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Abstract 

Chlorination in wastewater treatment is regarded as a complicated process due to its 

ammonia and nitrite content. Chlorine added to such systems reacts with ammonia 

undergoing episodes of complex reactions, resulting in the chlorination breakpoint 

behavior. Most of the available chlorination mechanistic models are not easily applied 

which have restricted their practical utilization in treatment plants. In this study, a new 

mechanistic model for the chlorination breakpoint in an ammonia-nitrite system was 

developed with a user-friendly interface designed to be applicable to conditions 

occurring in wastewater treatment plants. The model was validated against laboratory 

studies reported in the literature and was also applied to forecast the chlorine residue in 

a wastewater treatment plant in the region. The model simulated both experimental and 

field data with high precision. Using the devised model, a full 43 factorial design was 

carried out to investigate the main effects of ammonia, nitrite, contact time, and their 

interactions. The outcome of the factorial designs has shown that as the ammonia 

proportion increases in the system, its effect prevails and diminishes that of nitrite. The 

carried out studies showed that this phenomenon occurs at ammonia/nitrie (A/N) ratio 

of 3. Artificial Neural Network modelling (ANN) was also applied to forecast the doses 

at which maximum and minimum total residual chlorine (TRC) of the breakpoint curve 

occur based on data generated using the developed model. ANN modelling was then 

integrated with fuzzy logic control (FLC) to optimize the chlorination process by 

minimizing its cost and maximizing its efficiency while operating within the plant’s 

budget. The developed FLC platform was applied to the Jebel Ali wastewater treatment 

plant and was able to improve the disinfection quality and reduce chlorine gas 

consumption by 18.18 %.      

Search Terms: Chlorination; Disinfection; Breakpoint chlorination; Ammonia-

Nitrite system; Fuzzy logic control; Artificial neural network modelling (ANN). 
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Chapter 1. Introduction 

1.1. General Background 

Recently, the implementation of disinfection in water and wastewater treatment 

has been regarded as the major public health measure as it is responsible for a huge 

reduction in waterborne diseases worldwide. The most commonly used disinfectant for 

water and wastewater treatment worldwide is chlorine [1]. Not only employed as a 

primary disinfectant in water and wastewater treatment processes, chlorine is also 

added to provide a minimum disinfectant residual to maintain the water quality 

throughout the distribution system [1]. Although the chemistry of the chlorination 

process is fundamentally the same in water and wastewater treatment, the reactions 

differ owing to the various interfering substances, organic and inorganic, that exist in a 

considerable amount in the wastewater discharge and exert an extra chlorine demand 

or impair the bacterial efficiency of the added chlorine [2]. The most important among 

these interfering substances are ammonia and nitrite forms of nitrogenous compounds 

[3].  

The behavior of chlorine in ammonia contaminated water is described through 

a series of reactions, often called as “Breakpoint Chlorination”, which were discovered 

in 1940’s in the course of a research attempted to destroy ammonia in wastewater or 

natural water and accomplish disinfection via free chlorine residual [4]. The finding of 

the breakpoint chlorination then led to the discovery of chloramine as a possible 

disinfectant [5].   

Although monochloramine, one of the products of chloramination process, is 

considered as a more stable disinfectant than free chlorine and more importantly a by-

product free disinfectant, it’s not yet widely implemented owing to the poor 

understanding of the breakpoint chlorination profile and its changing behavior in the 

existence of different water quality or operating process parameters [6].    

This is partially because the formation of chloramines is followed by a 

subsequent decay involving complex series of chemical reactions [7]. The lack of an 

easy to implement approach to model and forecast the changing breakpoint behavior 

resulted in the limited use of monochloramine and also lead to the deficient prediction 

and control of free chlorine disinfection in the presence of ammonia [8]. This difficulty 

in modellingand hence optimizing the chlorination performance can be linked to 
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various problems commonly recognized at wastewater and municipal water treatment 

facilities, starting from the acute odor up until the toxic disinfection by products 

(DBP’s) [9].   

1.2. Thesis Objectives 

The aim of this work is to establish a real-time control approach to optimize the 

chlorination process for wastewater and municipal water effluents where fluctuating 

ammonia and nitrite content exists. This is accomplished through achieving the 

following sets of tasks and objects:      

 Mechanistic model development and validation of breakpoint chlorination 

in the presence of nitrite. 

 Performing factorial design analysis to explore the effect of ammonia, 

nitrite, contact time, and their interactions on the breakpoint chlorination 

profile. 

 Deploying the devised model to develop an artificial neural network (ANN) 

model that facilitates system characterization for the chlorination process. 

 Developing control logic to optimize the disinfection process maximizing 

its efficiency and minimizing its cost within the plant’s budget. In essence, 

this provides a tool to alternate between free chlorine and chloramine 

disinfection based on the effluent quality while residing within the treatment 

facilities’ budget.  

1.3. Thesis Organization 

This research work is presented through six chapters.  

 Chapter one presents a general background about the research topic and its 

significance, and provides the sets of aims and objectives of the research.   

 Chapter two presents literature review about the current disinfection 

processes, with a main focus on chlorination technologies. The chemistry 

behind chlorination process is also discussed, including the chlorination 

reaction with ammonia “Chlorination Breakpoint”.   

 Chapter three addresses the development of the chlorination model, and 

validation. A thorough summary of the previous chlorination modelling 
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attempts is presented. Details of the reactions scheme and the setup of the 

mathematical model is illustrated in the chapter along with the algorithm of 

the model. The model is then validated in two levels; against the data 

obtained from a sewage treatment plant in the region, and using 

experimental data addressed in literature.   

 Chapter four utilizes the developed model to examine the dynamic behavior 

of the chlorination system with respect to different parameters; level of 

ammonia, contact time, and nitrite content. This is achieved through four-

level full factorial designs. A reflection on the results is given on the basis 

of the developed reactions scheme.  

 Chapter five is divided into two main sections. In the first,a feed-forward 

ANN modelling is presented as a tool for system characterization. A novel 

control scheme based on fuzzy-reasoning for chlorination optimization is 

put forward in the second chapter. The control framework is then applied 

retroactively on historic data from existing sewage treatment plant to 

appraise the performance of the devised control scheme.  

 Chapter six encapsulates the findings of the research work, and provides 

possible suggestions and recommendations for future extensions. 
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Chapter 2. Disinfection Literature Review 

2.1. Water and Wastewater Disinfection 

2.1.1. Disinfection in water treatment  

Since the inception of water disinfection regulations, delivering safe water have 

been a focal point. This includes different protection levels including: source water 

protection (surface and ground water sources), optimizing water treatment plant 

processes, and proper maintenance of the distribution system [7-10].   

In every level of the treatment process, providing an adequate disinfection is 

crucial [1-5]. The Surface Water Treatment Rule (SWTR), stated in 1999 that 3-log 

cyst pathogens or inactivation, equivalent to 99.9% removal, is mandatory for safe 

drinking water consideration [3]. In well-operated treatment plants, conventional 

treatment processes can achieve a maximum of 2-log removal, leaving the remaining 

for the disinfection process [11]. In addition, disinfection is crucial for the proper 

operation of certain processes like the filtration [11]. Disinfection is required to 

eliminate the algae from the filtration pipelines, and to ensure a clean distribution 

system [11].   

2.1.2. Disinfection in wastewater treatment 

The discharge of wastewater treatment plants is mainly received by a natural 

receiving body, which is often utilized as a water supply sources for downstream 

communities [8]. Typically, domestic wastewater is rich in different microorganisms 

and pathogens, introduced through the human and animal fecal discharge, which 

necessities   an adequate disinfection is a vital process to limit the infectious diseases 

[7]. An adequate disinfection that meets the guidelines and the standards remains the 

only protection for recreational users [7-9]. 

Chlorine is hydrolyzed and ionized upon the addition to water producing the 

free chlorine that performs a rapid disinfection action due to its high reactivity [10]. 

The effectiveness of chlorine disinfection is influenced by different processes, and 

environmental and water quality conditions. The proceeding sections shed the light on 

the most important aspects of wastewater chlorination and the interfering substances 

that may affect the chlorination process.   
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2.2. Disinfection Technologies 

Historically, the most commonly used disinfection process for water and 

wastewater treatment that made the greatest impact in the preclusion of waterborne 

diseases worldwide is chlorination [12].  

Ozonation is one of the very effective disinfection methods [13]. Ozone is 

mainly used for removing organic micro pollutants to reduce the microbiological 

challenges to downstream disinfection.  

Chlorine dioxide (ClO2), is also an alternative primary disinfectant, which is 

also effective in removing taste, odor and color. However, the concerns of its inorganic 

byproducts formation, particularly chlorite and chlorate, it is then recommended to 

apply chlorination or chloramination after ClO2 pre-oxidation which limits its use [14]. 

Ultraviolet (UV) irradiation, is another disinfection methodwhich is 

increasingly being used worldwide, to minimize the potential formation of disinfectant 

by products [15]. While the main intention of implementing UV is to avoid byproducts 

formation, it is also used due to its ability to effectively inactivate cryptosporidium 

and other pathogenic protozoa. Likewise UV irradiation, ozonation does not leave any 

residuals in the distribution system and consequently it is usually combined with a 

residual generating chemical disinfectant [16]. 

2.3. Chlorination Chemistry 

2.3.1. Chlorine reactions in water 

All forms of chlorine, whether it is gaseous or ionic form, is addedtowater to 

ultimately releasetwocompounds which are known as “free available chlorine” (FAC): 

namely hypochlorousacid andits disassociated form, HOCl and ClO–respectively 

[17-18]. Hypochlorous acid is more reactive than its dissociated form, 

hypochlorite ion, and is a stronger disinfectant and oxidant[19-20]. The reaction 

of the dissociation of most common chlorine compounds, chlorine gas, sodium 

hypochlorite, and calcium hypochlorite, are shown below, respectively [21].  

𝐶𝑙2(𝑔)
+ 𝐻2𝑂 →  𝐻𝑂𝐶𝑙(𝑎𝑞) + 𝐻+

(𝑎𝑞) +  𝐶𝑙−
(𝑎𝑞) (1) 

𝑁𝑎𝑂𝐶𝑙 +  𝐻2𝑂 →  𝐻𝑂𝐶𝑙(𝑎𝑞) + 𝑁𝑎+
(𝑎𝑞)  +  𝑂𝐻−

(𝑎𝑞) (2) 
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𝐶𝑎(𝑂𝐶𝑙)2 +  2𝐻2𝑂 →  2𝐻𝑂𝐶𝑙(𝑎𝑞)  +  𝐶𝑎2+
(𝑎𝑞) + 2𝑂𝐻−

(𝑎𝑞) (3) 

2.3.2. Chlorination breakpoint 

Earlier, since the beginning of disinfection processes, chlorine   was used 

exclusively for water disinfection purposes. However, chlorine-ammonia treatment was 

later introduced in order to hinder the occurrence of excess taste and scents 

accompanying disinfection by chlorine [22]. The commencement of “breakpoint 

chlorination”, and the acknowledgement of the fact that chlorine residuals could 

actually occur in two different models, introduced modern terminology of water 

chlorination [21]. Instead of disinfection through free chlorine, disinfection through 

monochloramines (i.e. combined chlorine, is introduced [21].  

In the absence of ammonia or nitrogenous compounds, water chlorination 

would have been a lot easier. The reactions involving chlorine, ammonia, and other 

nitrogen-based compounds produce unique class of compounds known as chloramines 

[22-23]. The interaction between chlorine and ammonia nitrogen results in three distinct 

types of chloramines [23]: 

𝑁𝐻3  +  𝐻𝑂𝐶𝑙 <=> 𝑁𝐻2𝐶𝑙 (𝑚𝑜𝑛𝑜𝑐ℎ𝑙𝑜𝑟𝑎m𝑖𝑛𝑒)  +  𝐻2𝑂 (4) 

𝑁𝐻2𝐶𝑙 +  𝐻𝑂𝐶𝑙 <=> 𝑁𝐻𝐶𝑙2 (𝑑𝑖𝑐ℎ𝑙𝑜𝑟𝑎𝑚𝑖𝑛𝑒)  +  𝐻2𝑂 (5) 

𝑁𝐻𝐶𝑙2  +  𝐻𝑂𝐶𝑙 <=> 𝑁𝐶𝑙3 (𝑡𝑟𝑖𝑐ℎ𝑙𝑜𝑟𝑎𝑚𝑖𝑛𝑒)  +  𝐻2𝑂 (6) 

2𝑁𝐻2𝐶𝑙 +  𝐻𝑂𝐶𝑙 <=> 𝑁2 + 6𝐻𝐶𝑙 + 𝐻2𝑂 (7) 

The temperature, contact time, original chlorine to ammonia ratio, and even the pH of 

water, all determine the competition existing between the above reactions [5, 10, 20]. 

Mono-chloramine and di-chloramine are usually the two most prominent species 

among chloramines. The total quantity of all chloramines is referred to as “combined 

available chloramine” (CAC); while the total of the FAC and CAC is referred to as 

“total residual chlorine (TRC)”[22].  

The relationship between the added chlorine, chlorine dose, and the residual 

chlorine resembles sinusoidal curves, referred to as chlorination breakpoint curve. A 

typical breakpoint curve is shown in Figure 1 [23]. 
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The breakpoint curve is characterized by three defined zones. The prominent 

reaction in the first zone involves chlorine and ammonia, as illustrated in equation 4 

[24].In this case, the main component of the chlorine residual is monochloramine. 

Theoretically and according to Figure 1, the maximum of total chlorine exists at a 5:1 

chlorine to ammonia weight ratio, which is equivalent to 1:1 molar ratio [24-29]. As 

this ratio begins to surpass 5:1, the reaction in equation 5 begins, and dichloramine is 

formed in zone 2. The breakpoint refers to the dose, upon which ammonia gets 

thoroughly oxidized, while the residual chlorine gets minimized, which occurs at 

theoretical chlorine to ammonia ratio of 7.6. Most forms of chloramines get oxidized at 

this point with a very minimal quantity of chlorine residual left in the water [23]. As 

more chlorine is added, the breakpoint is surpassed and free chlorine predominates in 

the water, which is characterized by zone 3 in the diagram. Dichloramine and 

trichloramine may exist but only in minute quantities and any rise in the dose of chlorine 

at this particular zone, will lead to an equivalent rise in the free available chlorine [23]. 

Figure 1. Typical theoretical breakpoint curve and its defined zones [23] 
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2.3.3. Chlorine demand 

Chlorine demand is defined as the variation between the quantity of chlorine 

introduced into the water, referred to as the chlorine dose, and the quantity of chlorine 

remaining in the water, after a particular contact time, i.e. the residue. Inorganic ions 

existing in the watermay react vigorously with chlorine, triggering its efficiency and 

thus requiring an initial chlorine demand.The most common among these ions and 

theirdemand of chlorine are itemized inTable 1[24]. 

Table 1: Chlorine demand due to inorganic ions [24] 

Ion Reactions with Chlorine 
Deman

d (mg 

Cl/mg 

ion) 
𝑭𝒆𝟐+ 2 𝐹𝑒2+ + 𝐻𝑂𝐶𝑙 + 5 𝐻2𝑂 → 2 𝐹𝑒(𝑂𝐻)3 (𝑠) + 5 𝐻+ +  𝐶𝑙− 0.64 

𝑴𝒏𝟐+ 𝑀𝑛2+ + 𝐻𝑂𝐶𝑙 + 𝐻2𝑂 →  𝑀𝑛𝑂(𝑠) + 3 𝐻+ + 𝐶𝑙− 
1.3 

𝑯𝑺− 
𝐻𝑆− + 𝐻𝑂𝐶𝑙 →  𝑆(𝑠) + 𝐻2𝑂 + 𝐶𝑙− 2.1 

𝐻𝑆− + 4𝐻𝑂𝐶𝑙 →  𝑆𝑂4
2− + 5 𝐻+ +  4𝐶𝑙− 8.8 

𝑵𝑶𝟐
−

 𝑁𝑂2
− + 𝐻𝑂𝐶𝑙 →  𝑁𝑂3

− + 𝐻+ + 𝐶𝑙− 5 

𝑪𝑵− 𝐶𝑁− + 𝐻𝑂𝐶𝑙 →  𝐶𝑁𝑂− +  𝐻+ + 𝐶𝑙− 2.73 

 

After dosing the wastewater pipelines with chlorine, readily oxidized 

compounds such as Mn+2, HS-, NO2
-, and available organic matter interact rapidly with 

chlorine decreasing its residual. This results in initial chlorine demand, which causes a 

deformation of the chlorination breakpoint curve, as depicted by Figure 2 [25].  

 

 

 

 

 

 

 

 
Figure 2 : Breakpoint Curve of Water Containing Chlorine 

Demand [25] 
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2.3.4. Effects of nitrite and nitrate 

In the chlorination of wastewater, nitrite induces a chlorine demand by 

interacting with both monochloramine and free available chlorine [25, 30]. 

