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Abstract
Realized and potential threats of water scarcity due in part to global climate change have
increased the interest in potable reuse of municipal wastewater. Recalcitrant trace organic
compounds (TOrCs), including pharmaceuticals, steroid hormones and industrial compounds in
wastewater are often not efficiently removed by conventional wastewater treatment processes,
thereby ubiquitously occurs in natural and wastewater effluents. Advanced water treatment
processes including advanced oxidation processes (AOPs), activated carbon adsorption and
membrane separation processes have been demonstrated to efficaciously attenuate many classes
of TOrCs.
In this dissertation, attenuation of TOrCs by ozone oxidation, powdered activated carbon (PAC)
and nanofiltration membrane and their monitoring strategies were demonstrated in water reuse
applications. Particularly, the first main chapter attempted to elucidate the use of
indicator/surrogate for predicting TOrC attenuation by ozone oxidation in a theoretical basis. A
semi-empirical model was developed, which successfully predicted many TOrCs with various
oxidation kinetics simultaneously. The following chapter was pertaining to development of
exploratory models to predict TOrC abatement by ozone. It was concluded that principal
component (PC) analysis in conjunction with artificial neural network (ANN) resulted in precise
and robust prediction of TOrC attenuation. In addition to oxidation process, kinetic of TOrC
adsorption by PAC was scrutinized subsequently. It was found that the initial-phase adsorption
was controlled by surface reaction due to hydrophobic interaction. In addition, correlation
between surrogate reduction and TOrC attenuation was independent upon water quality at the
early phase of adsorption, which was explained theoretically. In the last chapter, synergistic
effects of NF membrane in conjunction with pre-ozonation was investigated for TOrC abatement
16

in brine. As a result, all the tested TOrCs were efficaciously attenuated and not quantifiable due
to their concentration below limit of quantification. In addition, ozonation also alleviated organic
fouling potential substantially.
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Organization
Chapter 1 provides an overview of trace organic compounds and attenuation strategies.
Chapter 2, 4 and 5 were written in a format acceptable for a peer-review journal. Therefore,
some parts in the introduction and experimental section may be redundant.
Chapter 3 was already published as peer-review article with minor contribution from Dr. Tarun
Anumol (University of Arizona for the moment). I have performed the majority of work and
sought the coauthor to include the data in the dissertation.
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Chapter 1. Introduction
1.1.

Trace organic compounds in water reuse

Climatological droughts are altering water cycles around the world (Kim et al. 2013). This
dynamic alteration of water cycle becomes more dire with population growth and urbanization,
causing challenges for securing reliable and dependable drinking water resources in many parts
of the world (Shannon et al. 2008). Recently, as drought-proof water source, potable reuse has
increasingly gained attention throughout the world (Gerrity et al. 2014). In particular, semi-arid
or arid areas with intense water scarcity such as Australia, Singapore and Southern USA
(including Arizona, California, Florida and Texas) currently practice potable water reuse
applications (Angelakis and Gikas 2014).

A major concern in the implementation of potable water reuse is the presence of trace organic
compounds (TOrCs) in wastewater. The term TOrCs are collectively used for pharmaceutical
and personal-care products (PPCPs), hormones, and industrial compounds (TOrCs) (Anumol et
al. 2016). Micropollutant and contaminants of emerging concern (CEC) are also widely-used
collective terms to describe such compounds (Schwarzenbach et al. 2006, Vidal-Dorsch et al.
2012). Concerns on TOrCs have been tremendously increased over 30 years (Daughton 2016)
since these compounds exhibited potential adverse impacts on health and aquatic wildlife at trace
concentrations (Bolong et al. 2009). Currently, over 100 million organic and inorganic
substances have been registered in Chemical Abstracts Services, therefore it is not surprising that
such trace compounds occur in natural water and wastewater ubiquitously (Snyder 2014).
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TOrCs examined in this study was classified into five classes as shown in Table 1-1 :
pharmaceutical, personal care products, pesticides, hormones and industrial compounds.
Pharmaceutical and personal care products (PPCPs) covers human and veterinary drugs,
diagnostic agents, nutraceuticals and other consumer chemicals such as cosmetics, fragrances
and sun-screen agents (Ellis 2006). These compounds occurs in domestic wastewater via usage
by individuals and pets, disposal of outdated medications in sewer systems, release of treated and
untreated hospital veterinary waste and other pathways (Ellis 2006).

