

Wheren = Y5, w; x; + b (3)

Where:xq, x5, ......., x; are the input signalsy;, wo, ......., w; are neuron weights, is value of bias, and

f(¥) is an activation function.

Both linear and sigmoid activation functions aresb@dmmonly used in the construction of artificiaural
network.
Linear activation function has form:

f(n)=n (4)
An example of the sigmoid is the hyperbolic tandanttion (Haykin, 1999):

1—e™
1+e~7

fn) = (5)

C. Creating trihalomethane predict model with MATLAB

Via typing innntoolin the command window of MATLAB, the user will @ntthe main page of the neural
network Graphical User Interface GUI (Figure 2 thetwork/Data Manager.
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-
4\ Network/Data Manager
- e e e = 3
b Input Data: m Metworks e | Qutput Data:
@ Target Data: w Error Data:
>J Input Delay States: ) Layer Delay States:
I a Import. H ,: MNew.. l D Opgen... | & Export. M Delete | | @ Help ” @ Close l

Figure 2: Main Page of Graphical User Interface ([GU

To start with, both input and target (output) date imported in the main page of Graphical Usesrfate.
The input variables are set at 4 and output vaggalil Then, click New icon from main page of GUI to
construct a new network model as shown in Figureéegd-forward backdrop was selected as the Network
Type. The number of neurons in the hidden layer set$o 20, and TANSIG as the neuron transfer fanct

of the hidden layer. It is worth noted that Puréfirchosen as the transfer function for the neuddrthe

output layer. Figure 4 present an example of canttd model which will be trained and tested wimple
data.

¢ Create Metwork or Data e = .|

Metwork | Datal

MName

networkl

MNetwork Properties

Metwork Type: Feed—forwa!d-backprop -

Input data: (Sefect an Input)
(5

Target data: elect a Target]

Training function: - TRAIMLM =)
Adaption learming function: i LEARMGDM
Performance function: | mse -
Mumber of layers: 4

Properties for: [ Layerl - _-

Mumber of neurons: |20

Transfer Function: | TAMSIG -

| | ¥ Restore Defaults ]
@ l ':,_:r Create | [ a Close |

Figure 3: Generating new network
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Neural Network

Hidden Layer Output Layer

Output

20 1

Figure 4: structure of created network

D. Application of Artificial Neural Network to predict THMs

Feed-forward back propagation training aldgwnt was used throughout this study to predict
trihalomethane formation in a water treatment plaiis is done via correlating the relation betwegut
data which are covered of TOC, pH, applied &d temperature and output data that is consisted o
measured trihalomethane. The structure of artificeural network (ANN) was identified based on &ipr
research done by ZHAO and et al (2007). In additiat several trials were attempted till achieving best
regression outcomes with free from over-fitting d$égure 4. The network properties were selected as
follows:

Network input: TOC, pH, Applied gand Temperature.

Network output: Trihalomethane (THM) concentrations

Network type: Feed-forward back-propagation.

Training function: Levenberg—Marquardt algorithnRAINLM).

Adaptation learning function: Gradient descent withomentum weight/bias learning function
(LEARNGDM).

Performance function: Mean square error (MSE).

Number of layers (input layer): 4

Number of hidden layer: 20 neurons.

Transfer function; hidden layers: TANSIG.

Transfer function; output layer: PURELIN.

Data were randomly divided into three subsets suahtraining: 75%, validation: 15% and test: 15%.