Theoretically, 5 mg/L of the ionic form of chlorine, Cl-, is consumed by each 1 mg/L 

of nitrite-nitrogen [27]. Nitrite reacts with chlorine in a series of reactions. The 

mechanisms are illustrated as shown by the following reactions [30]: 

𝐻𝑂𝐶𝑙 +  𝑁𝑂2
− →  𝑁𝑂2𝐶𝐼 +  𝑂𝐻− (8) 

𝑁𝑂2𝐶𝐼 + 𝑁𝑂2
− →  𝑁2𝑂4  + 𝐶𝑙− (9) 

𝑁2𝑂4 + 𝑂𝐻−  → 𝑁𝑂3
−  +  𝑁𝑂−  + 𝐻+ (10) 

𝑁𝑂2𝐶𝐼 →  𝑁𝑂2
+ +  𝐶𝑙− (11) 

𝑁𝑂2
− + 𝑂𝐻− →   𝑁𝑂3

−  +  𝐻+ (12) 

Nitrite also consumed monochloramine; its oxidation by monochloramine is 

described below [32]: 

𝑁𝐻2𝐶𝑙 +  𝑁𝑂2
−  +  𝐻2𝑂 →  𝑁𝐻4

+  + 𝑁𝑂3
−  + 𝐶𝑙− (13) 

Nitrate content in the wastewater mainly depends on the influent nitrite 

production. It is stated in literature that water with nitrate nitrogen contamination is less 

vulnerable to pollution than water with nitrite or ammonia, since nitrate exerts a very 

minimal chlorine demand [27,29]. 
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Chapter 3. Modelling and Validation of Chlorination Process 

3.1. Introduction 

The complexity and ambivalence of the chloramination system had given rise 

to a various research putting forward newmechanisms and kinetic studies for the 

formation and decay of chloramines [25-30]. While some of these studies explore 

individual reactions, many of them have proposed different reaction schemes of this 

complicated reactive system. This chapter will shed the light on the most recognized 

and comprehensive models for the chlorination process, which will serve to create a 

platform for the development of the model proposed in this study.  

3.2. Chlorination Reactions Mechanisms and Kinetics 

3.2.1. Morris And Wei’s model 

Wei and Morris were among the very first researchers to propose an overall 

mechanism for the breakpoint reaction [31]. They performed extensive experimental 

studies at different levels of pH and temperature, with fixed chlorine to ammonia 

molar ratio of 1.8 to calibrate the proposed mechanism. The reactions of the proposed 

mechanism are presented in Table 2.  

Reactions R-2 and R-5 were the rate limiting steps in Morris and Wei reaction 

scheme with nitroxyl radical (NOH) considered as the key intermediate to account for 

the loss of chlorine and ammonia. Not all the reactions in the proposed mechanism 

were real; some were only hypothetical ones at that time. The assumed reactions were 

R-6, R-7 and R-8 with NOH involved in all of them reacting with NH2Cl, NHCl2, and 

HOCl, respectively. The assumption that these reactions were much more rapid than 

R-5, made their reaction rates of little concern. These reactions were considered 

important due to their competitive and simultaneous production of N2 and NO-
3 and 

their re-generation of hypochlorous acid, which were all end products of the reaction 

system. Reaction R-5 combined with reaction R-6, are considered the major trigger 

for the breakpoint, since they describe the interaction between NHCl2 and NH2Cl [31].      
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Table 2 : Morris and Wei proposed reaction scheme[31] 

Reaction 
Rate  

Coefficient 

Reaction 

Reference 

𝐻𝑂𝐶𝑙 + 𝑁𝐻3  →   𝑁𝐻2𝐶𝑙 + 𝐻2𝑂 k1 R-1 

𝐻𝑂𝐶𝑙 + 𝑁𝐻2𝐶𝑙 →   𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 k2 R-2 

𝐻𝑂𝐶𝑙 + 𝑁𝐻𝐶𝑙2  →   𝑁𝐶𝑙3 + 𝐻2𝑂 k3 R-3 

𝑁𝐶𝑙3 + 𝐻2𝑂 →   𝑁𝐻𝐶𝑙2 + 𝐻𝑂𝐶𝑙 k4 R-4 

𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 →   𝑁𝑂𝐻 + 2𝐻+ +  2𝐶𝑙− k5 R-5 

𝑁𝑂𝐻 + 𝑁𝐻2𝐶𝑙 →  𝑁2 + 𝐻2𝑂 + 𝐻+ +  𝐶𝑙− k6 R-6 

𝑁𝑂𝐻 + 𝑁𝐻𝐶𝑙2  →  𝑁2 + 𝐻𝑂𝐶𝐿 + 𝐻+ +  𝐶𝑙− k7 R-7 

𝑁𝑂𝐻 + 2𝐻𝑂𝐶𝑙 →  𝑁𝑂3
− + 3𝐻+ +  2𝐶𝑙− k8 R-8 

 

In addition, Morris and Wei also attempted to determine the rate law of those 

reactions by recognizing their orders. Orders of some reactions were known with high 

certainty, as is the case with reactions R-1 and R-2. The decomposition of dichloramine, 

as described by reaction R-3, was observed in the experiments to be of first-order, with 

respect to the concentration of dichloramine, and proportional to the activity of hydroxyl 

ion. Finding the rate laws for the remaining reactions was not achievable in the absence 

of computer modellingin order to fit the experimental data to representative rate laws. 

Accordingly, R-4 and R-5 were considered to be of first-order reactions, while 

considering each of R-3, R-6, R-7, and R-8 as second-order reactions [31]. 

3.2.2. Saunier’s model 

Before the work of Saunier in 1976, most of the experimental work concerning 

the breakpoint chlorination was performed in batch reactors[28]. Saunier, in contrast, 

has considered different types of reactors to perform a series of experiments. He studied 

the chlorination system in four different types of reactors, namely batch, plugflow, 

continuousflow stirredtank reactor(CSTR), andanon-idealtubularreactor. However, the 



 
 

24 

data collected were mainly from the plug flow reactor, assuming an ideal plug flow and 

using N,N-diethyl-p-phenylene diamine (DPD-FAS) as the analytical technique for free 

and combined chlorine measurements [28] 

The experimental outcomes that Saunier reported from the plug flow reactor 

type, did not match the outcomes predicted by the model of Wei and Morris. Saunier 

has reported a much faster rate for the disappearance of monochloramine, and a large 

difference in nitrogen trichloride concentrations [28,20]. Accordingly, Saunier 

established a new mechanisms proposing NH2OH as an intermediate. The new 

mechanism established by Saunier, accounted for nitrite, which appeared to be 

significant especially when the molar ratio is sufficient for nitrate production. The new 

developed model after Saunier is summarized in Table 3[28]. 

Table 3 : Reaction scheme of Saunier[28] 

Reaction Reaction reference 

𝑁𝐻3 + 𝐻𝑂𝐶𝑙 → 𝑁𝐻2𝐶𝑙 + 𝐻2𝑂 R-1 

𝑁𝐻2𝐶𝑙 + H𝑂𝐶𝑙 → 𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 R-2 

𝑁𝐻𝐶𝑙2 + 𝐻𝑂𝐶𝑙 → 𝑁𝐶𝑙3 + 𝐻2𝑂 R-3 

𝑁𝐶𝑙3 + 𝐻2𝑂 → 𝑁𝐻𝐶𝑙2 + 𝐻𝑂𝐶𝑙 R-4 

𝑁𝐻𝐶𝑙2 + 2𝐻2𝑂 → 𝑁𝐻2𝑂𝐻 + 𝐻𝑂𝐶𝐿 + 𝐻𝐶𝑙 R-5 

𝑁𝐻2𝑂𝐻 + 𝐻𝑂𝐶𝑙 → 𝑁𝑂𝐻 + 𝐻𝐶𝑙 +  𝐻2𝑂 R-6 

𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 → 𝑁𝐻2𝑂𝐻 + 𝐻𝐶𝑙 R-7 

𝑁𝑂𝐻 + 𝑁𝐻2𝐶𝑙 →  𝑁2 + 𝐻𝐶𝑙 +  𝐻2𝑂 R-8 

𝑁𝑂𝐻 + 𝑁𝐻C𝑙2  →  𝑁2 + 𝐻𝐶𝑙 + 𝐻𝑂𝐶𝐿 R-9 

𝑁𝑂𝐻 + 𝐻𝑂𝐶𝑙 → 𝑁𝑂2 + 𝐻+ + 𝐻𝐶𝑙 R-10 

𝑁𝑂2
− + 𝐻𝑂𝐶𝑙 → 𝑁𝑂3

− + 𝐻𝐶𝑙 R-11 

Saunier revised some of the rate coefficients adopted by Wie and Morries to 

provide a better match with the experimental results [28]. This model predicted the free 

chlorine residual with high accuracy, but failed to determine the concentration of 

nitrogen trichloride. The kinetic rate laws, predicted the results at pH values ranging 
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from 6 to 8, but failed to provide adequate prediction at pH values dwelling outside this 

range [28]. 

3.2.3. Stenstrom and Tran’s model 

Stenstrom and Tran contributed to the improvement of the model of Wei and 

Morris. Stenstrom and Tran, adopted the same mechanism of Wei and Morris, but 

performed extensive experimental study to modify the kinetic parameters using an 

estimation technique [32]. Around 23 experiments were implemented at different pH 

values ranging from 4 to 8.4, performed in a plug flow reactor and two dispersed flow 

reactors. Initial values for the reaction rate coefficients were necessary for each reaction 

for the successful application of the estimation technique. The parameter estimation 

technique was analogous to that proposed by Becker and Yeh [33], which includes 

sequential estimation and linearization of the objective function, based on an initial set 

of parameter values.  

As a result of the experimental work performed by Stenstrom and Tran, the following 

results were concluded [32]: 

 Free chlorine was not detected until the chlorine breakpoint dosage is 

passed.  

 Before the breakpoint, monochloramine was present at a much higher 

concentration than dichloramine.  

 At a pH value as low as 6.5, dichloramine was detected at higher 

concentrations than monochloramine.  

 Only at high chlorine to ammonia ratio, nitrogen trichloride existed in 

substantial concentration.  

 At a pH value of 4, 90% of the initial chlorine dose existed as a residual. 

The residual percentage dropped down to 65% of the initial dose at a pH 

value of 6; while it decreased to 35% of the initial dose for pH values 

between 7.5 and 8.4.        

3.2.4. Jafvert and Valentine’s model 

As addressed in chapter 2, the breakpoint chlorination profile comprises of three 

main regions; in the first region, disinfection is maintained by monochloramines, while 
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combined chlorine (i.e. monochloramine, dichloramine, and trichloramine) provides 

the disinfection action in the second region, and free chlorine is the main disinfectant 

in the third one[20,25,32].Preceding Jafvert and Valentine, researchers focused on the 

breakpoint region, where free chlorine residual is detected [25,33,34]. Jafvert and 

Valentine, on the other hand,studied the entire chlorination profile putting forward a 

unified model suitable for any chlorine to ammonia ratios [34]. They re-examined the 

previous chlorination mechanisms to develop their own reaction scheme. The model of 

Jafvert and Valentine is represented by a series of 14 reactions as shown in Table 4 

[35].  

Table 4: Reaction scheme of the unified model [35]. 

 

 

Reaction 
Reaction 

reference 

𝐻𝑂𝐶𝑙 + 𝑁𝐻3  → 𝑁𝐻2𝐶𝑙 + 𝐻2𝑂 R-1 

𝑁𝐻2𝐶𝑙 + 𝐻2𝑂 →   𝐻𝑂𝐶𝑙 + 𝑁𝐻3 R-2 

𝐻𝑂𝐶𝑙 + 𝑁𝐻2𝐶𝑙 → 𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 R-3 

𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 → 𝐻𝑂𝐶𝑙 + 𝑁𝐻2𝐶𝑙 R-4 

𝑁𝐻2𝐶𝑙 + 𝑁𝐻2𝐶𝑙 → 𝑁𝐻𝐶𝑙2 + 𝑁𝐻3 R-5 

𝑁𝐻𝐶𝑙2 + 𝑁𝐻3  → 𝑁𝐻2𝐶𝑙 + 𝑁𝐻2𝐶𝑙 R-6 

𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 → 𝑁𝑂𝐻 + 2𝐻𝐶𝑙 R-7 

𝑁𝐻𝐶𝑙2 + 𝑁𝑂𝐻 → 𝐻𝑂𝐶𝑙 +  𝑁2 +  𝐻2𝑂 + 𝐻𝐶𝑙 R-8 

𝑁𝐻2𝐶𝑙 + 𝑁𝑂𝐻 → 𝐻𝑂𝐶𝑙 +  𝐻𝐶𝑙 + 𝑁2 R-9 

𝑁𝐻2𝐶𝑙 + 𝑁𝐻𝐶𝑙2  →  𝑁2 + 3𝐻𝐶𝑙 R-10 

𝐻𝑂𝐶𝑙 + 𝑁𝐻𝐶𝑙2  →  𝑁𝐶𝑙3 +  𝐻2𝑂 R-11 

𝑁𝐻𝐶𝑙2 + 𝑁𝐶𝑙3 + 2𝐻2𝑂 →  2𝐻𝑂C𝑙 + 𝑁2 + 3𝐻𝐶𝑙 R-12 

𝑁𝐻2𝐶𝑙 + 𝑁𝐶𝑙3 + 𝐻2𝑂 →  𝐻𝑂𝐶𝑙 + 𝑁2 + 3𝐻𝐶𝑙 R-13 

𝑁𝐻𝐶𝑙2 + 2𝐻𝑂𝐶𝑙 + 𝐻2𝑂 →  𝑁𝑂3
− + 𝐻+ + 4𝐻𝐶𝑙 R-14 
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Reactions R-1 through R-4 justify the formation of monochloramine, while 

reactions R-5 and R-6 accountfor its disproportionationand reverse disproportionation 

reactions, respectively. Prediction of the residuals in the combined region was 

attainable through reaction R-7. Reactions R-9 through R-11 described the decay of 

dichloramine in excess of ammonia, while reactions R-8 and R-13 were adopted from 

the mechanisms of Hand and Margerum, to account for the decay of dichloramine in 

excess of HOCl [35,36]. Reactions R-12 and R-14, explained the formation of nitrate 

and nitrogen gas, respectively[35].   

Jafvert and Valentine have performed a series of experiments aiming to appraise 

their model. The experiments were categorized into different sets, each of which was 

dedicated to study a certain region in the breakpoint chlorination profile. All of the 

experiments were performed at pH ranging from 6 to 8 using a batch type reactor. Their 

model was successfully able to predict chlorine ammonia behavior within a wide range 

of chlorine to ammonia ratio [35].  

Some researchersstretched the work of Jafvert and Valentine model to make it 

applicable for distribution system water quality forecastaccounting for nitrification, 

corrosion, and pipe surface [37,38]. The implementation of such models requires a well-

calibrated hydraulic model [38]. 

3.2.5. Chlorination empirical modelling 

Despite their ability to depict the breakpoint chlorination profile, the 

impracticalityof the majority of the available mechanistic models have impelled many 

researchers to develop empirical models which are, in contrast to the mechanistic 

models, easily utilized and implemented[39]. 

Smithand his research team employed a regression model to predict the demand 

of monochloramine. The model is represented by Equation 14[39]:  

CLMDi = x(CLMo)+ τ(TOC)+ υ(UVA)   (14) 

CLMDi: chloramine demand at time t, mg/L Cl2 

CLMo: chloramine dose, mg/L Cl2 

TOC: total organic carbon concentration, mg/L 

UVA: ultraviolet absorbance at 254nm, cm-1 
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χ and τ: dimensionless coefficients 

 υ: regression coefficient with dimension of (cm mg/L) 

The model employed by Smith et al. considers the chloramine concentration as 

function of time. The model was validated by East Bay Municipal Utility District to 

adequately describe chloramine decay in the distribution system. However, this model 

failed to give insight about the formation reactions of monochloramine [39]. This is due 

to the complexity of ammonia-aqueous chlorine system that demands an understanding 

of the chemistry involved, which the empirical models lack [40]. 

3.3. Methodology of Chlorination Breakpoint Model Setup and Development 

The involvement of sophisticated programming languages and the requirement 

of extensive field measurements and hydraulic calibration parameters left the vast 

majority of the available chlorination mechanistic models non-user friendly and 

restricted their practical utilization in treatment plants [41,42]. Currently, the control of 

the chlorination system is typically relying on operators’ experience and qualitative 

guidelines [41,42]. 

3.3.1. Selection of the reactions and coefficients 

In the current study, the model of Jafvert and Valentine is modified based on 

outcomes of other studies to develop a new mechanistic model empowered with the 

following capabilities and characteristics: 

 Accounts for the effect of nitrite in chlorine-ammonia systems.  

 Applicable mainly for the ranges of pH and temperature at which the 

chlorination process typically occurs in the treatment plants (i.e. 6< pH <8, 

and 250C < Temperature < 350C)[43]. 

 Incorporates updated rate coefficients wherever applicable.   

 Requires the minimal inputs to ease its usage in plants and ill-defined 

systems.  

 Introduced in a user-friendly interface. 

Jafvert and Valentine have categorized the reactions of the unified model into 

five main categories:  substitution reactions, monochloramine disproportionation, redox 

reactions in the first zone, redox reactions in the second zone, and other 
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reactions[35,36]. This work utilizes the same categories that were adopted in the unified 

model.  

However, one more category is added to account for the reactions of nitrite, and 

the reactions included in each category are modified, which makes up a total of six 

categories considered in this study, presented in Table 5.     
 

Table 5: Summary of the modifications applied to the reaction in Jafvert and Valentine’s model. 

Reactions Category 

Reactions in Jafvert and 

Valentine’s model (i.e. the 

unified model) [35] 

Modification 

considered  

Substitution 

Reaction 

 Monochloramine, dichloramine, 

and trichloramine formation 

(reactions 1,3, &11) 

 Hydrolysis of monochloramine 

and dichloramine. 

(reactions2&4, respectively) 

  Inclusion of 

trichloramine 

hydrolysis 

 Exclusion of 

dichloramine 

hydrolysis ,reaction 

4 

Monochloramine 

disproportionation  

 Monochloramine 

disproportionation (reaction 5) 

 Monochloramine 

disproportionation back reaction 

(reaction 6) 

 Exclusion of 

Monochloramine 

disproportionation 

back reaction, 

reaction 6. 

Redox reaction in 

the first zone 

 Decomposition of dichloramine 

considering NOH the 

intermediate (reaction 7,8 & 9) 

 No modifications  

Redox reaction in 

the second zone 

 Break point reactions (reactions 

12,13 &14) 

 No Modifications  

Reactions with 

Nitrite  

 Not considered in the unified 

model. 