The other families of TOrC evaluated in this dissertation include hormone, industrial compound,
pesticide and other category of chemicals such as artificial sweetner. Hormones are often
collectively called as endocrine-disrupting compounds whose definition varies greatly (Snyder et
al. 2003). Industrial compounds and pesticides are conventional compound classes that have
been extensively studied over the 50 years (Xia et al. 2005). Compounds which are not
categorized in the aforementioned classes were classified as others (e.g., artificial sweetners).

Table 1-1 List of TOrCs studied in this study
Compound

Use
Pharmaceutical

Atenolol

Pharmaceutical

Carbamazepine

Anticonvulsant

Clofibric acid

Lipid regulator

20

Structure

Compound

Use

Structure

Diclofenac

NSAIDa

Diphenhydramine

Antihistamine

Diltiazem

Calcium channel blocker

Fluoxetine

Selective serotonin
reuptake inhibitor

Gemfibrozil

Lipid regulator

Hydrochlorothiazide

Diuretic

Ibuprofen

Beta blocker

Iohexol

X-ray contrast media

Iopamidol

X-ray contrast media

Iopromide

X-ray contrast media

Meprobamate

Antianxiety

Naproxen

NSAIDa
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Compound

Use

Structure

Primidone

Anticonvulsant

Propranolol

Beta blocker

Sulfamethoxazole

Antibiotic

Trimethoprim

Antibiotic
Personal care product

DEET

Insect repellent

Tris (2-chloroethyl)
Phosphate
(TCEP)

Flame retardant

Tris (2-chloropropyl)
Phosphate
(TCPP)

Flame retardant

Triclocarban

Antibacterial agent

Triclosan

Antibacterial agent
Pesticide

Atrazine

Herbicide

Simazine

Herbicide
Steroid hormone

Dexamethasone

Glucocorticoid
Others
22

Compound

Use

Structure

Acesulfame

Artificial sweetner

Sucralose

Artificial sweetner

a. Nonsteroidal anti-inflammatory drug

1.2.

Treatment technologies in water reuse

The technologies for TOrC attenuation can be divided into two based upon mechanisms:
oxidation and separation. Oxidation technologies mainly involve advanced oxidation processes
(AOPs), which produces hydroxyl radicals. Examples of AOPs include ozone, ozone/H2O2 and
UV and/or H2O2. Separation technologies include activated carbon adsorptions and membrane
filtration. Activated carbon process can be mainly divided into granular activated carbon (GAC)
and powdered activated carbon (PAC) based upon the operation mode (fixed bed versus mixing
contactor, respectively). Membrane filtration can be classified based upon the pore size
(equivalently, molecular weight cut-off, MWCO) into reverse osmosis (RO), nanofiltration (NF),
ultrafiltration (UF) and microfiltration (MF). Classification of unit treatment process for
attenuation of TOrCs was summarized in Table 1-2. Among the aforementioned technologies,
fundamentals of studied processes including ozone, PAC adsorption and NF membrane process
were summarized subsequently.
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Table 1-2 Classification of unit treatment process for attenuation of TOrCs
Category

Subcategory

Mechanism of action

Unit process

Efficacy of TOrC attenuation

Physical

Membrane

Size exclusion

UF

(E)a Hydrophobic

process

separation

Steric hindrance

(NE)a Hydrophilic

Adsorption (Hydrophobic interaction)

NF

(E) Compounds with MW>MWCO
(E) Hydrophobic
(NE) Small non-charged

RO

(E) Compounds with MW>MWCO
(E) Hydrophobic
(NE) Small non-charged

Activated

Hydrophobic interaction

GAC

(E) Hydrophobic

carbon

Electrostatic (coulombic) interaction

PAC

(E) Compounds with opposite charge to

adsorption

carbon surface charge
(NE) Hydrophilic

Chemical

UV-based

Direct photolysis

UV

(E) Compounds with a high value of

processb

AOP

Indirect photolysis by hydroxyl radical

UV/H2O2

product of molar extinction and quantum
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Category