Results and Discussion

It is seen from figure 5 that the values of thedggat as well as the validation checks number wtized

to stop training of the network. The magnitude Hdient was equal to 4.3634 when the number oflepoc
reached 55 iterations, meaning that the trainingstop as gradient reached below 10e-10, the atdd
checks number was equal to 55; which is believed an appropriate value for stopping a trained network.
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Figure 5: Training State plot of predicted ANN mbc

As it is presented in figure 6 tiperformance plot demonstrates the magnitude ofuthetion with respect t
training, validation and testing behaviors agathst epoch which is known as iteration humbershitvws
that the best validation performance dependinghemtean squa error was 62.8539 at epoch 49. No me
problems and ovdfitting were occurred since the validation and test/es are very simile

Performance (plotperform) = =1 =2

Best Validation Performance is 62.8539 at epoch 49
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Figure 6: Performance plot of predicted ANN ma
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Figure 7: Regression plot of Training, Validatiamdar est for THMs using AN

Figure 7 shows the regression plot of trainingjdalon and test behaviors. In order to determime
relationship between the outputs of the network ismthrget an analis of linear regression is required
be conducted for training, validation and testige dashed line that is shown in each plot reptesée
exact outcome, meaning that output is equal teetargeanwhile the solid line matches the bestffiinear
regression. An exact linear relatiship is reached as ¥alue which is a correlation coefficient approac
to one. The result of regression plot-Value) were 0.95842, 0.94717 and 0.93369 for tnginvalidatior
and test respectively. Hence; dilose results were matching to a whole response9&3Q7. Then th
generated model can be used to predict the paraofetighalomethane through new inputs of TOC, il
°C and applied GI Hashem and Karkory (2007) conducted a similagaesh that is sed artificial neural
network to predict trihalomethane formation in ciiated water of Libya. The study found thé® for
whole results are 0.983 between the predicted asabured date of trihalomethane using input parasy
Applied chorine dose (¢l Total organic carbon(TOC), water pH, U-violet (UV), water temperature (T
Bromide concentrations (Br), and reaction time bfodne residual in water (t). The current st
demonstrated that it is possible to forecast toimathane formation vh access to input parameters suc
TOC, pH, applied Gland T with a correlation coefficient of 0.9532wlas seen that the measured dat
trihalomethane was very much close to the predicia@ that calculated from the model configurat
hence; tie validity of this model was remarkably confirmdegure 8 presents the results of measi
trihalomethane and predicted trihalomethane usialgipfe linear regressions. Uyak et al. (2005) pedhout
that the predicted trihalomethane curve in mosés overlapped the measured trihalometh The resultant
of linear regression model is as foll

THMs = 7.07x1072(TOC + 3.2)13(pH4.0)1*¢(dose — 2.5) %197 (temp. +10)°7%4 (6)

Where TOC is total organic carbon in mg/l, the dsg@e chlorine in mg/l, temp. is temperature@:
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Figure 8: Measured and Predicted magnitudes of THjswultiple linear regression (Uyak, 20

Figure 9 compared the results of measured omethane with the predicted outputs of trihalomet¢hasinc
both multiple linear regression that were acquired from the database of Uyak and others,2005; and artificial
neural network. It is apparent that estimationritfalomethane using ANN modeling considerably more
accurate than predicted trihalomethane which imaséd using multiple linear regressic
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Figure 9:Measured and Predicted values of THMs using MLR ANMs
Conclusions

This study implemented the bepropagation neural network technology and graphicsdr interfac
function of MATLAB to obtain an easier and quickeredicted of trihalomethane of chlorinated wa
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Varying in TOC, pH, Temperature and applied chlerilose have directly influenced concentration of
trihalomethane formation in processed water. With tuse of artificial neural network approach, it is
possible developing a model that simulates andigteethe trihalomethane during water treatment tplbm
this research ANN model for predicting of trihaldimne formation and comparing results with MLR was
conducted. It is expected that the majority ofdliimethane formation models published in literatare
based on multiple linear regressions modeling tiegl therefore; the performance of such modellmn
considerably enhanced with the use of artificialraé network as substituted method for modeling
trihalomethane. The result of regression plots @ue) were 0.95842, 0.94717 and 0.93369 for trginin
validation and test respectively. Hence; the depedoartificial neural network demonstrated a wigted
function. The outputs of this study confirmed t&N is a suitable alternated approach over MLR for
modeling THM formation in a water treatment platis worth noted that this results is compatiblighw
Hashem and Karkory (2007) research paper.
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