 Demand nitrite is 

considered 
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Table 5 provides a summary of the reactions considered in each of the six 

categories as given by the unified model and the corresponding modifications adopted 

in this study. The details about the reactions in each category and the basis of the 

modifications are detailed in the next sections. 

3.3.1.1. Monochloramine disproportionation 

Monochloramine disproportionation, reaction 5, is considered to be the major 

pathway through which dichloramine is formed when excess ammonia is available [34-

37]. Before the development of the unified model, Granstromhave studied reaction 5 

along with reaction 2 (i.e. hydrolysis of monochloramine) and suggested the rate law to 

be as given by equation 17[26]. 

𝑑[𝑁𝐻𝐶𝑙2]

𝑑𝑡
= 𝑘1[𝑁𝐻2𝐶𝑙] + 𝑘2[𝑁𝐻𝐶𝑙]2 

(17) 

The first term in equation 17 (i.e. first order rate) refers to monochloramine hydrolysis 

while the second term (i.e. second order rate) refers to monochloramine 

disproportionation [26]. Jafvert later investigated the work presented by Granstrom and 

deduced that monochoramine hydrolysis is not fast enough to compete with 

monochloramine disproportionation, and hence the later can be isolated and studied 

separately [35]. The rate expression reported for monochloramine disproportionation 

in the unified model was not used in this study as it was based on a catalyzed pathway 

[35]. In a recent study, Trogolo and Arey have explored the uncatalyzed pathway for 

this reaction and reported the rate coefficient to be 5.6 x 10-2 M-1s-1 [51]. Reaction 6, 

the reverse of reaction 5, was reported insignificant for pH range from 7 to 9 in a 

sensitivity study presented in Huang’s dissertation [52]. Since this range of pH is 

coinciding with that considered for the model development in this study, this reaction 

is excluded from the developed model.  

3.3.1.2. Redox reactions in the first zone 

Wei and Morries were among the first researchers to propose reactions 7 

through 9 to be the episodes through which dichloramine decomposition occurs with 

NOH as the hypothesized intermediate [25]. The rate coefficients at 25oC were reported 

as k7=1.12 105M-1s-1, k8 = 2.46 103 M-1s-1 and k9= 2.5104 M-1s-1. Over a decade 

later, Jafvert had set up a computer code in FORTRAN to study the three reactions and 
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re-estimate their rate constants [35]. The estimated coefficients were: k7=1.62  102 M-

1 s-1, k8 = 2.78  104 M-1 s-1, and k8/k9 = 3.3. These values are believed to be of high 

certainty, as evident from the numerous studies that have confirmed and utilized them, 

including the unified model [35, 52, 53, 54]. Accordingly, these values are incorporated 

in this study.  

3.3.1.3. Redox reactions in the second zone 

Reactions 12 to 14 are the main reactions occurring in the breakpoint region, 

where free chlorine starts to be available [32, 48, 55, 56]. In Reaction 12, trichloramine 

reacts with dichloramine, especially when the concentration of the later is more than 

that of free chlorine [50,55]. Yiin and Margerum have studied this reaction under base 

catalytic conditions, using HPO4
2-[55]. However, Jafvert and Valentine have re-studied 

this reaction assuming only OH- catalysis and determined the rate coefficient 

empirically through data fitting [34]. Since the pathway of HPO4
2-catalysis is not 

applicable in this study, the approach of the unified model will be embraced here.  

Reaction 13 is similar to reaction 12, and an empirical rate coefficient was 

reported in the unified model, k13 = 1.39  109[35]. Reaction 14 is the only trail leading 

to the formation of nitrate in the unified model, since it did not account for chlorine 

reaction with nitrite. Jafvert has reported the most updated rate expression, which was 

used in the unified model and other studies as well [35,48,51,56]. 

3.3.1.4. Reactions with nitrite 

Chlorine demand caused by nitrite-nitrogen was not part of the unified model 

reaction scheme. However, since wastewater effluent is typically an ammonia-nitrite 

system, nitrite demand of chlorine should be revealed here. The main chlorine demand 

reactions are characterized by nitrite demand of free chlorine and monochloramine, 

which are represented by reactions 15 and 16 in Table 5, respectively [36]. 

3.3.1.5. Other reactions 

Leao was among the first researchers to postulate reaction 10 in his predictive 

modelling of the combined chlorine region [36,52]. The reaction was not based on a 

solid mechanism, but rather to have a better fit of the experimental data. Xin Huang 

have deduced, via a sensitivity analysis, that chlorine-ammonia system does not show 
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any significance towards this reaction under any conditions [52]. Hence, this reaction 

was excluded from the reaction scheme of this work.  

3.3.2. Summary of the developed model 

In this work, and to maintain consistency, all numbering reference for the 

reactions will remain as per unified model from reactions 1 to 14. Excluded reactions 

will have rate coefficients set to zero, and reactions added to the model will follow after 

reaction 14. The reaction scheme and rate coefficient adopted in this study are 

summarized in the Table 6. 
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Table 6: Summarized reaction scheme adapted in this study with rate expressions and rate constants 

No. Reaction Rate Expression Rate Constant* Reference 

1 𝐻𝑂𝐶𝑙 + 𝑁𝐻3 → 𝑁𝐻2𝐶𝑙 + 𝐻2𝑂 k1 [HOCl] [NH3] k1 = 4.1 104 mM-1s-1 [45] 

2 𝑁𝐻2𝐶𝑙 + 𝐻2𝑂 → 𝐻𝑂𝐶𝑙 + 𝑁𝐻3 k2 [NH2Cl] k2 = 1.27  10-3 s-1 [36] 

3 𝐻𝑂𝐶𝑙 + 𝑁𝐻2𝐶𝑙 → 𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 k3 [HOCl] [NH2Cl] k3 = 0.35 mM-1s-1 [45] 

4 𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 → 𝐻𝑂𝐶𝑙 + 𝑁𝐻2𝐶𝑙 k4 [NHCl2] k4 = 0   

5 𝑁𝐻2𝐶𝑙 + 𝑁𝐻2𝐶𝑙 → 𝑁𝐻𝐶𝑙2 + 𝑁𝐻3 k5 [NH2Cl] [NH2Cl] k5 = 5.6 x 10-2mM s-1 [51] 

6 𝑁𝐻𝐶𝑙2 + 𝑁𝐻3  → 𝑁𝐻2𝐶𝑙 + 𝑁𝐻2𝐶𝑙 k6 [NHCl2] [NH3] [H
+] k6 = 0  

7 𝑁𝐻𝐶𝑙2 + 𝐻2𝑂 → 𝑁𝑂𝐻 + 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑠 ∗ k7 [NHCl2] [OH-] k7 = 1.67 x 10-1 mM s-1 [35] 

8 𝑁𝐻𝐶𝑙2 + 𝑁𝑂𝐻 → 𝐻𝑂𝐶𝑙 + 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑠 ∗ k8 [NOH] [NHCl2] k8 = 27.7 mM-1s-1 [35] 

9 𝑁𝐻2𝐶𝑙 + 𝑁𝑂𝐻 → 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑠 ∗ k9 [NOH] [NH2Cl] k9 = 8.3 x103 mM-1s-1 [35] 

10 𝑁𝐻2𝐶𝑙 + 𝑁𝐻𝐶𝑙2 → 𝑁2 + 3𝐻𝐶𝑙 k10 [NH2Cl] [NHCl2] k10 = 0  

11 𝐻𝑂𝐶𝑙 + 𝑁𝐻𝐶𝑙2 → 𝑁𝐶𝑙3 + 𝐻2𝑂 k11 [HOCl] [NHCl2] k11 = 5.05mM-1s-1 [36] 

12 𝑁𝐻𝐶𝑙2 +  𝑁𝐶𝑙3 + 2𝐻2𝑂 → 2𝐻𝑂𝐶𝑙 + 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑠 ∗ k12 [NHCl2] [NCl3]  k12 = 35.56 x 103mM-1s-1 [34] 

13 𝑁𝐻2𝐶𝑙 +  𝑁𝐶𝑙3 + 𝐻2𝑂 → 𝐻𝑂𝐶𝑙 + 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑠 ∗ k13 [NH2Cl] [NCl3]  k13 = 1.3910-2mM-1s-1 [34] 

14 𝑁𝐻𝐶𝑙2 +  2𝐻𝑂𝐶𝑙 + 𝐻2𝑂 → 𝑁𝑂3
− + 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑠 ∗ k14 [NHCl2] [HOCl] k14 = 2.31 x 102  mM-1s-1 [34] 
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Table 6 Cont’d 

15 𝐻𝑂𝐶𝑙 +  𝑁𝑂2
− → 𝑁𝑂3

− + 𝐶𝑙− + 𝐻+ k15 [HOCl] [NO2] k15 = 1.386103 mM-1s-1 [39] 

16 𝑁𝐻2𝐶𝑙 +  𝑁𝑂2
− +  𝐻2𝑂 → 𝑁𝑂3

− + 𝑁𝐻4
+ +  𝐶𝑙− k16 [NH2Cl] [NO2] k16 = 3.58 x 10-3 mM-1s-1 [39] 

17 𝑁𝐶𝑙3 +  𝐻2𝑂 → 𝐻𝑂𝐶𝑙 + 𝑁𝐻𝐶𝑙2 K16 [NCl3] k17 = 3.24 10-5 s-1 [50] 

* Products may include: N2, H2O, Cl-, H+, NO3
- 
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3.3.3. Mathematical modelling 

To simulate the reactive scheme adopted in this study, the chemical reactions shown 

in Table 6 have to be converted to a system of equations of continuity in the following 

form:   

𝑑𝑐

𝑑𝑡
= 𝑟 

Where c is the solute molar concentration, 
𝑑𝑐

𝑑𝑡
is the rate of change of species 𝑐, and𝑟 is the 

reaction rate (𝑟> 0 for rate of formation; 𝑟< 0 for rate of consumption). For simplicity, each 

participating species is given a specific notation as in Table 7.    

 Table 7: Notations used for the participating chemical species 

Symbol Chemical Species  

A [𝐻𝑂𝐶𝑙] 

B [𝑁𝑂2] 

C [𝑁𝐻3] 

D   [𝑁𝐻2𝐶𝑙] 

E [𝑁𝐻𝐶𝑙2] 

F [𝑁𝑂𝐻] 

G [𝑁𝑂3] 

H [𝑁𝐶𝑙3] 

[ ] Refers to the molar concentration of the concerned species.  

 

Table 8 displays how each species is involved in each reaction.  
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Table 8: involvement of the chemical species in each reaction in the adopted model * 

Symb

ol 
 

𝒓𝟏 𝒓𝟐 𝒓𝟑 𝒓𝟒 𝒓𝟓 𝒓𝟔 𝒓𝟕 𝒓𝟖 𝒓𝟗 𝒓𝟏𝟎 𝒓𝟏𝟏 𝒓𝟏𝟐 𝒓𝟏𝟑 𝒓𝟏𝟒 𝒓𝟏𝟓 𝒓𝟏𝟔 𝒓𝟏𝟕 

A 𝐻𝑂𝐶𝑙 - + -     +   - +2 + -2 -  + 

B 𝑁𝑂2               - -  

C 𝑁𝐻3 - +                

D 𝑁𝐻2𝐶𝑙 + - -  -2    -    -   -  

E 𝑁𝐻𝐶𝑙2   +  +  - -   - -  -   + 

F 𝑁𝑂𝐻       + - -         

G 𝑁𝑂3              + + +  

H 𝑁𝐶𝑙3           + - -    - 

* Where: - means consumption of the species; + means production of the species; blank: means not involved in the reaction.  
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Given the rate of reactions provided in Table 6, the set of continuity equations are 

as shown in Table 9.  

Table 9: Set of differential equations of the developed model 

𝑑𝐴

𝑑𝑡
=  −𝑟1 + 𝑟2 − 𝑟3 + 𝑟8 − 𝑟11 + 2𝑟12 + 𝑟13 − 2 𝑟14 − 𝑟15 + 𝑟17 

𝑑𝐵

𝑑𝑡
=  −𝑟15 −  𝑟16 

𝑑𝐶

𝑑𝑡
=  −𝑟1 + 𝑟2 

𝑑𝐷

𝑑𝑡
= 𝑟1 − 𝑟2 − 𝑟3 − 2𝑟5 − 𝑟9 − 𝑟13 − 𝑟16 

𝑑𝐸

𝑑𝑡
=  𝑟3 + 𝑟5 − 𝑟7 − 𝑟8 − 𝑟11 − 𝑟12 −  𝑟14 + 𝑟17 

𝑑𝐹

𝑑𝑡
=  𝑟7 − 𝑟8 −  𝑟9 

𝑑𝐺

𝑑𝑡
=  𝑟14 + 𝑟15 + 𝑟16 

𝑑𝐻

𝑑𝑡
=  𝑟11 − 𝑟12 − 𝑟13 − 𝑟17 

 

A MATLAB computer program was developed to calculate the concentration of 

the species with time and generate the breakpoint chlorination curves for a given contact 

time. The differential equations presented in Table 9 were solved using Fourth order 

Range-Kutta-Fehlberg algorithm. The choice of the algorithm was based on the foreseen 

stiffness of the system caused by the large discrepancies in the values of the rate constants 

of the reactions.      
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3.4. Model Validation 

The predictive capability of any model may only be proven efficient if it can 

forecast experimental and field data to a good extent [57-60]. To examine the projection 

competency of the proposed model, its output is matched with experimental breakpoint 

curves reported in literature, and with chlorine residual data obtained from a sewage 

treatment plant in the region. 

3.4.1. Experimental breakpoint curves validation 

Several breakpoint profiles are generated and validated against those reported by 

Wei-Ling[61]. In his work, pure water samples were buffered with phosphate (0.1 M total 

phosphate) to maintain the pH value at 7. 

 The samples were spiked with ammonia and nitrite, and chlorinated with sodium 

hypochlorite, allowing different contact periods. The chlorination process was performed 

in a dark environment, and amperometric titration was used to measure the chlorine 

residuals, complying with the standard methods [12, 61]. The breakpoint curves are 

presented in Figures 3 and 4. 

The results in Figures 3 and 4 show that the model was able to depict the experimental 

breakpoint curve to a good extent.    

 

 

 

 

 

 

 

 

 

 

Figure 3 :  Experimental and simulated breakpoint curves for 

1 ppm Ammonia and 30 mins contact time [61] 

0 ppm nitrite (simulation) 

0.2 ppm nitrite (simulation) 

1 ppm nitrite (simulation) 

0 ppm nitrite (data) 
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3.4.2. Validation against field data 

The model was also tested for predicting total residual chlorine (TRC) in a 

wastewater treatment plant. Field data was collected from asewage treatment plantin the 

region.Ammonia, nitrite, chlorine dose, and TRC data were collected over a period of three 

months, from1st of January until 1st of April, 2016. Data collected are detailed in the case 

study presented in chapter 5. Figure 5 below shows the TRC values as predicted by the 

model and as measured by the plant.The correlation coefficient, r, between the predicted 

and the actual data is found to be r > 0.88, which indicates that the model can predict the 

plant data fairly well.  

Figure 5 : Model prediction of TRC and actual TRC reported by the plant 

over the study period 

Figure 4: Experimental and simulated breakpoint curves for 5 

ppm Ammonia and 30 mins contact time[61] 
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Chapter 4: Dynamic Analysis and Factorial Design Experiments 

4.1 Dynamic Analysis 

4.1.1 Introduction 

Dynamic analysis is performed to explore the main and interaction effects of 

ammonia, nitrite, and contact time on the chlorination breakpoint profile. To have this 

accomplished, the developed model was allowed to run considering diverse operating 

conditions and the results are recorded and discussed. 

4.1.2 Chlorine demand studies 

4.1.2.1 Ammonia demand effect 

Several simulations were executed in order to track the changes of chlorine 

demand requirement to achieve a residual of 1 ppm Cl2 due to different ammonia 

concentrations at zero nitrite content. The simulations outputs are shown in Figure 6.  

 

 

 

 

 

 

 

 

 

 

 

 

The demand curves resemble a common behavior; the curves starts with a zero 

demand followed by a rapid increase in the demand until it reaches stabilization status. 

To explicate this behavior on mechanistic basis, it is crucial to couple the analysis with 

the scheme of reactions. The added free chlorine is used up readily by the substitution 

Figure 6: Chlorine demand curves at different ammonia concentrations. 
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reactions, i.e. reaction 1, and to less extent reactions 3 and 11, to form monochloramine, 

dichloramine, and trichloramine, respectively, which add up to the chlorine residual. 

This results in a zero demand in the initial stage of the chlorination process. Once the 

stoichiometry of reaction 1 is satisfied, the formed chloramines, mainly 

monochloramine, start to decompose following the series of breakpoint reactions given 

in the reaction scheme of Table 6. Consequently, the rapid increase in the chlorine 

demand is nothing but a reflection of the breakpoint reactions episodes. Towards the 

end of the breakpoint reactions, free chlorine is regenerated, mainly through reaction 8 

[38]. Since there is no ammonia content by this time, the free chlorine remains in the 

system. This results in the stabilization of the chlorine demand. Nevertheless, the slope 

of the last portion in the chlorine demand curve is not perfectly zero, which depicts the 

existence of reactions in which free chlorine is participating at less extent. These are 

mainly reactions 11 and 8 [38,48,51]. 

The surge in ammonia concentration causes a shift in the chlorine demand curve 

yet, the shape of the demand curve was preserved. As mentioned above, the first portion 

of the demand curve, through which the demand remains zero, ends upon satisfying the 

stoichiometry of reaction 1.This occurs at 1:1 molar ratio of chlorine to ammonia (5:1 

weigh ratio) [38,39,48,62]. In accordance with this, the zero-demand portion ends at 5, 

10, and 15 ppm for ammonia concentration of 1, 2, and 3 ppm, respectively.  