Subcategory

Mechanism of action

Unit process

Efficacy of TOrC attenuation
yield at 254 nm wavelength (Lowpressure UV)

Ozone-based

Oxidation by molecular ozone

Ozone

(E) Compounds containing electron rich

AOP

Oxidation by hydroxyl radical

Ozone/H2O2

moieties (ERM) such as aromatic, olefin,
deprotonated amines, phenols, anilines,
and reduced sulfur

a

E and NE indicate groups of TOrCs that can be attenuated efficaciously and not efficaciously, respectively.

b

Hydroxyl radical is highly reactive with majority of organic compounds. Hence, the efficacy of AOP for TOrC attenuation heavily

depends on yield of hydroxyl radical in a given water quality and operating condition of treatment processes
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1.2.1. Ozone
Ozone is a strong oxidant and is known to be efficient for color removal and disinfection of
microorganisms (Am Water Works Res et al. 1991). Ozone readily inactivate viruses, bacteria,
spores and certain forms of algae (Camel and Bermond 1998). The inactivation mechanism for
virus can be dependent either on direct damage of nucleic acid or on damage of protein coat
(Shinriki et al. 1988). In addition, ozone is also efficacious for TOrC attenuation (Snyder 2008).
Electrophilic ozone can attack electron-rich moieties such as phenols, anilines, olefins, reduced
sulfur, and deprotonated amine moieties (Lee et al. 2013b). While it is a selective oxidant, ozone
also produces highly reactive intermediates such as singlet oxygen, superoxide and hydroxyl
radical (Glaze 1987).

Ozone is unstable and readily decompose in the presence of natural organic matter (NOM)
(Sonntag and Von Gunten 2012). Staehelln and Hoigné proposed the decomposition model of
aqueous ozone (Staehelin and Hoigne 1985). The decomposition model consists of three steps:
initiation, propagation and termination steps. Initially, OH- ions reacts with ozone to form
superoxide anion (•O2-) and hydroperoxyl radical (HO2•). As a propagation step, the reaction of
superoxide anion with molecular ozone produces •O3- which is further protonated (i.e., HO3•).
Then, HO3• is decomposed into hydroxyl radical. The formed hydroxyl radical may prompt the
chain reaction by the reaction with superoxide which is highly selective to ozone. The chain
reaction is terminated by inhibitor such as carbonate/bicarbonate (von Gunten 2003).
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In general, two main oxidants plays dominant roles to mitigate TOrCs: molecular ozone and
hydroxyl radical (Buffle et al. 2006a). Based on the second-order kinetics, the attenuation of
TOrCs can be calculated using the following equation.

 TOrC  
 ln 
  kO3  O3  dt  k OH   OH  dt
 TOrC 0 

(0.1)

where [TOrC] and [TOrC]0 refer to the concentrations of TOrC after and before ozone
application, respectively; and where kO3 and k•OH are the second-order reaction rate constants
with ozone and •OH, respectively. In order to determine the contribution of each oxidant to
TOrC abatement, it is crucial to understand the exposure of each oxidant, which is affected by
ozone decomposition and chain reaction kinetics. As a means of measuring yield of hydroxyl
radical production from molecular ozone, Rct concept was proposed (Elovitz and von Gunten
1999). Rct is defined as:

Rct 

  OH  dt
 O  dt

(0.2)

3

Rct value ranges between 10-7 and 10-9 (Elovitz and von Gunten 1999). If Rct is 10-7, for instance,
it means that the ozone exposure is greater than hydroxyl radical exposure with the power of
seven. In general, majority of TOrCs exhibit rate constants to hydroxyl radical ranging 108 to
1010 M-1s-1 whereas rate constant to molecular ozone varies with respect to molecular structure of
TOrCs (Sonntag and Von Gunten 2012).