4.1.2.2 Effect of nitrite on chlorine demand 

To examine the demand that nitrite exerts, the model was simulated at various 

nitrite levels with zero ammonia content. Demand curves to attain 1ppm chlorine 

residual are presented in Figure 7. 

In essence, the curves correspond with the nitrite demand requirement reported 

in literature; 1 ppm of nitrite consumes 5 ppm of chlorine [61]. The initial portion of 

the demand curve shows the slope of the rising leg to be 1, i.e. all the added chlorine is 

consumed by nitrite leaving no chlorine residual. This lasts up until the nitrite is 

consumed. Beyond this, no more chlorine demand exists in the system and all added 

chlorine remains in the system.  
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4.1.2.3 Effect of ammonia/nitrite ratio 

 Since the existence of either ammonia or nitrite alone is a rare incident to occur 

in wastewater treatment plants, and possibly in water treatment plants, exploring the 

effect of ammonia/nitrite ratio on chlorine demand is regarded necessary in this work 

[42,61]. Several simulations were performed where ammonia and nitrite are assumed 

to be present with different proportions. 

 The curves of the chlorine demand required to maintain 1ppm total residual 

chlorine are displayed in Figure 8. 

It is noticed that nitrite demand is less pronounced with the existence of high 

ammonia nitrogen. For instance, 6 ppm of Cl2was required to achieve 1 ppm residual 

for sample containing 0.1 ppm ammonia and 1 ppm nitrite, while only 2.5 ppm of Cl2 

was required to achieve the same TRC for sample containing 1 ppm nitrite content and 

1.5 ppm of ammonia. 

 

 

 

Figure 7: Chlorine Demand due to different nitrite concentrations 
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This can be explained as follows: in samples where ammonia concentration is 

proportionally higher than nitrite, added free chlorine converts readily to 

monochloramine. The nitrite demand is satisfied next, partially by the free chlorine and 

partially by monochloramine. On the other hand, when ammonia is present in a 

relatively low concentration, the free chlorine satisfies the demand of the nitrite before 

that of the ammonia and hence, the nitrite demand prevails. This will be discussed in 

further details with reference to the reaction scheme in the following section. 

4.1.3 Chlorination breakpoint analysis 

The outcome of the demand analysis, discussed in section 4.1.2, indicates a 

strong dependence of ammonia/nitrite ratio on the chlorine demand. However, since the 

demand study is limited to certain chlorine residual target, the ammonia-nitrite nexus 

needs to be further explored with respect to the full chlorination breakpoint behavior. 

Three sets of virtual experiments were simulated to detect the behavioral changes in the 

chlorination breakpoint curves; namely, effect of nitrite concentration, effect of 

ammonia concentration, and effect of contact time. The analysis approach is 

summarized in Figure 9. 

 

Figure 8 : Chlorine demand curves for various ammonia nitrite proportions 
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4.1.3.1 Effect of nitrite on the chlorination breakpoint 

Two systems are assumed to test the effect of increasing nitrite on the 

chlorination breakpoint behavior. The first resembles a system of high ammonia/nitrite 

ratio while the second system involves low ammonia/nitrite ratio. Figurers 10 and 11 

show the results of both approaches, respectively.  

It is shown that the chlorine dose at which the maximum total residual chlorine 

(TRC) occurs shifts to the right with each increase in nitrite concentration, while the 

maximum TRC appears to be constant. 

The shift in the maximum TRC dose observed in Figures 10 and 11 is consistent 

with the demand reported in literature, i.e. 5 ppm Cl2 required for each 1-ppm nitrite 

[61]. 

Although this effect is noticed in both scenarios of high and low ammonia/nitrite 

ratios, the shift in the dose of the maximum TRC is more pronounced when the 

ammonia/nitrite ratio is low, Figure 11. 
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Figure 9 : Flow chart of the structure of the dynamic analysis of chlorination breakpoint. 
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For example, the increase from 1 to 2 ppm of nitrite in Figure 10had caused a 

16.7 % increase in chlorine dosage to reach the maximum in the chlorination curve. 

Yet, the same nitrite increase in Figure 11 had consumed an additional 83.3% of 

chlorine dose to reach to the maximum TRC, owing to the longer rising leg that a system 

Figure 10. Breakpoint Curves with different nitrite content at 5 ppm ammonia content and 

30 mins contact time. 

Figure 11 : Breakpoint curves with different nitrite concentration and 0.2 ppm ammonia 

and 30 mins contact time. 
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with low ammonia/nitrite ratio has compared to a system with high ammonia/nitrite 

ratio. This is a logical finding given that the TRC in the rising leg comprises mainly of 

monochloramine, which is produced upon ammonia and free chlorine reaction (i.e. 

reaction 1 in Table 6). Hence, the higher the ammonia content, the longer the rising leg 

and consequently, the less pronounced the effect of increasing nitrite concentration.  

Figures 10 and 11 also display the insensitivity of the length of the combined 

chlorine region, i.e. the difference between the minimum and maximum TRC, to nitrite 

concentration. In other words, the amount of chlorine required to pass the breakpoint 

region remains unaffected by nitrite concentration. The breakpoint reactions are the 

series of reactions taking place in the combined chlorine zone, and since nitrite does 

not participate in any of these reactions, this region remains independent of nitrite 

concentration.    

4.1.3.2 Effect of ammonia on the chlorination breakpoint 

Figures 12 and 13 represent the breakpoint curves with varying ammonia 

concentrations at high and low ammonia/nitrite ratios, respectively.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 12 : Breakpoint Curves for different ammonia concentrations with 0.1 ppm 

Nitrite and 30 mins contact time 
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In systems containing high ammonia/nitrite ratio, Figure 12, increasing 

ammonia concentration does not affect the slope of the rising leg. However, in systems 

containing low ammonia/nitrite ratio, the slope of the rising leg substantially increases 

with increasing ammonia, as shown in Figure 12. It is crucial to explain this behavior 

by recalling the main reactions occurring in the first zone, shown in Table . 
 

Table 10: Main reactions occurring in the rising leg zone ( i.e. the first zone). 

Reaction 

Ref. 
Reaction Rate Coefficient  

1 HOCl + NH3  NH2Cl + H2O k1 = 4.1 x 103mM-1 s-1 

15 
HOCl + NO2

-
 NO3

- + Cl- + H+ k15 = 1.386x103 mM-1 

s-1 

16 
NH2Cl + NO2

- + H2O  NO3
- + NH+

4 + Cl- k16 = 3.58 x 10-3 mM-

1 s-1 

 

At a low ammonia/nitrite ratio, where nitrite concentration is relatively higher 

than that of ammonia, reactions 1 and 15 compete. Upon increasing ammonia 

concentration, reaction 1 overcomes reaction 15 and monochloramine is produced 

Figure 13 : Breakpoint curves with different ammonia concentration and 1 ppm 

nitrite and 30 minutes contact time. 
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before nitrite demand of free chlorine is fulfilled. Hence, an increase in the slope of the 

rising leg is seen with ammonia concentrations. In the reverse case, where ammonia 

content is comparably high, no competition exists between reactions 1 and 15 and 

reaction 1 is the dominant one. In this case, most of the ammonia content reacts with 

free chlorine before nitrite does. Accordingly, increasing ammonia in this case is not 

expected to affect the slope of the first zone.    

4.1.3.3 Effect of contact–time on the chlorination breakpoint 

 The reactions governing the chlorination breakpoint behavior represent a 

combination of fast and slow reactions. Mathematically, this is referred to as a stiff 

system that may exhibit a distinct behavior at various time intervals [63]. Therefore, 

there is a foreseen influence of the contact time on the disinfected system, which is 

reflected on the chlorination breakpoint curves.  

Figures 14 and 15 show the breakpoint curves at different contact times for 

systems containing high and low ammonia/nitrite ratio, respectively. 

 

 

 

Figure 14 : Breakpoint curves with 0.1 ppm nitrite and 1 ppm ammonia and different 

contact time. 
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Figure 14 shows no pronounced variations between the different curves, 

especially in the rising leg. This observation is expected in light of the adopted reaction 

scheme. The main reaction that takes place during the rising leg in a high 

ammonia/nitrite ratio system is the formation of monochloramine, reaction 1 in Table 

6, which is much faster than the breakpoint reactions. Hence, a longer contact time does 

not impose any noticeable change on the rising leg.  

Alternatively, breakpoint curves produced for water samples containing 1 ppm 

nitrite content and small portions of ammonia of 0.1 ppm, Figure 15, appear to be more 

affected by contact time. Shorter contact time, i.e. 15 min, resulted in a concave-like 

rising leg, while longer contact time, i.e. 120 min, caused convex-like curves. This 

finding is consistent with what Haas and Kara had proposed as a two-phase chlorine 

decay mechanism due to nitrite demand [64]. The two-folded demand is represented by 

reactions 15 and 16 in Table 10. One phase is a fast demand and it causes free chlorine 

decay, reaction 15. The other fold is a very slow demand resulting in monochloramine 

decay. Since the TRC in the rising leg is mainly monochloramine, the slow demand has 

more effect. Allowing high nitrite-containing system to have longer contact time will 

result in more monochloramine being destructed, i.e. nitrite slow demand. The same 

concept may be applied for short contact time; very short contact time will allow 

Figure 15 : Breakpoint curves for 1ppm nitrite and 0.1 ppm ammonia and different 

contact time. 
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monochloramine to form but will not permit their destruction to occur since the latter 

is a slow reaction.  

4.2 Factorial Designs 

4.2.1 Introduction 

The design basis of building and running experiments and simulations, in the 

majority of research areas, is to study the different factors affecting the underlined 

process and to examine the changes they impose to a certain output or set of outputs. 

The intrinsic aim of this, is to optimize the current process and possibly to develop and 

explore new processes. To more effectively serve this purpose, a statistical approach 

can be used to help designing and analyzing the underlined system, referred to as design 

of experiments (DOE). In DOE, a structured approach is followed so the factors having 

major impact on the output is identified with the minimum number of experiments or 

runs [65, 66]. 

A full factorial experiment consists of a minimum of two factors each with 

different discrete possible values, called levels [67, 68]. The experimental runs take into 

account all possible combinations of the different levels across all the possible factors 

[67]. 

4.2.2 Two level factorial designs 

The first step in a factorial design test involves determination of an experimental 

outcome to be tested. The experimental outcome is the variable that the operating 

factors will influence and represents a measure of process performance; this is often 

referred as response variable. The most common factorial design study considers two 

levels, high and low, of k number of factors or inputs. This is known as 2k factorial 

design [67]. Traditionally, in two-level factorial design the response variable is at two 

levels of each operating variable in the process. These operating variables are 

represented as +1 or –1 depending upon their magnitude. The “high” operating 

variables are deemed positive ones (+1) and the “low” operating variables deemed 

negative ones (-1).Considering a 22 factorial design in which the factors X and Y are 

studied at high and low levels. The symbols: (1), a, b, and ab resemble the different 

combinations of runs, shown in Figure 16 [72]. 
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Figure 16 : Combinations of run in 22 factorial design [72]. 

An interaction between two factors exists if the difference between the outputs 

of the different levels is highly sensitive to changes of the levels of the other factor or 

input. In 22 factorial designs, the interactions between factors are graphically 

represented as shown in Figure 17. Parallel lines represent the lack of interaction 

between the two factors while crossing lines reflect a strong interaction between them 

[72].   

 

 

 

 

 

 

 

 

4.2.3 Factorial designs applications in disinfection processes 

The efficiency of applying factorial designs in studies involving two or more 

factors makes it appealing in research of water treatment and disinfection processes. In 

the context of disinfection processes, Xinran Zhang utilized a 23 factorial design 

technique to explore the impact of pH, alkalinity, and UV intensity on the formation of 

certain classes of disinfection by-products, namely HAAs, HANs & THMs. 

Figure 17 : Graphs of interaction effect showing (a) lack of interaction between factor X and Y, 

(b) existence of interaction between X and Y [72]. 

(a)                                                                                       (b) 
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 They were able to prove that UV irradiation with a prior hydrogen peroxide 

addition is the most influential factor to reduce the disinfection by-products by 

degrading their precursors [70]. Another study considered exploring the factors 

affecting trihalomethane formation from the chlorination of aqueous hydrophobic 

fulvic acid [71]. He followed a fractional factorial design strategy, which involves 

center experiments. The five factors considered by Rodrigues et al. are: concentration 

of acid, chlorine dose, temperature, pH and bromide concentration. This approach 

allowed them to determine the independence level of different trihalomethane with 

fulvic acid concentration [71]. 

4.2.4 Factorial analysis on breakpoint chlorination-methodology 

4.2.4.1 Selection of factors and responses 

In this work, three factors: ammonia, nitrite, and contact time, are investigated 

through the use of three-way four-level factorial designs, donated as 43. This approach 

is adapted to determine the most influential operating variable or interaction of 

operating variables on the behavior of the breakpoint chlorination. Four response 

variables are chosen to represent the shape of the breakpoint curve and depict any 

changes on the chlorination profile. The response variables are: the initial slope of the 

rising leg, the dose at which maximum TRC occurs, the dose at which the minimum 

TRC occurs, and the length of the combined region, the four response variables are 

graphically represented in Figure 18. 

 

Figure 18 : Illustration of the selected response variables: initial slope, maximum TRC, 

minimum TRC, and length of combined region, on the breakpoint curve. 
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4.2.4.2 Software Package 

Each of the four response variables is studied in a separate 43 factorial design, 

referred to in the report as response 1, response 2, response 3, and response 4, 

respectively. IBM ® SPSS Statistics ® software is used to perform 4X4X4- 3-way 

Factorial ANOVA. 

4.2.4.3 Data generation and handling 

Large number of experiments covering the possible ranges of each of the three 

factors was generated using the developed model. Table 11 represents the different 

levels considered for each factor, which was selected taking into consideration the range 

of each factor that possibly occurs in wastewater treatment facilities.        

Table 6: Values considered in the factorial analysis for each factor 

Independent 

variable 

(Factor) 

Levels of factors 

Numb

er of 

levels 

Ammonia 

(ppm) 

0.2, 0.5, 1, 1.7,1.8, 2.2, 2.6, 3.2, 3.4, 3.9, 4.2, 4.7, 5, 

5.6, 5.8, 6.2, 6.6, 7.3, 7.4, 7.7, 8.2, 9, 9.8, 10.6, 10.7, 

11.4, 12.2, 12.4, 13, 13.8, 14.6, 15.4, 16.2, 17, 17.8, 

18.6, 19.4 

37 

Nitrite 

(ppm) 

0, 0.2, 0.25, 0.275, 0.55, 0.825, 1.1, 1.25, 1.375, 1.65, 

1.7, 1.925, 2.2, 2.25, 2.475, 2.75, 3.025, 3.2, 3.25, 3.3, 

3.575, 3.85, 

4.125, 4.25, 4.4, 4.675, 4.7, 4.95, 5, 5.225, 5.25, 5.5, 

5.775, 6.05, 6.2, 6.25, 6.325, 6.6, 6.875, 7.15, 7.25, 

7.425, 7.7, 7.975, 

8.25, 8.525, 8.8, 9.075 

48 

Contact time 

(min) 

15, 20, 30, 35, 45, 50, 60, 65, 75, 80, 90, 95, 110, 120, 

125 

15 

 

Grouping has been adopted to reduce the levels of each variable to four levels 

and to allow for easier interpretation of the results. Five-point summary is a descriptive 

set of data that provides a concise statistical summary of the data and allow for diving 

the set of data to four levels [69].  
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In this analysis, four quartiles are generated for each independent variable based 

on statistical five-point summary involving: maximum, quartile 3, median (i.e. quartile 

2), quartile 1, and minimum, for the data of each variable. The grouping technique is 

outlined in Table 12. 

Table 7 : Data grouping based on 5-point summary statistics. 
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Max 19.40 9.08 125.0 144.50 201.36 1.00 57.05 

Q3 13.35 6.66 77.5 101.19 139.89 0.60 38.46 

Median 7.30 4.25 30.0 57.89 78.43 0.19 19.86 

Q1 3.75 2.13 22.5 29.42 40.06 0.10 10.18 

Min 0.20 0.00 15.0 0.94 1.69 0.00 0.50 

 

Based on the five point summary statistics, independent variables were 

clustered into four groups each representing a level for the purpose of 3 way ANOVA, 

43 factorial analysis. The range of the levels for each factor is presented in Tables 13 

through 15. 

Table 13: Range of values per group level for ammonia 

Independent 

Variable 
Range of values  

Group level 

value 

Number of Data 

points at each 

Group level 

Ammonia 

content 

0.20 to 3.749 ppm 1 410 

3.75 ppm to 7.299 ppm 2 340 

7.30 ppm to 13.349 

ppm 
3 564 

>= 13.35 ppm 4 272 

  TOTAL 1586 
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Table 14: Range of values per group level for nitrite 

Name of 

Independent 

Variable 

Range of values for 

Grouping 

Group 

level value 

Number of Data 

points at each 

Group level 

Nitrite 

 

0.00 ppm to 2.129 ppm 1 404 

2.13 ppm to 4.249 ppm 2 364 

4.25 ppm to 6.659 ppm 3 493 

>= 6.66 ppm 4 325 

  TOTAL 1586 

 

Table 15: Range of values per group level for contact time 

Independent 

variable (factor) 

Range of values for 

Grouping 

Group level 

value 

Number of 

data points  

Contact time 

(min) 

15 min to 22.49 min 1 104 

22.5 min to 29.99 min 2 886 

30 min to 77.49 min 3 300 

>= 77.5 min 4 296 

  TOTAL 1586 

 

4.2.5 Factorial analysis on breakpoint chlorination-results and discussion 

4.2.5.1 Factorial analysis for response 1 (Initial Slope) 

The main results of the factorial analysis in this work include Lenvene’s test 

and ANOVA table. Lenvene’s test is used to confirm or reject the null hypothesis of 

homogeneity of variance, i.e. the existence of equal variance. If p <0.05, it indicates a 

statistically significant result, meaning that we reject the null hypothesis and assume 

the variances are different or unequal variances exist. If p >0.05, the result is not 

considered statistically significant and we fail to reject the null hypothesis. When the 

null hypothesis is retained, we assume homogeneity of variances or equal variances 

[71]. 
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Levene’s test for factorial analysis of response 1, i.e. initial slope, is presented 

in Table 16.  The test indicated unequal variances (F = 54.403, p = 0.000) and confirmed 

that assumption of homogeneity of variance has not been met. Hence, initial slope has 

different variability across each of the three groups of ammonia, nitrite and contact 

time. 

Table 16: Levene's Test of Equality of Error Variancesa for initial slope 

Levene's Test of Equality of Error Variancesa 

Dependent Variable: Initial Slope 

F df1 df2 Sig. 

54.403 51 1534 0.000 

Tests the null hypothesis that the error variance of the dependent variable is equal 

across groups. 

a. Design: Intercept + Group1 + Group2 + Group3 + Group1 * Group2 + Group1 * 

Group3 + Group2 * Group3 + Group1 * Group2 * Group3 

 

ANOVA results, expressed in Table 17, expressed no statistically significant 

three-way interaction between group 1 (i.e. ammonia), group 2 (i.e. nitrite content) and 

group 3 (i.e. contact time), with F (18, 1534) = 1.25, p = 0.211 for initial slope. Yet, it 

may be noted that an interaction effect between ammonia and nitrite groups exists and 

between nitrite and contact time, with lesser effect, on initial slope values.  

Main effect is also present for each of the three factors independently with nitrite 

having the highest effect followed by ammonia and contact time, with F (3, 1534) = 

1470.91, F (3, 1534) = 181.85, and F (3, 1534) = 95.76, respectively.  
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Table 17: Tests of Between-Subjects Effects 

Tests of Between-Subjects Effects 

Dependent Variable:  Initial Slope 

Source 
Type III Sum 

of Squares 
df 

Mean 

Square 
F Sig. 

Corrected Model 113.179 51 2.219 175.278 0.00 

Intercept 72.958 1 72.958 
5762.43

1 
0.00 

Group1 6.907 3 2.302 181.849 0.00 

Group2 55.870 3 18.623 
1470.91

0 
0.00 

Group3 3.637 3 1.212 95.755 0.00 

Group1 * Group2 1.068 9 0.119 9.370 0.00 

Group1 * Group3 0.079 6 0.013 1.041 0.39 

Group2 * Group3 0.354 9 0.039 3.105 0.01 

Group1 * Group2 * 

Group3 
0.285 18 0.016 1.252 0.21 

Error 19.422 1534 0.013   

Total 275.197 1586    

Corrected Total 132.601 1585    

a. R Squared = 0.854 (Adjusted R Squared = 0.849) 

 

Plots in Figure 19 show that increasing nitrite concentrations marks a decrease 

in the initial slope. While this is observed throughout all ammonia groups, it is more 

pronounced in the smaller ammonia group; the larger the ammonia group, the narrower 

the gap between the curves of different nitrite levels. Ammonia, on the contrary, 

showed an inverse effect to that of nitrite, as increasing ammonia raised the initial slope 

of the rising leg.  
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Although, the ANOVA results, indicated in Table 17, showed an interaction 

effect between nitrite and contact time on the initial slope, the plots of the estimated 

marginal means, Figure 19, showed that this interaction occurs at higher levels of nitrite 

only and that is irrespective of ammonia level, which is in agreement with the results 

of the dynamic analysis discussed in section 4.1.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(A) (B) 

(C) (D) 

Figure 19 : Estimated marginal means for initial slope at (A) ammonia group ranging from 0.2 to 

3.749 ppm (B) ammonia group ranging from 3.75 to 7.299 ppm (C) ammonia group ranging from 

7.3 to 13.349 ppm. 
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4.2.5.2 Factorial analysis for response 2 (maximum TRC) 

Levene’s test, as shown in Table 18, indicated unequal variances for maximum 

TRC results (F = 4.89, p = 0.000).  

This confirms that assumption of homogeneity of variance has not been met and 

maximum TRC has different variability across each of the three groups of ammonia, 

nitrite and contact time.  

Table 18: Levene's Test of Equality of Error Variances 

Levene's Test of Equality of Error Variancesa 

Dependent Variable:  Maximum 

F df1 df2 Sig. 

4.899 51 1534 0.000 

Tests the null hypothesis that the error variance of the dependent variable is 

equal across groups. 

a. Design: Intercept + Group1 + Group2 + Group3 + Group1 * Group2 + Group1 

* Group3 + Group2 * Group3 + Group1 * Group2 * Group3 

 

It is deduced from ANOVAresults, presented in Table 19, that there was no 

statistically significant three-way interaction between group 1 (i.e. ammonia) group 2  

(i.e. nitrite) and group 3 (i.e. contact time), F (18, 1534) = 0.022, p = 1.000. 

 However, there is main effect of each of the factors independently:  ammonia 

content F (3, 1534) = 3562.44, p =0.000, nitrite content F(3,1534) = 595.65, p = 0.000 

and contact time F(3, 1534)=18.94, p = 0.000. 
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Table 19: Tests of Between-Subjects Effects 

Tests of Between-Subjects Effects 

Dependent Variable:   Maximum 

Source 
Type III Sum of 

Squares 
Df 

Mean 

Square 
F Sig. 

Corrected Model 1387828.880a 51 27212.331 374.207 0.00 

Intercept 2723901.802 1 
2723901.80

2 

37457.38

5 
0.00 

Group1 777181.778 3 259060.593 3562.438 0.00 

Group2 129946.931 3 43315.644 595.649 0.00 

Group3 4130.927 3 1376.976 18.935 0.00 

Group1 * 

Group2 
30.305 9 3.367 0.046 1.00 

Group1 * 

Group3 
338.823 6 56.470 0.777 0.58 

Group2 * 

Group3 
170.984 9 18.998 0.261 0.98 

Group1 * 

Group2 * 

Group3 

29.414 18 1.634 0.022 1.00 

Error 111552.512 
15

34 
72.720   

Total 7454484.333 
15

86 
   

Corrected Total 1499381.392 
15

85 
   

a. R Squared = 0.926 (Adjusted R Squared = 0.923) 

 

Figure 20 shows the estimated marginal means of maximum TRC for the 

different combinations of groups of ammonia, nitrite, and contact time. It is observed 
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that irrespective of the level of ammonia or nitrite, contact time ranging from 22.51 min 

to 30 minutes generates statistically higher maximum TRC. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Interestingly, this is approximately the time required to attain the maximum 

monochloramine concentrations as reported in various experimental studies 

[31,32,56]. Since residuals at maximum TRC mainly comprise of monochloramine, 

the level of maximum TRC increases from the start of the reactive system until 

monochloramine formation threshold is reached, which occurs in a time span of 22 to 

30 minutes [31, 32, 56]. 

After 30 minutes, the maximum TRC decreases due to the destruction of 

monochloramine. It is also shown in Figure 20 that the slope of the increase in 

maximum TRC from time 0 to 22.51 mins escalates as ammonia level increases. Since 

(A) (B) 

(C) (D) 

Figure 20 : Estimated marginal means for maximum TRC at (A) ammonia group ranging from 

0.2 to 3.749 ppm (B) ammonia group ranging from 3.75 to 7.299 ppm (C) ammonia group 

ranging from 7.3 to 13.349 ppm (D) ammonia group more than 13.35 ppm 
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ammonia is the precursor of monochloramine, it is intuitive that the higher the ammonia 

concentration, the more monochloramine the system can form, and subsequently, the 

higher the maximum TRC. Another observation to be remarked is that maximum TRC 

values shifts upwards with increasing any of ammonia or nitrite levels. The discussion 

of this observation will be discussed in the following section with the results of response 

3, i.e. in section 4.2.5.3.  

4.2.5.3 Factorial analysis for response 3 (minimum TRC) 

Levene’s test for response 3 (i.e. minimum TRC), displayed in Table 20, 

indicated unequal variances (F = 6.52, p = 0.000) and confirmed the failure of the null 

hypothesis of homogeneity of variance. Hence, minimum TRC has different variability 

across each of the three factors of ammonia, nitrite and contact time.  

Table 8: Levene's Test of Equality of Error Variances 

Levene's Test of Equality of Error Variancesa 

Dependent Variable:  Minimum 

F df1 df2 Sig. 

6.522 51 1534 0.000 

Tests the null hypothesis that the error variance of the dependent variable is equal 

across groups. 

a. Design: Intercept + Group1 + Group2 + Group3 + Group1 * Group2 + Group1 * 

Group3 + Group2 * Group3 + Group1 * Group2 * Group3 

 

ANOVA results, shown in Table 21, display no statistically significant three-

way interaction between factor 1 (i.e. ammonia content), factor 2 (i.e. nitrite content) 

and factor 3 (i.e. contact Time), since F(18, 1534) = 0.021 and p = 1.000, for minimum 

TRC. However, each of the three factors: ammonia, nitrite, and contact time is having 

an independent effect with the highest effect of ammonia with F (3, 1534) = 3983.49, 

p =0. 000. Least main effect is exerted by contact time duration with F (3, 1534)=25.98, 

p=0.000. Nitrite effect fall in between that of ammonia and contact time with F (3, 

1534) = 269.55, p=0.000. 
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Table 9: Tests of Between-Subjects Effects 

Tests of Between-Subjects Effects 

Dependent Variable:  Minimum 

Source 

Type III 

Sum of 

Squares 

df 
Mean 

Square 
F Sig. 

Corrected Model 3019725.290a 51 59210.300 368.41 0.00 

Intercept 5060539.352 1 
5060539.35

2 

31487.1

7 
0.00 

Group1 1920648.753 3 640216.251 3983.48 0.00 

Group2 129962.687 3 43320.896 269.54 0.00 

Group3 12524.472 3 4174.824 25.97 0.00 

Group1 * 

Group2 
66.452 9 7.384 0.04 1.00 

Group1 * 

Group3 
1273.316 6 212.219 1.32 0.25 

Group2 * 

Group3 
174.526 9 19.392 0.12 0.99 

Group1 * 

Group2 * 

Group3 

60.673 18 3.371 0.02 1.00 

Error 246540.640 1534 160.717   

Total 
14469266.42

9 
1586    

Corrected Total 3266265.930 1585    

a. R Squared = 0.925 (Adjusted R Squared = 0.922) 

 

Theplots of the estimated marginal means of the minimum TRC, shown in 

Figure 21, resembel many similarities with plots of response 1 (i.e. maximum TRC), 

respresented in Figure 21.  
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Akin to the behaviour depectied in studying response 2 (i.e. maximum TRC), 

minimum TRC curve shifts upward as ammonia or nitrite rises. This can be visulaized 

as a shift in the breakpoint curve towrads the right, the observation that is  in agreament 

with results of the dynamic analysis study in section 4.2.Also, marginal means of 

minimum TRC markes an increase up utill a time range of  22.51 to 30 mins after which 

the minimum TRC value shows a decline with time. This was seen during the study of  

maximum TRC in Figure 20, which is again related to time required for the formation 

of monochloramine. Besides, the behaviour of maximum and minimum TRC with time 

across the different ammonia levels, shown in Figures 20 and 21, respectively, 

(A) (B) 

(C) (D) 

Figure 21 : Estimated marginal means for minimum TRC at (A) ammonia group ranging from 

0.2 to 3.749 ppm (B) ammonia group ranging from 3.75 to 7.299 ppm (C) ammonia group 

ranging from 7.3 to 13.349 ppm (D) ammonia group more than 13.35 ppm 
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revealsinformation about the time frame of monochloramine destruction at various 

ammonia levels. At high ammonia levels, the plots in Figures 20 and 21 show a steeper 

slope after 30 mins. This indicates that higher ammonia concentration results in a faster 

monochloramine destruction.      

4.2.5.4 Factorial analysis for response 4 (length of combined region) 

As it is the case with the pervious responses, the assumption of homogeneity is 

denied for the length of the combined region across each of ammonia, nitrite, and 

contact time. Levene’s test, shown in Table 22, indicated (F = 8.78, p = 0.000) which 

confirms the failure of the null hypothesis.  

Table 10: Leven’s Test of Equality of error variances 

Levene's Test of Equality of Error Variancesa 

Dependent Variable:   Length of Combined Region 

F df1 df2 Sig. 

8.781 51 1534 0.000 

Tests the null hypothesis that the error variance of the dependent variable is 

equal across groups. 

a. Design: Intercept + Group1 + Group2 + Group3 + Group1 * Group2 + Group1 

* Group3 + Group2 * Group3 + Group1 * Group2 * Group3 

 

ANOVA analysis for the length of the combined region is shown in Table 23. 

Ammonia is having the main effect with a lesser effect of contact time and a non-

existing one of nitrite. The negligible effect that nitrite exerts on the length of the 

combined region tells that the effects of nitrite is equal on both maximum TRC and 

minimum TRC, which retains the length of the combined region.  There is also an 

interaction effect of ammonia and contact time. But there is no significant interaction 

effect of ammonia, nitrite and contact time on the length of the combined region. 
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Table 11: Tests of Between-Subjects Effects 

Tests of Between-Subjects Effects 

Dependent Variable:   Length of Combined Region 

Source 
Type III Sum 

of Squares 
df 

Mean 

Square 
F Sig. 

Corrected Model 358441.866a 51 7028.272 363.089 0.00 

Intercept 358968.144 1 358968.144 18544.729 0.00 

Group1 254321.681 3 84773.894 4379.522 0.00 

Group2 0.184 3 0.061 0.003 1.00 

Group3 2824.091 3 941.364 48.632 0.00 

Group1 * 

Group2 
7.903 9 0.878 0.045 1.00 

Group1 * 

Group3 
585.185 6 97.531 5.039 0.00 

Group2 * 

Group3 
0.412 9 0.046 0.002 1.00 

Group1 * 

Group2 * 

Group3 

6.301 18 0.350 0.018 1.00 

Error 29693.458 1534 19.357   

Total 1210386.001 1586    

Corrected Total 388135.324 1585    

a. R Squared = 0.923 (Adjusted R Squared = 0.921) 

 

Plots of estimated marginal means confirm above ANOVA results. Plots are 

shown in Figure 22. Curves of different nitrite groups are almost overlapping, except 

for contact time below 30 minutes where the different curves show small gaps. These 

gaps get narrower with increasing ammonia concentration. High ammonia 
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concentration in the system shields the effect of nitrite on the length of the combined 

region, which is complying with results of the dynamic analysis in section 4.2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.2.5.5 Ammonia/Nitrite ratio studies 

 As seen in the results of the factorial analysis and the dynamic analysis, 

ammonia and nitrite may have different effects on the chlorination curve depending on 

ammonia/nitrite ratio. In order to quantitatively screen the influence of ammonia/nitrite 

(A/N) ratio on each of the four response variables: ammonia, nitrite, contact time, and 

length of combined region, a new set of data was generated covering a spectrum of A/N 

(A

) 

(B

) 

(C

) 

(D

) 

Figure 22 : Estimated marginal means for length of combined region at (A) ammonia group 

ranging from 0.2 to 3.749 ppm (B) ammonia group ranging from 3.75 to 7.299 ppm (C) 

ammonia group ranging from 7.3 to 13.349 ppm (D) ammonia group more than 13.35 ppm. 
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ratios ranging from 0.1 to 7.08 at a fixed contact time of 30 minutes. Details of data 

generated are present in Table 24. 

Table 12: Data generated for ammonia/nitrite ratio studies 

 A/N ratio range Nitrite group  

Low A/N ratio  A/N < 0.81 
0.1 To 15.39  

(Clustered into nine 

levels)  

Medium A/N ratio  0.81 =< A/N < 3 

High A/N ratio  A/N > = 3 

 

The results for each response are generated and plotted as shown in Figures 23 

through 26. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 23 : Estimated marginal means of maximum TRC with different A/N ratio ranges. 
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Figure 24 : Estimated marginal means of minimum TRC with  different A/N ratio ranges. 

Figure 25 : Estimated marginal means of length of combined region with different A/N ratio 

ranges. 
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The Figures 23 through 26 show that A/N ratio around 3 resembles a turning 

point in the behavior of the four studied response variables. For A/N ratios exceeding 

3, maximum TRC, minimum TRC, and the length of the combined region show an 

exponentialincreasedue to rising ammonia and nitrite concentrations. A/N ratio of 3 is 

deemed a point of inflection on the behavior of the initial slope. Increasing ammonia 

and nitrite concentrations beyond this ratio results in increasing the initial slope as 

opposite to decreasing it beyond this ratio.  

 Referring to the outcomes obtained in the dynamic analysis study in section 4.2, 

increasing ammonia generally resultsin increasing each of the studied response 

variables (i.e. maximum TRC, minimum TRC, length of combined region, and initial 

slope), while increasing nitrite typically results in decreasing each of these variables. In 

light of this, the observations marked in Figures 23 through 26 could be interpreted as 

such:  the effect of ammonia increase seems to be prevalent over that of nitrite for A/N 

ratios beyond 3, while the effect of nitrite and ammonia remains comparable below this 

ratio, i.e. the effect of nitrite is competing with that of ammonia.  