1.2.2. Powdered activated carbon
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Powdered activated carbon (PAC) is a well-proven technology in drinking water treatment to
control TOrCs such as taste- and odor-causing compounds and volatile organic compounds
(Najm et al. 1991). Recently, its application to wastewater increasingly gain attention as attempts
to control TOrCs (Altmann et al. 2014, Margot et al. 2013, Meinel et al. 2014, Nowotny et al.
2007). The main advantages of PAC include flexible application, e.g., during a pollution episode,
and relatively cheaper cost than granular activated carbon (GAC) (Knappe et al. 1998). Due to
large specific surface area, PAC is superior to GAC in regard to adsorption kinetics (Altmann et
al. 2014). For instance, particle diameters of 65-95 percent commercially available PAC are
smaller than 44 μm (Najm et al. 1991).

PAC adsorption is known to be efficacious for TOrC attenuation (Margot et al. 2013). The
removal of TOrC mainly depends on hydrophobicity (solubility) (Snyder et al. 2007). Log Kow
value (octanol-water partition coefficient) is a widely used measure for hydrophobicity and often
displayed correlation with removal efficacy of TOrCs in adsorption processes (Anumol et al.
2015a, Snyder et al. 2007). In addition to hydrophobicity, certain groups of compounds such as
heterocyclic-N containing TOrCs with protonated base exhibited better removal at corresponding
Log Kow whereas TOrCs containing deprotonated acid showed lower removal (Westerhoff et al.
2005)

Two main operating parameters of PAC are activated carbon dose and contact time (Nam et al.
2014). In general, PAC dose ranges 1-100 mg/L and typical contact time of single stage
adsorption reactor is 30 min (Altmann et al. 2014, Rivera-Utrilla et al. 2006). Longer contact
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time is generally not economic since the capital cost for large contactor cannot be compensated
by reduced operating cost by lower PAC dose (Sontheimer et al. 1988). Another concern for
PAC operation is the presence of background organic matter (BOM) such as NOM and effluent
organic matter (EfOM). BOM significantly lowers adsorption efficacy of TOrCs predominantly
by direct competition of adsorptive sites of PAC (Matsui et al. 2003).

1.2.3. Nanofiltration membrane
NF is a promising technique in water purification since it requires relatively lower energy
consumption than RO while maintaining excellent rejection of many suites of organic
contaminants (Berg et al. 1997, Watson and Hornburg 1989). NF rejects TOrCs with steric and
electrostatic interaction mechanisms (Nghiem et al. 2004). In addition, adsorption of
hydrophobic TOrCs also plays important roles in removal efficacy (Yoon et al. 2006). In the
presence of NOM, rejection of TOrCs vary significantly (Nghiem et al. 2008a). For example,
bisphenol-A rejection was increased when extent of fouling increased (Nghiem et al. 2008b).
This was likely because narrower pore due to pore blocking by NOM increased the extent of
steric hindrance. It is also possible that cake layer of NOM can also adsorb hydrophobic TOrCs,
which can increase TOrC attenuation. In contrast, it is also possible that positively-charged
TOrCs have lower rejection by cake layer due to the cake-enhanced osmotic pressure (Verliefde
et al. 2009).
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1.3.

Ensuring treatment efficacy for TOrC attenuation using indicator and
surrogate

Recent advance in analytical instruments particularly mass spectrometry enables fast and
sensitive measurement of TOrCs with high precision and reliability (Anumol and Snyder 2015).
However, there is still remaining challenges to implement direct measurement of TOrC in a realtime manner. For instance, analysis of TOrCs generally requires an extraction, highly-trained
operator and expensive instrument (i.e., mass spectrometry). In addition, it takes 10–20 min of
instrumental analysis time without extraction procedure, which may not be suitable for real-time
monitoring (Anumol et al. 2015b).
As a means of ensuring treatment efficacy for TOrC abatement, indicator and surrogate approach
have been actively studied (Anumol et al. 2015a, Dickenson et al. 2009, Gerrity et al. 2012,
Merel et al. 2015b). An indicator compound is an individual compound that represents certain
physicochemical and biodegradable characteristics of a family of TOrCs. The indicator
compounds are important in terms of human health and/or are relevant to fate and transport of
broader classes of chemicals and provide a conservative assessment of removal during treatment
(Snyder 2014). A surrogate parameter is a quantifiable parameter which is often amenable to
real-time measurement in removing TOrCs and/or assuring disinfection (Dickenson et al. 2009).
For instance, UV absorbance at 254 nm and fluorescence were widely studied over the past
decade as a surrogate (Altmann et al. 2016, Zietzschmann et al. 2014). The use of
indicator/surrogate has shown correlation of its reduction with TOrC attenuation in various
processes such as adsorption (Altmann et al. 2016, Zietzschmann et al. 2014) and oxidation
(Gerrity et al. 2011, Gerrity et al. 2012).
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1.4.