This observation that ammonia/nitrite ratio studies show, agrees with 

literature.It is reported in literature that when ammonia exists in a relatively higher 

Figure 26 : Estimated marginal means of initial slope with different A/N ratio ranges. 
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concentration, it suppresses the effect of nitrite on the rising leg [61, 64]. However, this 

study helped in determining the ratio around which this phenomenon occurs, that is: 

A/N ratio around 3.   
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Chapter 5: System Characterization and Control 

5.1 Introduction and Overview 

 As mentioned earlier, the chlorination breakpoint curve consists of three 

regions. The first region contains monochloramine as a disinfectant, while the second 

and the third contain combined chlorine and free chlorine, respectively. Among these 

regions, the combined region offers the least disinfection quality as it mainly contains 

dichloramines and trichloramines, which are not quite strong disinfectants, besides the 

acute odor associated with them [22]. At the same time, the excessive amount of free 

chlorine in the system will result in trihalomethane formation. Most of the wastewater 

treatment facilities keep a fixed chlorine dosage applied to the effluent despite the 

seasonally varying concentrations of ammonia and nitrite throughout the year. Having 

a fixed chlorine dosage against fluctuating ammonia and nitrite concentrations leaves 

possibility of trihalomathane formation if the system falls far in the free chlorine region, 

or bad odor development with poor disinfection if it falls in the combined chlorine 

region.    

In this study, fuzzy control logic is integrated with ANN-based system 

characterization in the aim to solve this issue and provide a more efficient and 

economical disinfection. ANN has been developed to predict the dose at which the 

maximum and the minimum chlorine residual occur for a given ammonia and nitrite 

concentration. This allows the fuzzy logic to characterize the region at which the 

disinfection system is operating and decide the control action accordingly. The 

following sections of this chapter will discuss the details of the ANN modelling and the 

fuzzy control system, respectively.     

5.2 System Characterization - Artificial Neural Network (ANN) Modelling 

5.2.1 Introduction to ANN 

 Artificial neural networks, (ANN), known as neural networks, are a kind of 

artificial intelligence, based- to an extent- on the general structure of the brain. The 

extremely branched system of networks copies the manner in which the brain keeps 

information by altering the weights of the synapses that link node layers. According to 

Rodriguez and Sérodes, neural networks have the ability to learn the pattern from the 

data, which facilitate mapping complicated input-output connections [74]. An ANN 

does not demand a micro- or macroscopic illustration of the process; as the network 
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does not assume the interactions to be modeled [75-77] As a matter of fact, an initial 

knowledge about the system is not of any considerable significance with regard to the 

modelling process; which make ANNs tagged as ‘black box’ modelling. 

Modelling through neural networks has quite a number of advantages. They can 

actually make predictions from multiple inputs with simultaneous as well as 

independent fluctuations [80]. Even if the input data are incomplete, or certain parts of 

the network malfunction, the networks performance will show minimal deterioration 

[77, 81]. This feature is of particular importance in application where process control 

inputs data are fed to models in real-time basis by instruments that are subject to 

periodic failure. At the same time, the numerous advantages of ANN do not come on 

the expenses of complicated programming. In fact, a variety of user-friendly software 

platforms are available for developing and applying neural networks with the 

availability of numerous modelling packages and customizable features. In addition, 

ANNs have the capacity to operate a wide range of non-linear interactions and data 

trends [83, 85]. This led to the implementation of ANNs in several problems; including 

forecasting, prediction, as well as process control [81]. 

5.2.1.1 Structure and operation 

 As Maier stated, a neural network consists of a number of vital components: 

neurons, or perceptrons (also referred to as processing units), relationships with 

associated weights, an activation function, a learning strategy, and a number of 

functions for input and output scaling [85]. Figure 27 illustrates how a neuron processes 

the input data. Input signals are usually multiplied by their corresponding weights and 

added up, and the result will be the input for a non-linear activation fraction, which can 

be represented in different ways [83]: 

 

𝑧 =  ∑ 𝑤𝑖𝑥𝑖

𝑛

𝑖

 
(18) 

𝑦 = 𝑓(𝑧)    (19) 
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 Where 𝑥𝑖 stands for the value of the ith input, 𝑤𝑖 represents the weight multiplier 

for the same ith input, 𝑧 stands for the summation of the weighted inputs, and 𝑦 stands 

for the neurons output value.  

 

Figure 27 : An artificial neuron [83] 

A multilayer perceptron (MLP) has its neurons arranged in layers, as shown in 

Figure 28. All the neurons in the input layer are responsible for linear scaling and are 

not regarded as the actual processing unit. The scaling functionality of the input neurons 

maps the input onto a range of {-1,1}. Arbitrary initial weights are usually assigned to 

the connecting synapses, which are adjusted in the course of the training process based 

on a learning rule. The network illustrated in Figure 28 is called ‘fully linked’; as each 

neuron is connected to all other neurons in the neighboring layers [82-84]. The central 

layer is also called the hidden layer, as it only processes signals not visible to the user. 

 

Figure 28 : A multilayer perceptron network [82] 
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5.2.1.2 Options and variations 

 According to Haider et at., there are two main types of MLPs: the inverse process 

model (IPM) and the forward process model (FMP) networks [87]. A typical process 

model uses certain input parameters that depict the process to forecast their outcome, 

which is essential in specific problem cases like photo recognition and classification; 

but is not useful for process control. If process control purposes are essential, then a 

trial and error method is required to identify the best setting. 

 While FMP is not designed for direct process control, IPM is designed 

specifically for controlling purposes. Here, the user is allowed to specify a target result 

by simply switching the output with a control parameter input, and the trained network 

is able to yield the optimal input parameter value to achieve the desired process 

conditions, as illustrated in Figure 29 [77]. 

 

Figure 29 : A forward process model and corresponding inverse process model [77] 

5.2.2 Model development process 

The general process for developing neural networks is given below [80] 

• Collection of data and statistical analysis 

• Selection of output and input parameters 

• Selection of Design 

• Training 

• Adjusting of network parameters 

• Assessment of network stability and performance.  
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 The development process should not necessarily go in order, as it might not be 

until the end that the importance of certain input parameters and which of them are 

redundant or insignificant is made clear. Designing, training, and assessing the model 

can be quite iterative. To ensure that the best model is developed, it is advisable to 

always perform a trial and error test, so as to get the best arrangements for neurons, 

scaling and activation function, and weight initialization [82]. 

5.2.2.1 Raw data analysis 

 Subsequent to data collection, statistical analysis is important to be carried out, 

before proceeding to design and train a network [75]. It is necessary to assess the 

measurement noise, and be sure to rid out any outliers from the data set. The data must 

also be divided into sets for training, validation and testing; a ratio of 3:1:1 is suggested 

in literature [75-77]. The existence of a linear relationship between the network output 

and a particular proposed input, indicates the importance of that input to be utilized in 

training the network. However, parameters which lack this linear correlation are not 

ruled out and may still be of a similar importance, if not more; as the process of water 

treatment itself is not always a linear process [78-79]. After the network has been 

trained and assessed, further assessment can be done, as well as input selection.  

5.2.2.2 Selection of input parameters 

 It is very crucial to ensure that the input parameters for the neural network are 

selected properly and under the best conditions, as some input parameters might be 

related with each other, some may have excessive measurement noise, and some may 

not even relate to the output in any way. Initial criterion for choosing input parameters 

is the degree to which the input relates to the output [84-85]. One effective method that 

can be employed is to start off with several parameters, and then screen them afterwards 

through sensitivity analysis, so as to eliminate the irrelevant ones [85]. Bowden et al. 

listed a number of methods, which can be used in input selection [78]. They include: 

• Making use of a previous knowledge of the system you want to model 

• Linear cross-correlation with the output data 

• Extraction of information directly from a trained network 
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5.2.2.3 Network training 

 Neural network training is accomplished by a number of available computer 

programs like Matlab or NeuroSolutions. The network is fed with historical input data 

and their corresponding outputs value [82]. The weights linking the neurons are attuned 

automatically, so as to minimize the error between the given output and the output 

produced by the network [76,81,86]. The network must be sufficiently trained, so as to 

be able to copy the trends in the connections to be modeled without copying the noise 

in the training data set [79]. To that end, cross-validation data patterns are usually 

presented to the network at regular intervals throughout the course of the training 

procedure. Training is assumed complete when the error gets to a minimum level, or 

when a definite maximum number of training rounds have been carried out [87]. 

5.2.2.4 Analysis of results and performance 

 Using the testing data set, which was not employed during the training 

procedure and thus has not yet been identified by the network, the network is assessed 

as soon as training reaches completion. The stability of the network can be assessed by 

arbitrarily separating the data into new whole sets for training, validation and testing 

[75,81,85]. If the network is deemed stable, the performance will not be altered when 

the network is trained again and tested using the fresh data divisions. The network 

performance assessment is usually based on an R-squared value, mean squared error 

(MSE), and the mean absolute error (MAE) [79]. This R-squared is derived by plotting 

model-projected values against known output data, and it directly indicates the level of 

relationship that exists between the two data sets. A high R-squared value indicates a 

good model, while a low R-squared value means a poor connection, as well as a poor 

model performance. 

MAE is evaluated using the formula [79]: 

𝑀𝐴𝐸 =  
∑ 𝐼𝑋𝑖 − 𝑋𝑃𝑖𝐼

𝑛
𝑖=1

𝑛
 

(20) 

𝑿𝒊 and 𝑿𝑷𝒊represent the real and forecasted model output values, respectively, and 𝒏  

indicates number of data points used in model testing. The equation for MSE is: 
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𝑀𝑆𝐸 =  
∑ (𝑋𝑖 − 𝑋𝑃𝑖)

2𝑛
𝑖=1

𝑛
 

(21) 

5.2.3 ANN modelling in water treatment processes 

5.2.3.1 Applications of ANN modelling 

Physical and chemical wastewater treatment processes are difficult and 

complex by nature and are often not thoroughly understood [82]. As a result, advanced 

control techniques are rarely found in wastewater treatment facilities, and process 

control is mainly achieved via either general heuristics or the operators’ knowledge 

and experience. However, this is an inefficient and time-consuming method, and more 

significantly, does not conform to the recent regulations to reduce the formation of 

disinfection by products [82]. Neural networks have proven ideal for this task. The 

use of ANNs does not mandate the modeller to be entirely aware of the basic kinetic 

of the system being modelled [84]. And since the chemistry and the mechanism for 

the formation of disinfection by products are not well defined, ANN is ideal for 

modelling DPB formation [82].     

Neural networks employed in water treatment processes function as inferential 

sensors; that is, they have a forecasting ability, and they can set up connections 

between easily-measured parameters and output parameters which are usually much 

more complex, expensive and time-consuming to measure [82-84]. Baxter et. al. 

define two kinds of neural network platforms [76]. They are: 

• Process Optimization 

• Virtual Laboratory 

The first one is used to enhance online unit systems by altering chemical 

doses, as well as other conditions for operation. Conversely, the second one can be 

employed in carrying out simulated experiments, and can also be utilized as a device 

for carrying out training of operators [76]. 

5.2.3.2 Existing ANN models in water treatment unit processes 

 Recently, the potential of the ANN methodologies have become increasingly 

observed to the water treatment services; and this has led to the development of a 

number of model applications in quality of water and demand forecasting, treatment, 
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and distribution. Regarding the quality of water and demand prediction, various models 

have been designed for THMs formation [79], prediction of the salinity of source water 

[80], prediction of the colorof the raw water [81], and prediction of water demand [75]. 

Process models have been designed to model physical processes like coagulation to 

optimize alum and polymer dose [82]. It was also employed in lime dose and rigidity 

in softening [76], as well as turbidity and removal of color [77]. 

Modelling chlorine concentrations in the distribution system has been proved as 

a successful application of ANNs. Rodriguez et al., made use of an ANN model to 

predict chlorine residuals in a Severn Trent Water Ltd (U.K) circulation system, and 

discovered that ANNs possess great potential to replicate the dynamics of chlorine 

decay within a circulation system [74].  

The outcome showed that the ANNs have the capacity to learn non-linear 

complex connections between the data, as ANN model was more effective in providing 

better forecasts than the linear autoregressive model. Giibbs et al., made use of three 

different data-driven techniques, of which two were based on ANN modelling, in order 

to forecast residuals at two main locations in the Hope Valley Distribution System in 

Southern Australia [84]. The outcome showed the capacity of ANNs to foretell chlorine 

concentrations in a complicated distribution system, which has no hydraulic model, and 

where only regularly measured data are available to be utilized as inputs. Bowden et 

al., also applied a model of ANN to predict chlorine concentrations in the Myponga 

distribution system in Adelaide [78]. The outcome showed that ANN models have the 

capacity to predict chlorine concentrations in a distribution system to a great precision. 

5.2.4 Results and discussions 

As mentioned earlier, ANN is utilized as the tool for system characterization 

facilitating the establishment of a control system for the chlorination process, which 

will be presented and discussed later in section 5.3. ANN will correlate ammonia and 

nitrite concentration with the dose at which the maximum and the minimum TRC 

occurs. Large number of data points covering the minimum and the maximum possible 

values of ammonia and nitrite was generated using the earlier developed model. Table 

25 below shows the ranges of ammonia and nitrite considered for data generation.  
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Table 13: Data generated for the ANN development 

Ammonia Range  
0.2 to 20 ppm with increment of 0.6  (34 levels 

concentrations) 

Nitrite Range 
0 to 9.075 ppm with increment of 0.275 (34 levels of 

concentrations) 

Total number of 

runs  
1156 data points  

 

 The architecture of ANN was selected to be feed-forward with twenty hidden 

layers. Figure 30 illustrates the neural network generated by MATLAB ©.  70% of the 

experimental data was used for the training step that was performed through the 

function trainlm. Trainlm is among the most widely used training function as it follows 

Levenberg-Marquardt training algorithm [75].   

 

 

 

 

 

 

 

 

 

In order to validate the strength of the network generated the sum of the squared 

differences between the experimental and the predicted values is obtained and 

considered to be the performance function, where smaller values predict strong 

correlation. The regression plot generated is shown in Figure 31. The ANN was able to 

provide excellent prediction. 

1 

1 

Figure 30 : Neural Network layers generated by MATLAB © 
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5.3 Fuzzy Logic and Control 

5.3.1 The concept of fuzzy sets and fuzzy logic 

 Fuzzy logic is a protocol of thinking in which objects are grouped together 

based on their degree of relation to one another. It is first conceptualized by Dr. Lotfi 

Zadeh in 1965 in his paper “Fuzzy Sets: Information and Control” [86-87]. Fuzzy logic 

can be seen as a bridge between traditional human experience and programing 

computing language. In fact, fuzzy logic is sometimes called “soft computing,” as it 

takes into account the transient and mutable nature of the human experience that is 

based on an intuitive thinking process [88].  

Human language patterns rely heavily upon qualitative expressions and such is 

the case in fuzzy logic. Since the qualitative expression is inherently less precise than 

numbers, the application of fuzzy logic allows for less restrictive solutions. Fuzzy logic 

is predicated on the concept of a fuzzy set that lacks crisp boundaries, on the contrary 

to classical set.  

Figure 31 : ANN regression plot for maximum TRC prediction 
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Figure 32, depicts the difference between a fuzzy set and a classis one through 

classifying the months of the years to the four seasons.   

 

 

 

5.3.2 Fuzzy logic in control 

5.3.2.1 Overview 

 One of the very first fields that fuzzy logic had found its way through is the 

control field. Given the complexity of many of the engineering problems and the 

various factors and parameters being involved in actual control processes, adopting a 

fuzzy logic control is sometimes a necessity. Process parameters in industries and their 

effects are known but rarely in an accurate and precise fashion. The concept behind the 

fuzzy logic control (FLC) is to utilize the available knowledge and experience about 

the process to build representing fuzzy rules that can be used for process control. In 

essence, FLC is a feedback type of control that utilizes qualitative information through 

using linguistic rules of the IF-THEN form [86-89]. The main components of the fuzzy 

logic control are [90]: 

 Fuzzifiction of the input variables through membership construction 

 Fuzzy control rules governing the fuzzy input and outputs  
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Figure 32 : Conceptualizing the seasons of the year in (A) classical sets versus (B) fuzzy sets 
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 Fuzzy inference system to combine the membership functions along with 

the rules to derive the fuzzy outputs 

 Defuzzification through which real output values are retained from the fuzzy 

outputs.  

Figure 33 illustrates how the four main components are integrated to construct an FLC 

system.  

 

 

 

 

 

 

  

 

 

5.3.2.2 Fuzzification and membership 

 In the realm of fuzzy logic, each point in the input space is assigned a 

membership value between 0 and 1, which is referred to as µ.  

The membership value quantifies the degree of the membership of each input 

to a specific set. Considering the example of classifying the months of the year, the 

membership function of each month to any of the four seasons is displayed in Figure 

34 [89]. 
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Figure 33: Basic configuration of fuzzy logic control (FLC) system [90] 
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While the behavior of the function itself can be of an arbitrary curve provided  

 

While the behavior of the function itself can be of any arbitrary curve provided that its 

shape describes the space of the input adequately, it is crucial for the membership 

function to vary only between 0 and 1 [87]. A fuzzy set A with universe of discourse 

X, and elements x, can be defined as a set of ordered pairs: 

μA (x)∈[0,1]      (A = {x, μA (x)|x ∈ X} ) (22) 

μA(x) is the membership function (MF) of x in a fuzzy subset of A . In case the 

universe discourse is finite the mapping is expressed as  

𝐴 =  
𝜇𝐴(𝑥1)

𝑥1
+  

𝜇𝐴(𝑥2)

𝑥2
+ ⋯ =  ∑

𝜇𝐴(𝑥𝑖)

𝑥𝑖
𝑖

 
  (23) 

For continuous universe of discourse, the fuzzy set A is expressed as   

𝐴 =  ∫
𝜇𝐴(𝑥𝑖)

𝑥𝑖
 

(24) 

There are numerous membership functions which are mainly derived from four 

basic membership functions: piece-wise linear functions, Gaussian distribution 

function, sigmoid curve, quadratic and cubic polynomial curves [89]. Examples of 

popular membership functions are displayed in Figure 35. 

 

 

(A) (B) 

Figure 34 : Membership functions of the months of the year according to (A) Classical 

classification (B) Fuzzy classification 
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5.3.2.3 Fuzzy control rules 

One of the main features that allows for flexibility and simplicity in applying 

FLC is the usage of linguistic fuzzy control rules. The rules are formulated in a sequence 

of IF-THEN phrases building up an algorithm describing the actions to be taken based 

on the current status of the system. In a closed-loop control, these rules shall consider 

both the inputs and the feedback [87-88]. The actual design of the fuzzy rules varies 

(A) 

(B) 

(C) 

(D) 

Figure 35 : Examples of membership functions based on (A)Triangular functions 

(B)Gaussian distributions (C)Sigmoidal functions (D)Polynomial based curves [89] 
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according to the specific application and the human’s knowledge and experience about 

it. A fuzzy IF-THEN rule relies on linguistic variables to map input conditions to an 

output or a conclusion. While IF part captures the current status through elastic 

conditions, the THEN part tells about the corresponding conclusion, and both parts 

utilize linguistic variables to accomplish that. For most practical applications, the input 

variables are usually more than one, and the rules are summarized in one table mapping 

the inputs to the outputs, arbitrary example is given in Table 26 [88]. 

Table 14: Example of rule base in fuzzy logic, where m and n are the inputs and B is the output 

with 9 rules [88]. 

m 

n 
Am1 Am2 Am3 

An1 B1 B2 B3 

An2 B4 B5 B6 

An3 B7 B8 B9 

The rows and columns given in Table 26 represent two arbitrary inputs, m and 

n, which are associated with the IF parts in IF-THEN rules. The decision or control 

output, B in this case, is seen as a third dimensional variable that can be mapped at the 

cross point of the corresponding row and column, which is related to the THEN part in 

IF-THEN rules. Rule 5 in Table 26, for instance, can be expressed as [86] 

Rule 5: IF mis Am2 and n is An2 THEN B is B5     

 In this specific example of rule base, a total of nine rules are established, 

however, more divisions of inputs/outputs are created and a larger number of fuzzy 

rules are developed in the cases where higher control accuracy is aimed. 

5.3.2.4 Fuzzy inference system 

 Fuzzy inference system is the scheme through which rule base is utilized to 

conclude the fuzzy output. This involves two steps, the first is finding the output 

corresponding to each rule and the second is aggregating the outputs of the individual 

rules to obtain an overall fuzzy output of the system. There are various models for the 

inference system, but Mamdani model and TRC are perceived as the most classical ones 

[86]. 
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 Mamdani model was proposed by Ebrahim Mamdani [86] in 1975 in his 

attempts to control a combination of steam engine and boiler through a set of linguistic 

control rules based on operators’ experience. Suppose that the ith rule in a system of R 

rules is given as  

IF x1 is Ai1, and x2 is Ai2 ,..., and xN is AiN, THEN Y is Bi     

  The output of the ith rule is deduced by matching levels, referred to as alpha 

level, of the fuzzy variables using aggregation of anding-type [87]: 

𝛼𝑖 = ⋀(𝐴𝑖1(𝑥1), 𝐴𝑖2(𝑥2), … , 𝐴𝑖𝑁(𝑥𝑁) )  (25) 

 Then 𝛼𝑖 interacts with its corresponding Bi to require the final output of the ith 

rule. In the Mamdani method, the output fuzzy set Ri is obtained by adding the obtained 

alpha levels 

𝜇𝑖(𝑦) =  𝛼𝑖 →  𝛽𝑖 (𝑦) (26)  

 Then the overall system output μ(y) is obtained from the individual rule output 

by aggregating them all 

μ(y) =   ⋁ μi (y)

i

 
(27) 

 It is worth mentioning that μ(y) is a fuzzy output that is yet to be defuzzified 

before it is deployed in real application. This is discussed in details in the following 

section.   

  Takagi-Sugeno-Kang model (TSK), on the other hand, was introduced ten 

years after Mamdani with both meeting in many aspects [90-91]. They both deal with 

fuzzifying the inputs and applying the fuzzy operator in the same manner. TSK differs 

from Mamdani model in the form of the output function; TSK has membership 

functions of linear format, which can be expressed as below  

IF x1 is Ai1, and x2 is Ai2 ,..., and xN is AiN, THEN Y = fi (x1 ,x2,…, x3)    
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Where  

fi (x1 ,x2,…, x3) = bi0 + bi1 x1+…+ biN  xN 

The final total output may then be represented as 

y =  
∑ αif(x1, x2, … , xi)i

∑ αi i

 
(28) 

5.3.2.5 Defuzzification 

 The output which the fuzzy inference system map the input to is still a fuzzy 

element until it undergoes defuzzification that makes it readily available for real 

application. The defuzzification is necessary to convert the fuzzy output to a crisp and 

definite one to be utilized in control purposes. The most commonly used defuzzification 

techniques are mean of maximum method, center of gravity method and the height 

method [90]. 

 The Mean of Maximum (MOM) defuzzification technique considers the 

average of the fuzzy outputs with the highest degrees. One drawback of the MOM 

method is that it does not account for the entire shape of the membership function of 

the output, as it only considers the points with the highest degrees of membership [81]. 

 The center of gravity method (COG) represents the most intuitively acceptable 

defuzzification method that is widely utilized in actual applications [81]. This method 

is actually named after the center of gravity in physics since the weighted average of 

the area under the membership function curve is considered to be crisp output of the 

fuzzy quantity.  

The height defuzzification method (HM) holds valid for cases in which the 

membership function of the output is an aggregated union result of symmetrical 

functions [86]. The simplicity of this method remains one of its most highlighted 

advantages [81]. 
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5.3.3 Development of fuzzy logic control in chlorination system 

5.3.3.1 Fuzzy logic control in wastewater treatment applications 

The emergence of fuzzy logic control as an alternative control approach for 

industrial complex processes has been highlighted in recent studies focusing on 

wastewater treatment control and optimization. Weihong Zhong along with other 

researchers have developed a hybrid system combining compensatory fuzzy logic and 

neural network to predict the five-day biochemical oxygen demand (BOD5) [86]. Sadiq 

et al. utilized fuzzy rule-based modelling to assess water quality risk potential in water 

mains [87]. Researchers have also been recently using fuzzy logic control in phosphorus 

removal optimization [90]. In conjunction with chlorine decay models, fuzzy logic 

control was employed to optimize chlorine dose in the distribution system based on the 

distance of the end point and the desired chlorine residual [88]. 

Sundry successful attempts have been done in controlling and optimizing 

various wastewater treatments processes, of which many were done through fuzzy logic 

control [86, 89-91]. However, there are not yet many researches on optimizing the 

chlorination disinfection process with an automatic control strategy that can be applied 

within wastewater treatment facilities. In this work, fuzzy logic is deployed to put 

forward a new control framework for chlorination disinfection optimization.  

5.3.3.2 The concept and objectives of the control scheme 

 The essence of the control framework developed in this study is to optimize 

operation by maximizing chlorine quality, and minimizing cost while operating at 

expenses within the plant’s expected budget. The chlorination quality is maximized 

through promoting monochloramine or free chlorine disinfection action. Dichloramine, 

which offers a weak disinfection capability and gives rise to bad taste and odor, is 

formed in the middle region of the breakpoint curve [20-23]. Nitrogen trichloride, on 

the other hand, is formed past the breakpoint chlorination [21].Given the feed 

composition of ammonia and nitrite, an online system characterization is achieved 

through the developed ANN and a fuzzy control action is produced considering the 

plant’s maximum chlorination capacity. The Simulink model of the control framework 

is displayed in Figure 36. 
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5.3.3.3 Methodology of fuzzy logic control development 

The control scheme has been used to simulate and control three possible 

scenarios to occur in the chlorination process:  the first is chlorine lying from zero to 

maximum TRC, the second where chlorine dose falls between maximum and minimum 

TRC, and the third is where it passes the minimum TRC. The controller should avoid 

chlorine dose operating in the middle region and alternate between maximum TRC and 

minimum TRC depending upon the maximum capacity of the plant. MATLAB © is 

utilized to develop the FLC.  

5.3.3.3.1 Fuzzification and construction of membership functions 

In the fuzzy control rules editor, inputs are applied to a set of if/then control 

rules using member functions of each input. The results of various rules are summed 

together to generate a set of fuzzy outputs. The range of each of the inputs is further 

divided to 9 clusters, which makes up 45 membership functions in total, as displayed 

in Table 27.  

 

 

Figure 36 : Simulink model of the control scheme developed in this study 
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                                                         Table 15 : Membership functions of inputs and outputs. 

  Member Functions 

In
p
u
ts

 
Current Chlorine 

dose 

A1 

[0 2] 

A2 

[2 4] 

A3 

[4 8] 

A4 

[8 12] 

A5 

[12 24] 

A6 

[24 48] 

A7 

[48 96] 

A8 

[96 125] 

A9 

[125 150] 

MAX 

(i.e. Maximum 

TRC) 

B1 

[0 2] 

B2 

[2 4] 

B3 

[4 8] 

B4 

[8 12] 

B5 

[12 24] 

B6 

[24 48] 

B7 

[48 96] 

B8 

[96 125] 

B9 

[125 150] 

Max Chlorine 

Dose 

(i.e. plant’s 

capacity) 

C1 

[0 1] 

C2 

[1 3] 

C3 

[3 4] 

C4 

[4 8] 

C5 

[8 12] 

C6 

[12 18] 

C7 

[18 24] 

C8 

[24 30] 

C9 

[30 80] 

MIN 

(i.e. Minimum 

TRC) 

D1 

[0 2] 

D2 

[2 4] 

D3 

[4 8] 

D4 

[8 12] 

D5 

[12 24] 

D6 

[24 48] 

D7 

[48 96] 

D8 

[96 125] 

D9 

[125 150] 

O
u
tp

u
ts

 

Out Chlorine 

Dose 

E1 

[0 1] 

E2 

[1 3] 

E3 

[3 4] 

E4 

[4 8] 

E5 

[8 12] 

E6 

[12 18] 

E7 

[18 24] 

E8 

[24 30] 

E9 

[30 80] 

 

 

9
1
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The shape of the membership functions used is Trampf membership functions. 

The membership functions of “Max Chlorine Dose” is displayed in Figure 37. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

5.3.3.3.2 Fuzzy control rules 

In compliance with the aim of the controller, 162 rules were developed. A 

compact form of the rules is as the following:   

 If (current Chlorine is A1or A2 or A3 or A4 or A5 or A6 or A7 or A8 or A9) and 

(MAX is B1) and (Max chlorine is C1 or C2 or C3 or C4 or C5 or C6 or C7 or C8 

or C9) and (Min is D2) then (output is E1 or E2) 

 If (current Chlorine is A1or A2 or A3 or A4 or A5 or A6 or A7 or A8 or A9) and 

(MAX is B2) and (Max chlorine is C1 or C2 or C3 or C4 or C5 or C6 or C7 or C8 

or C9) and (Min is D3) then (output is E2 or E3) 

 If (current Chlorine is (A1or A2 or A3 or A4 or A5 or A6 or A7 or A8 or A9) and 

(MAX is B3) and (Max chlorine is C1 or C2 or C3 or C4 or C5 or C6 or C7 or C8 

or C9) and (Min is D4) then (output is E1 or E2 or E3 or E4 or E5) 

 If (current Chlorine is A1or A2 or A3 or A4 or A5 or A6 or A7 or A8 or A9) and 

(MAX is B4) and (Max chlorine is C1 or C2 or C3 or C4 or C5 or C6 or C7 or C8 

or C9) and (Min is D5) then (output is E1 or E2 or E3 or E4 or E5 or E6) 

 

Figure 37 : Membership functions of Max chlorine dose input. 
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 If (current Chlorine is A1or A2 or A3 or A4) and (MAX is B5) and (Max chlorine 

is C1or C2 or C3 or C4 or C5 or C6) and (Min is D6) then (output is E1 or E2 or 

E3 or E4 or E5 or E6 or E7 or E8) 

 If (current Chlorine is A1or A2 or A3 or A4 or A5 or A6 or A7 or A8 or A9) and 

(MAX is B6) and (Max chlorine is C1 tor C2 or C3 or C4 or C5 or C6 or C7) and 

(Min is B7) then (output is E1or E2 or E3 or E4 or E5 or E6 or E7) 

 If (current Chlorine is (A1 or A2 or A3 or A4 or A5 or A6 or A7 or A8 or A9) 

and (MAX is B8) and (Max chlorine is C1 or C2 or C3 or C4 or C5 or C6 or C7 

or C8 or C9) and (Min is D9) then (output is E1 or E2 or E3 or E4 or E5 or E6 or 

E7 or E8 or E9) 

 

The rules as displayed in the rule editor are shown in Figure 38. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

5.3.3.3.3 Fuzzy Inference engine 

Fuzzy inference system applied in this study is Mamdani. This type of inference 

system is widely used in industrial applications [90].  

Figure 38 : Fuzzy control rules as shown in rule viewer in MATLAB © 
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5.3.3.3.4 Defuzzification 

The defuzzification used is center of gravity method (COG), as it represents the 

most intuitively acceptable defuzzification method that is widely utilized in actual 

applications [87]. 

5.3.4 Application to sewage treatment plant - case study 

5.3.4.1 Study area 

 A sewage treatment plant in the region was selected as the study area of the 

current work. The varying temperatures the plant experiences throughout the year affect 

the nitrification/denitrification process and source a variation in ammonia and nitrite 

concentration at the effluent of the plant. Disinfection is achieved through gas 

chlorination, with a fixed chlorine dosage throughout the year. Maintaining fixed 

chlorine dosage throughout the year against fluctuating ammonia and nitrite levels puts 

the plant at a risk of dichloramine formation or THM development if the disinfection 

system operates in the middle region or past the breakpoint, respectively. While the 

control scheme is anticipated to improve the quality of the disinfection process at the 

plant, it is also expected to decrease the cost of the chlorination practice and maximize 

ammonia reduction.  

5.3.4.2 Data collection 

 For the purpose of this study, data from January to April 2016 is collected for 

variables related to the disinfection process. Data collected were mainly for parameters 

that are related to the disinfection process: ammonia, nitrite, plant’s effluent, and 

chlorine dose. Numeric data are represented in Appendix A. 

 Ammonia concentration is demonstrated in Figure 39. As can be seen, there is 

a sound variation of ammonia concentration through the months. While the plant 

achieves a discharge with zero ammonia contamination intermittently, it may in some 

days release effluents with intense ammonia concentration as high as 20 ppm.  
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Nitrite concentrations were not devoid of variations as well through the study 

period. Figure 40shows that nitrite concentrations fluctuated soundly within a range of 

0 to 4 ppm.   

 

 

 

 

 

 

   

Although it remains around 300,000 m3/day, the total effluent of the plant shows 

minor fluctuation and periodic drops as shown in Figure 41. The chlorine dosage is 

fixed at 120 kg/hr, however, the dosage concentration is changing according to the 

outage capacity, which is shown in Figure 42.   
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Figure 39 : Ammonia concentration through the study period 

Figure 40 : Nitrite concentration through the study period 
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Screening the regions of the breakpoint curve at which the chlorination is 

operating over the study period, it can be shown that the plant periodically operates at 

the middle region or past the breakpoint, shown in Figure 43.    
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Figure 41 : Outage capacity during the study period 

Figure 42 : Chlorine dosage during the study period 

Figure 43 : Illustrations of the zones at which the current dose are operation 
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5.3.4.3 Performance of the developed control scheme 

The Simulink simulation was run for the plant’s data over the study period the 

given period to assess the performance of control scheme.  Ammonia, nitrite, outage 

flow, initial chlorine dose rate and the maximum chlorine dosage rate as given by the 

plant’s engineer are fed to the simulation model, where the improved chlorine dose rate 

is its output. The controlled chlorine dosage for the period of four months is displayed 

in Figure 44.  

 

 

 

 

 

 

 

Zone 1         Zone 2          Zone 3           Current dose (ppm) Controlled dose (ppm)               

 

 It can be seen that the controller has helped the system to avoid operating in the 

middle region of the breakpoint chlorination system (i.e. zone 2). In addition to 

improving the quality of the disinfection, the controller was able to save the chlorine 

consumption. During a short study period of three months, the controller reduced the 

chlorine consumption from 264,000 kg to 216,000 kg causing a reduction of 18.18% of 

chlorine expenses.  

 

 

 

 

 

 

Figure 44 : Output of the controller 
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Chapter 6:  Findings and Recommendations 

6.1 Findings 

In accordance with the set of aims and objectives, this research work was 

successfully able to develop a simplified model depicting the chlorination breakpoint 

behavior with the presence of nitrite. While the developed model facilitated advanced 

dynamic analysis and factorial design and allowed for the establishment of a novel 

control scheme, it can serve as a platform for the development of other control 

frameworks as well as sensitivity studies. The devised work involved three central tasks 

whose main findings are expressed below.  

6.1.1 Findings of task one- model development and validation 

- The developed model has shown excellent agreement to both 

experimental work reported in literature and to plant’s data 

collected from Jebel Ali STP with correlation coefficient, r > 

0.88. 

- Achieving satisfactory outputs with the minimal feeding 

inputs makes the model deployment very appealing for 

practical implementation, especially in plants where ill-

defined systems exist.  

6.1.2 Findings of task two - dynamic analysis and factorial design 

- The model was simulated to perform various dynamic 

analyses. 

- The dynamic analyses were able to depict the effect of each 

of ammonia, nitrite, and contact time at different ratios of 

ammonia to nitrite. 