Goal and objectives

The primary aim of this dissertation is to demonstrate treatment efficacy of TOrCs in wastewater
including domestic wastewater and brine from membrane systems. Furthermore, predictive
models for TOrC abatement using indicator/surrogate approaches and numerical techniques was
developed in various physical and chemical processes including ozone oxidation and PAC
adsorption. Ultimately, parts of this dissertation were intended to provide guidance for real-time
monitoring of treatment efficacy.

1.5.

Potential impacts of research

Chapter 2 and 4 primarily elucidated the use of indicator and/or surrogate to predict the
attenuation of TOrCs in ozone oxidation and PAC adsorption, respectively. Under Title 22 of
California Code of Regulations, California Department of Public Health (CDPH) stated the use
of indicator and surrogate to demonstrate sufficient treatment efficacy for water reuse. For
instance, selection using a minimum of nine indicator compounds with at least one from each of
the designated functional groups such as hydroxy aromatic, amino/acylamino aromatic,
nonaromatic with carbon double bonds, deprotonated amine, alkoxy polyaromatic, alkoxy
aromatic, alkyl aromatic, saturated aliphatic and nitro aromatic, is required to demonstrate
sufficient efficacy of oxidation processes (CDPH 2015). Similarly, Texas Water Development
Board (TWDB) Texas strongly recommended a monitoring program based upon indicator and
surrogate (TWDB 2015). Even though recent advance in research for indicator and surrogate
approach, there is little deterministic approach available. Theoretical model based upon
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oxidation reaction and adsorption kinetic theory can help grasp the use of indicator and surrogate
beyond their structure-based categorization suggested by current regulation. Therefore, such
chapters are expected to provide guidance of the application of the developed surrogate models
to real-time monitoring in order to secure treatment efficacy of ozone and PAC processes.

Chapter 3 demonstrated numerical modeling approach to predict TOrC attenuation in ozone
oxidation. Total organic carbon (TOC), which is amenable to real-time monitoring, was selected
as an input parameter along with ozone dose and TOrC rate constants to molecular ozone and
hydroxyl radical. This would enable the implementation of this software-based sensor technique
in water reuse. Along with indicator/surrogate monitoring, prediction of TOrC attenuation with
the developed numerical model is expected to help reduce possibility of treatment system failure,
therefore will contribute to securing water quality in water reuse applications.

Chapter 5 established the combination of nanofiltration (NF) membrane with pre-ozonation for
brine treatment. This configuration not only presented possible dual barrier for TOrC abatement,
but also demonstrated the fouling potential reduction by ozone oxidation in NF membrane
systems. Therefore, this study is anticipated to help reducing wastewater stream from membrane
system (i.e., brine). This application would be invaluable specifically in in-land area where brine
disposal is not amenable.
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Chapter 2. Comparative Kinetics of Trace Organic Compounds by Ozone
Oxidation: Development of Indicator and Surrogate
2.1.

Abstract

Trace organic compounds (TOrCs) are detected ubiquitously in wastewater and hence a concern
for potable water reuse. Ozone oxidation has been demonstrated to be an effective treatment
process for TOrC attenuation. However, it is challenging to determine the ozone dosage and
contact time required for specific TOrC removals due to different effects of competing matrix
components in each water quality. Predicting TOrC attenuation by ozone processes is especially
difficult in wastewaters due to rapid consumption of ozone which makes it hard to determine the
ozone and hydroxyl radical exposures. With direct potable reuse schemes gaining traction, it is
important to develop real-time monitoring strategies for TOrC abatement in ozone oxidation
processes. Hence, this study is primarily aimed at developing indicator and surrogate models for
the prediction of TOrC attenuation by ozone oxidation. To this end, the second-order kinetic
equations with a second-phase Rct value (ratio of hydroxyl radical exposure to molecular ozone
exposure) were used to calculate comparative kinetics of TOrC attenuation and reduction in
spectroscopic surrogate parameters including UV absorbance at 254 nm (UVA254) and total
fluorescence (TF). The developed indicator model with meprobamate as an indicator compound
and the surrogate models with UVA254 and TF exhibited good predictive power for the
attenuation of twelve kinetically distinct TOrCs in five filtered and unfiltered wastewater
effluents (R2 values>0.8). This study is intended to help provide a guideline for the
implementation of indicator/surrogate models for real-time monitoring of TOrC abatement with
ozone processes and integrate them into a regulatory framework in water reuse.
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Figure 2-1. Graphical abstract of Chapter 2