- 4𝑥4𝑥4 3-way factorial analysis was applied to explore the 

effect of ammonia, nitrite, and contact time on four response 

variables : initial slope, maximum TRC, minimum TRC, and 

length of combined region 

- The outcomes of the factorial designs supported that of the 

dynamic analysis and agreed with literature. 
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- The factorial analysis showed that above A/N ratio of 3, the 

ammonia effect on the chlorination profile is predominant 

over that of nitrite. 

6.1.3 Findings of task three-System characterization and control 

- A feed-forward artificial neural network analysis is 

successfully able to predict the main traits of the breakpoint 

behavior; the maximum and the minimum TRC.    

-  A control unit was developed based on fuzzy reasoning. 

-  A novel control framework is obtained through integrating 

the developed neural network model and the fuzzy logic 

control unit under Simulink environment in MATLAB©.  

- The control scheme shows an ability to optimize the chlorine 

dosage by maximizing the disinfection power and 

minimizing the cost, as evident by the presented case study 

on Jebel Ali Sewage treatment plant.     

- Exercising the developed automatic control action on the 

plant’s data during the study period have indicated 

significant improvement of the chlorination dosage showing 

a reduction of 18.18% in chlorine gas consumption.  

6.2 Recommendations 

While the devised work have successfully accomplished the three principal 

tasks complying with the research’s set of aims and objectives, it is not devoid of 

recommendations that may be advised for incorporation in future studies  

 Model development can include chlorination decay corrective factors to 

account for specific plant’s conditions  

 The developed model may be studied against temperature fluctuation 

 A complete mechanistic study maybe obtained by the factorial analysis 

data where the findings are further explored on mechanistic basis. 

 The control scheme may investigate PID fuzzy control allowing for 

smoother control action with smaller step time.  
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  The presented control logic maybe customized according to specific 

plants need and local regulation: involving chlorine residual 

requirement, maximum chloramine threshold … etc.     
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[44] V. Vrček and H. Meštrić, "Chlorination of ammonia and aliphatic amines by Cl2: 

DFT study of medium and substituent effects", Journal of Physical Organic 

Chemistry, vol. 22, no. 1, pp. 59-68, 2009. 

[45] J. Morris, "The formation of Monochloramine and Dichloramine in water 

Chlorination", American Chemical Society, vol.14, no.33, pp.1121-1142, 1950. 

[46] A. T. Palin, "Study of the chloro derivatives of ammonia and related compounds, 

with special reference to their formation in the chlorination of natural and 

polluted waters", Ph.D. dissertation, University of London, 1949. 

[47] A.J. Canty, "Aspects of mercury (II) Thiolate chemistry and the biological 

behavior of mercury compounds", Organomentals and Organometalloids, vol. 

82, no. 4, pp. 327-338, 1950. 

[48] K. Driss and M. Bouhelassa, "Modelling drinking water chlorination at the 

breakpoint: I. Derivation of breakpoint reactions", Desalination and Water 

Treatment, vol. 52, no. 31, pp. 5757-5768, 2013. 

[49] J. Saguinsin and J. Morris, Chemistry of Aqueous Nitrogen Trichloride, 1st ed. 

Ann Arbor Science, 1975. 

[50] K. Kumar, R. Shinness and D. Margerum, "Kinetics and mechanisms of the base 

decomposition of nitrogen trichloride in aqueous solution", Inorganic Chemistry, 

vol. 26, no. 21, pp. 3430-3434, 1987. 

[51] D. Trogolo and J. Arey, "Equilibria and speciation of chloramines, bromamines, 

and bromochloramines in water", Environmental Science & Technology, vol. 51, 

no. 1, pp. 128-140, 2017. 

[52] Xin. Huang, "Reactions between aqueous chlorine and ammonia: a predictive 

model", Ph.D. dissertation, Dept. Civil and Environmental Engineering, 

Northwestern University, 2008. 

[53] P. Vikesland, K. Ozekin and R. Valentine, "Effect of natural organic matter on 

monochloramine decomposition:  Pathway elucidation through the use of mass 

and redox balances", Environmental Science & Technology, vol. 32, no. 10, pp. 

1409-1416, 1998. 

[54] J. Luh and B. Mariñas, "Kinetics of bromochloramine formation and 

decomposition", Environmental Science & Technology, vol. 48, no. 5, pp. 2843-

2852, 2014. 

[55] F. Soltermann, S. Canonica and U. V. Gunten, "Trichloramine reactions with 

nitrogenous and carbonaceous compounds: Kinetics, products and chloroform 

formation", Water Research, vol. 71, no. 23, pp. 318-329, 2015. 

[56] J. Kim, and MK. Stenstrom, "Drinking water technology: Modelling and 

parameter studies for optimal chlorination", American Water Works Association, 

vol. 22, no. 13, pp. 1579-1585, 1997. 



 
 

105 

[57] M. Stenstrom and H. Tran, "A theoretical and experimental investigation of the 

dynamics of breakpoint chlorination in dispersed flow reactors", University of 

California Water Resources Center, vol. 10, no. 4, pp. 1- 52, 1984. 

[58] E. Ged, P. Chadik and T. Boyer, "Predictive capability of chlorination 

disinfection byproducts models", Journal of Environmental Management, vol. 

149, no.13, pp. 253-262, 2015. 

[59] W. Chu, N. Gao, D. Yin, Y. Deng and M. Templeton, "A predictive model for 

the formation potential of dichloroacetamide, a nitrogenous disinfection by-

product formed during chlorination", International Journal of Environmental 

Science and Technology, vol. 9, no. 4, pp. 701-704, 2012. 

[60] M. Gomez Camponovo, G. Seoane Muniz, S. Rothenberg, E. Umpiérrez 

Vazquez and M. Achkar Borras, "Predictive model for chloroform during 

disinfection of water for consumption, city of Montevideo", Environmental 

Monitoring and Assessment, vol. 186, no. 10, pp. 6711-6719, 2014. 

[61] W. Chen and J. Jensen, "Effect of chlorine demand on the ammonia breakpoint 

curve: model development, validation with nitrite, and application to municipal 

wastewater", Water Environment Research, vol. 73, no. 6, pp. 721-731, 2001. 

[62] T. H. Feng, "Behavior of organic chloramines in disinfection", Water Pollution 

Control Federation, vol. 25, no. 9, pp. 614-628, 1966. 

[63] F. Sewerin and S. Rigopoulos, "A methodology for the integration of stiff 

chemical kinetics on GPUs", Combustion and Flame, vol. 162, no. 4, pp. 1375-

1394, 2015. 

[64] C. N. Hass and S. B. Karra, "Kinetics of wastewater chlorine demand exertion", 

Water Pollution Control Federation, vol. 113, no. 17, pp. 170-173, 1984. 

[65] J. Antony, Design of Experiments for Engineers and Scientists, 1st ed., ElSeiver, 

2003. 

[66] D. C. Montgomery, Design and Analysis of Experiments, United States: John 

Wiley and Sons, 2005. 

[67] D. C. Montgomery, Design and Analysis of Experiments, 4th ed., United States: 

John Wiley and Sons, 1997. 

[68] X. Wu, H. Zhang, Y. Li, D. Zhang and X. Li, "Factorial design analysis for COD 

removal from landfill leachate by photoassisted Fered-Fenton process", 

Environmental Science and Pollution Research, vol. 21, no. 14, pp. 8595-8602, 

2014. 

[69] R. Martin, J. Eccleston and G. Jones, "Some results on multi-level factorial 

designs with dependent observations", Journal of Statistical Planning and 

Inference, vol. 73, no. 1-2, pp. 91-111, 1998. 

[70] X. Zhang, W. Li, X. Gong, W. Fan and P. Ren, "Optimization of the UV/chlorine 

process for ammonia removal and disinfection by-products reduction", 

Desalination and Water Treatment, vol. 54, no. 4-5, pp. 1003-1012, 2014. 



 
 

106 

[71] P. Rodrigues, J. Esteves da Silva and M. Antunes, "Factorial analysis of the 

trihalomethanes formation in water disinfection using chlorine", Analytica 

Chimica Acta, vol. 595, no. 1-2, pp. 266-274, 2007. 

[72] N. Darwish, "Adsorption study of desulfurization of diesel oil using activated 

charcoal", M.Sc. thesis, Department of Chemical Engineering, American 

University of Sharjah, 2015. 

[73] E. Beh and R. Lombardo, Correspondence Analysis, 1st ed., Chichester: Wiley, 

2014. 

[74] M. Rodriguez and J. Sérodes, "Assessing empirical linear and non-linear 

modelling of residual chlorine in urban drinking water systems", Environmental 

Modelling& Software, vol. 14, no. 1, pp. 93-102, 1998. 

[75] K. Hornik, "Approximation capabilities of multilayer feedforward networks", 

Neural Networks, vol. 4, no. 2, pp. 251-257, 1991. 

[76] C. Baxter, Q. Zhang, S. Stanley, R. Shariff, R. Tupas and H. Stark, "Drinking 

water quality and treatment: the use of artificial neural networks", Canadian 

Journal of Civil Engineering, vol. 28, no. 1, pp. 26-35, 2001. 

[77] Q. Zhang and S. Stanley, "Forecasting raw-water quality parameters for the 

North Saskatchewan River by neural network modelling", Water Research, vol. 

31, no. 9, pp. 2340-2350, 1997. 

[78] G. Bowden, H. Maier and G. Dandy, "Optimal division of data for neural 

network models in water resources applications", Water Resources Research, 

vol. 38, no. 2, pp. 2-1-2-11, 2002. 

[79] P. Hutton, N. Sandhu and F. Chung, "Predicting THM formation with artificial 

neural networks", North American Water and Environment Congress & 

Destructive Water, vol. 33, no.12, pp. 3551-3556, 1996. 

[80] L. DeSilet, B. Golden, Q. Wang and R. Kumar, "Predicting salinity in the 

chesapeake bay using backpropagation", Computers & Operations Research, 

vol. 19, no. 3-4, pp. 277-285, 1992. 

[81] Q. Zhang and S. Stanley, "Forecasting raw-water quality parameters for the 

North Saskatchewan River by neural network modelling", Water Research, vol. 

31, no. 9, pp. 2340-2350, 1997. 

[82] A. Mirsepassi, B. Cathers and H. Dharmappa, "Application of artificial neural 

networks to the real time operation of water treatment plants", Institute of 

Electrical and Electronic Engineers International Conference on Neural 

Networks, vol. 1, no.1, pp. 516-521, 1995. 

[83] F. Sacluti, S. Stanley and Q. Zhang, "Use of artificial neural networks to predict 

water distribution pipe breaks", Environmental Monitoring and Assessment, vol. 

51, no. 16, pp., 1999. 

[84] M. Gibbs, N. Morgan, H. Maier, G. Dandy, J. Nixon and M. Holmes, 

"Investigation into the relationship between chlorine decay and water 

distribution parameters using data driven methods", Mathematical and 

Computer Modelling, vol. 44, no. 5-6, pp. 485-498, 2006. 



 
 

107 

[85] H. Maier and G. Dandy, "Application of artificial neural networks to forecasting 

of surface water quality variables: issues, applications and challenges", Artificial 

Neural Networks in Hydrology, vol. 23, no. 4, pp. 287-309, 2000. 

[86] W. Zhong, H. Guan, X. Ma and X. Peng, “Compensatory fuzzy neural network 

modelling in a wastewater treatment process”, Intelligent Systems and 

Knowledge Engineering, vol. 22, no.6, pp. 42- 63, 2010. 

[87] H. Haider, S. Haydar, M. Sajid, S. Tesfamariam and R. Sadiq, "Framework for 

optimizing chlorine dose in small- to medium-sized water distribution systems: 

A case of a residential neighbourhood in Lahore, Pakistan", Water SA, vol. 41, 

no. 5, pp. 614, 2015. 

[88] C. C. Lee, “Fuzzy logic in control systems: Fuzzy logic controller – part II”, 

IEEE Transactions on Systems, Man and Cybernetics, vol. 20, no. 2, pp. 404-

418, 1990.  

[89] R. Yager, D. Filev, Essentials of Fuzzy Modelling and Control, 1st ed., Wiley, 

1994.  

[90] A. Costa, A. D. Gloria, P. Faraboschi, A. Pagni and G. Rizzotto, “Hardware 

solutions for fuzzy control”, Proceedings of the IEEE, vol. 83, no. 3, pp. 422- 

434, 1995,.  

[91] J. M. Mendel, “Fuzzy logic systems for engineering: A tutorial”, Proceedings of 

the IEEE, vol. 83, no. 3, pp. 345-377, 1995.  

[92] J. Yen and R. Langari, Fuzzy Logic – Intelligence, Control, and Information, 

Prentice Hall, 1999.  

 

 

 

 

 

 

 

 

 

 



 
 

108 

Appendix A  

Table A.1 : Data collected from a local sewage treatment plant  

Date Ammonia 

Content 

(ppm) 

Nitrite 

Content 

(ppm) 

Outage flow 

(m3/day) 

Chlorine 

Dose (ppm) 

1-Jan 16.10 1.03 293081 4.9 

2-Jan 11.60 0.92 274188 5.3 

3-Jan 3.00 0.64 294095 4.9 

4-Jan 2.20 0.20 295835 4.9 

5-Jan 1.2 0.09 285793 5.0 

6-Jan 0.96 0.22 296729 4.9 

7-Jan 4.00 0.65 302589 4.8 

8-Jan 0.50 0.00 286895 5.0 

9-Jan 2.00 0.86 276670 5.2 

10-Jan 3.20 0.00 290912 4.9 

11-Jan 3.30 1.39 283157 5.1 

12-Jan 1.2 0.09 285793 5.0 

13-Jan 11.38 1.54 297768 4.8 

14-Jan 4.33 0.93 282452 5.1 

15-Jan 0.76 0 295513 4.9 

16-Jan 0.40 0.00 277897 5.2 

17-Jan 1.00 0.00 293155 4.9 

18-Jan 5.00 0.97 296917 4.8 

19-Jan 3.50 2.00 295580 4.9 

20-Jan 0.76 0 295513 4.9 

21-Jan 0.03 0.00 268660 5.4 

22-Jan 1.00 0.16 277298 5.2 
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23-Jan 1.80 0.16 275918 5.2 

24-Jan 4.60 1.70 283033 5.1 

25-Jan 3.24 1.61 291510 4.9 

26-Jan 4.87 1.36 292732 4.9 

27-Jan 1.24 1.21 281434 5.1 

28-Jan 2.93 4.11 268178 5.4 

29-Jan 7.20 1.43 275493 5.2 

30-Jan 11.70 0.68 260190 5.5 

31-Jan 2.12 0.32 286933 5.0 

1-Feb 1.34 0.10 279958 5.1 

2-Feb 2.20 0.32 282774 5.1 

3-Feb 1.78 0.50 286317 5.0 

4-Feb 1.00 0.00 287768 5.0 

5-Feb 0.50 0.00 267712 5.4 

6-Feb 1.30 0.00 264963 5.4 

7-Feb 5.39 0.59 281349 5.1 

8-Feb 1.30 0.00 264963 5.4 

9-Feb 1.00 0.00 292446 4.9 

10-Feb 0.56 0.32 273422 5.3 

11-Feb 0.60 0.00 284466 5.1 

12-Feb 1.30 0.00 264963 5.4 

13-Feb 0.56 0.00 282095 5.1 

14-Feb 8.25 0.71 287231 5.0 

15-Feb 7.23 0.94 279432 5.2 

16-Feb 6.26 0.87 280797 5.1 

17-Feb 3.60 0.66 289705 5.0 



 
 

110 

18-Feb 0.43 0.00 290849 5.0 

19-Feb 0.99 0 285755 5.0 

20-Feb 0.76 0 295513 4.9 

21-Feb 1.2 0.09 285793 5.0 

22-Feb 1.1 0.08 266424 5.4 

23-Feb 0.02 1 272256 5.3 

24-Feb 2.2 1.06 276681 5.2 

25-Feb 0.3 0.1 287692 5.0 

26-Feb 1.2 0.09 285793 5.0 

27-Feb 0.76 0 295513 4.9 

28-Feb 1.98 0.49 271816 5.3 

29-Feb 0.98 0 272560 5.3 

1-Mar 7.61 1.75 282069 5.1 

2-Mar 3.54 1.27 282377 5.1 

3-Mar 0.2 0 284858 5.1 

4-Mar 1.1 0.12 288415 5.0 

5-Mar 6.96 1.39 276164 5.2 

6-Mar 2.22 1.54 288832 5.0 

7-Mar 10 1.53 283173 5.1 

8-Mar 10.5 1.45 287960 5.0 

9-Mar 1 0 191982 7.5 

10-Mar 0.55 0 100899 14.3 

11-Mar 3.45 1.1 87699 16.4 

12-Mar 0.27 0 91800 15.7 

13-Mar 0.127 0.54 146609 9.8 

14-Mar 0.99 0 285755 5.0 
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15-Mar 0.76 0 30000 48.0 

16-Mar 1.2 0.09 285793 5.0 

17-Mar 1.1 0.08 266500 5.4 

18-Mar 0.21 0 295703 4.9 

19-Mar 16.8 0.724 306146 4.7 

20-Mar 17.6 0.768 280308 5.1 

21-Mar 18.9 0.781 306985 4.7 

22-Mar 0.76 0.906 296533 4.9 

23-Mar 0.23 0.906 284324 5.1 

24-Mar 0.45 0.361 305508 4.7 

25-Mar 3 0 293840 4.9 

26-Mar 0.32 0.929 307030 4.7 

27-Mar 0.33 0.771 323488 4.5 

28-Mar 0.56 1.17 284901 5.1 

29-Mar 0.76 0 295513 4.9 

30-Mar 17.3 1.66 287908 5.0 

31-Mar 0.123 0 305790 4.7 

1-Apr 0.56 0 292459 4.9 
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