2.2.

Introduction

Climatological droughts are evident and alter the hydrological water cycle around the world
(Huntington 2006). With burgeoning population, this dynamic alteration of the water cycle
creates increasing pressures for securing reliable and dependable drinking water resources in
many parts of the world (Shannon et al. 2008). Recently, drought-proof sources of potable water,
like potable water reuse, has gained attention throughout the world (Gerrity et al. 2014). In
particular, semi-arid or arid areas with intense water scarcity such as Australia, Singapore and
the Southern United States (including Arizona, California, Florida and Texas) are currently
practicing potable water reuse applications (Angelakis and Gikas 2014). This increasing demand
of potable water reuse is due to benefits such as ubiquitous availability of wastewater and lower
implementation cost compared to other alternatives like desalination or importing additional
water (Harris-Lovett et al. 2015).
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In order to achieve a reliable water supply via water reuse schemes, supporting concepts like
redundancy, robustness, and resilience can be applied to increase its dependability (Drewes and
Horstmeyer 2016). A multiple barrier approach, using several treatment trains with physically
and chemically different contaminant removal mechanisms, are suggested to control acute risks
after implementation. Full advanced treatment (FAT) including: microfiltration, reverse osmosis
and advanced oxidation, can be a standard treatment train for redundancy of potable reuse
(Gerrity et al. 2013). Although this redundancy can significantly alleviate risk of failure,
monitoring plays a crucial role, especially in water reuse schemes without environmental buffers
(i.e., direct potable reuse). When monitoring trace organic compounds (TOrCs), significant
challenges are prompted. TOrCs includes many classes of chemicals such as pharmaceuticals,
personal care products and hormones. Their presence in wastewater effluent and their health
impacts are a major concern in the implementation of potable water reuse. More than 80,000
individual chemicals are estimated to be present in municipal wastewater effluents (Drewes et al.
2012). Due to the innumerable chemicals, monitoring of every compound is vastly infeasible. In
addition, even if current analytical instrument including liquid chromatography mass
spectrometry were sensitive enough to detect sub-nanogram per liter level of any target
compound and advances in analytical technique enables simultaneous detection of several
dozens of contaminants (Anumol et al. 2013), challenges still remain for the application to realtime monitoring of TOrCs since the analysis requires a highly-skilled instrumental operator,
extensive pretreatment, and relatively long analysis time for an real-time monitoring application
(Park et al. 2015). Therefore, analyzing a limited suite of representative chemical indicators in a
systematic approach is invaluable in ensuring the reliability of treatment processes (Snyder
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2014). Individual TOrCs can be used as indicator compounds to represent attenuation
characteristics of a family of TOrCs in a treatment process (Drewes et al. 2012). For instance,
TOrCs with electron-rich moieties such as hydroxyl, amino, acylamino, alkoxy and alkyl
aromatic compounds, were classified as TOrCs having good removal by ozone oxidation. This
categorization can be used for a conservative assessment of treatment efficacy (Dickenson et al.
2009). Moreover, under Title 22 of the California Code of Regulations, selection using a
minimum of nine indicator compounds with at least one from each of the designated functional
groups such as hydroxy aromatic, amino/acylamino aromatic, nonaromatic with carbon double
bonds, deprotonated amine, alkoxy polyaromatic, alkoxy aromatic, alkyl aromatic, saturated
aliphatic and nitro aromatic, is required to demonstrate sufficient efficacy of oxidation processes
(CDPH 2015).

In a similar vein, surrogates can be a quantifiable water quality parameter that is easily measured
and represents the removal characteristics of TOrCs of concern (Dickenson et al. 2009). Water
quality parameters that can be easily measured by on-line or hand-held instruments are suitable
for surrogates. For instance, spectroscopic parameters such as UV absorbance and fluorescence
can be frequently analyzed in millisecond, which often exhibits correlation with TOrC
attenuation (Liu et al. 2012, Pisarenko et al. 2012). In addition to UV absorbance and
fluorescence, Texas Water Development Board also suggested total organic carbon (TOC) and
dissolved organic carbon (DOC) to be used as surrogates (TWDB 2015). Currently, California
requires continuous monitoring of at least one surrogate to ensure oxidation treatment efficacy
for recycled water (CDPH 2015).
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Despite the advantages and necessity of indicator and surrogate monitoring in water reuse, there
are still remaining concerns. Indicator and surrogate approaches mostly depend on grouping
methods based on the aforementioned functional groups and/or rate constants of TOrCs for
ozone and hydroxyl radical, but few deterministic approaches based upon kinetic theory were
made. This could be due to the high content of organic matter in wastewater, where highly
reactive moieties cause rapid consumption of ozone, which hinders appropriate measurement of
oxidant exposure (Buffle et al. 2006b). Hence, the objective of this study is to elucidate the
correlation of indicator and spectroscopic surrogates such as UV absorbance at 254 nm (UVA254)
and fluorescence with TOrC attenuation. To this end, a second-order kinetic model with a
steady-state Rct value (i.e.,

  OH  dt /  O  dt ) was utilized to derive indicator and surrogate
3

models. The derived model was validated by comparing the model prediction with experimental
data of the attenuation of 13 TOrCs in filtered and unfiltered secondary wastewater effluents.
Finally, discussions on developed indicators and surrogate models, such as their advantages and
disadvantages, were made.

2.3.

Experimental methods

2.3.1 Ozonation of wastewater effluents
Secondary wastewater was collected in 20 L carboys from two local wastewater treatment plants
(WWTP1 and WWTP2) in Tucson, AZ, USA. Four samples were collected on four different
dates at WWTP1, whereas a single sample collection was made for WWTP2. In order to
investigate the effects of filtration on oxidation exposure and TOrC attenuation, filtered and
unfiltered wastewater were tested. Glass-fiber filters (Whatman GF/F, 0.7 μm nominal pore size)
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were used for the filtration. For unfiltered sample, supernatant of wastewater was taken from a
carboy and used for ozonation.

For ozonation, a concentrated ozone stock was prepared by bubbling gaseous ozone with a
diffuser into ultra-pure water in a specialized liquid-jacketed vessel. The vessel was cooled to
1ºC using a recirculating chiller. The resulting ozone stock solution had ~50 mg/L ozone. An
aliquot of ozone stock solution was then placed into the ozone reaction vessel containing the
sample to achieve the desired ozone concentration. The ozone concentration of stock solution
and residual ozone concentration of samples were determined using the indigotrisulfonate (ITS)
method (Rakness et al. 2010). In brief, the ITS solution was prepared by adding 77 mg of
potassium indigotrisulfonate (ACROS OrganicsTM), 7 mL of phosphoric acid (Fisher Scientific)
and 11.5 g of sodium phosphate monobasic monohydrate (ACROS OrganicsTM) in 1L of Milli-Q
water. The UV absorbance at 600 nm was measured for quantification of residual ozone using
Agilent Cary Varian UV-Vis spectrophotometer.

For the determination of ozone decay kinetics, 5 mL of sample was taken at intervals of 10 sec
and immediately transferred to 10 mL of prepared ITS solution. In order to assess hydroxyl
radical exposure, p-chlorobenzoic acid (pCBA, ACROS OrganicsTM) was added to samples for a
final concentration of 100 μg/L before ozonation. The quenched samples were then aliquoted to
2mL vials for the measurement of pCBA described in the following section.
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2.3.2 Analytical methods
A Shimadzu TOC-L CSH Total Organic Carbon Analyzer was used to determine the total
organic carbon (TOC) and dissolved organic carbon (DOC) of the samples. Samples were first
filtered by a 0.45 µm PVDF syringe filter (EMD Millipore) before acidification and analysis on
the instrument. Approximately 15 mL of the samples were transferred into 20 mL glass vials for
DOC analysis. Samples were then acidified to pH 3 or lower using hydrochloric acid (35%,
Fisher Scientific). To ensure the precision of the measurements, every sample including
calibration standards and lab blanks were injected five times, and the average of the three closest
measurements were reported as the final results.

UV and fluorescence spectra were simultaneously obtained using Horiba Aqualog fluorometer
(Horiba Scientific). UV spectra as well as UVA254 were obtained by scanning UV absorbance
between 200 nm and 580 nm. Excitation-emission matrix (EEM) was obtained by scanning
fluorescence from excitation wavelength of 225 nm to 450 nm and from emission wavelengths of
250 nm and 580 nm. Since UV absorbance of all the wastewater effluents were greater than 0.05
cm-1, inner filter effects were corrected based on the method described in (Lakowicz 2013). Light
scattering, including Rayleigh and Tyndall scatterings, were removed using three-dimensional
interpolation after the fluorescence spectra of Milli-Q water was subtracted from those of
samples (Zepp et al. 2004). The units were then converted from arbitrary units to Raman units
(R.U.), which were made based on the integrated area of Raman peak of DI water (Lawaetz and
Stedmon 2009). For total fluorescence (TF) calculations, five operationally-defined fluorescence
regions were selected and their corresponding values at each region were individually integrated
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(Chen et al. 2003). The summation of the integrated fluorescence then yielded the TF. All the
EEM data process and visualization were conducted using MATLAB R2015b (Mathworks).

Liquid chromatography (LC, Agilent 1260, Agilent Technologies) with a diode array detector
(Agilent 1260, Agilent Technologies) at 234 nm wavelength was used to determine the pCBA
concentrations for the calculation of hydroxyl radical exposure. Isocratic elution with 1 mL/min
was used for chromatographic separation with Agilent Poroshell 120 EC C-18 (2.1×50 mm, 2.7
μm). Mobile phase was composed of 55% acetonitrile (Fisher Scientific) and 45 % 10 mM
H3PO4 buffer. Injection volumes were10 μL per sample.

The twenty one TOrCs investigated (Table 2-1) were analyzed using direct large volume
injection (80 µL) onto an ultra-high performance liquid chromatography (LC) system coupled to
a tandem mass spectrometer (MS/MS). Isotope-dilution with a known mass of stable
isotopically-labeled versions of each TOrC was implemented (Vanderford and Snyder 2006).
An Agilent 1260 binary LC pump equipped with a Pursuit XRs C-8 column (100 mm x 2.0 mm,
3 µm) was used for chromatographic separation. Mass spectrometry was performed with an
Agilent 6490 MS system and an electrospray ionization source equipped with Agilent jet stream
technology for enhanced sensitivity. The detail procedure and information including method
optimization parameters, compound transitions and relevant QA/QC is available in previous
work (Anumol et al. 2015b). All data analysis was performed using the Agilent MassHunter
software (Ver. 6.00).
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Table 2-1 Structure of the selected TOrCs and their second-order reaction rate constants with
ozone and hydroxyl radical
k•OH
kO3
Compound

kO3, pH7
(×109

Structure
-1 -1

(M s )

Reference

-1 -1

(M s )
M-1s-1)
(Kaiser et al. 2013, Toth

Acesulfame

N.A.a

88

3.8
et al. 2012)

Atenolol

6.3×105

1.7×103

8.0

Benzotriazole

22

22

6.2

(Benner et al. 2008)
(Vel Leitner and
Roshani 2010)

Carbamazepine

3.0×105

DEET

<10

3.0×105

8.8

(Dodd et al. 2006)

5.0

(Song et al. 2009)

(Huber et al. 2003)

<10
(10)b

Diclofenac

1.0×106

1.0×106

7.5

Diphenhydramine

N.A.

N.A.

5.42

(Wols and HofmanCaris 2012)

Diltiazem

N.A.

N.A.

8.3

(Aruoma et al. 1991)

Fluoxetine

N.A.

N.A.

8.4

(Lam et al. 2005)
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Gemfibrozil

5.0×104

5.0×104

10

Hydrochlorothiazide

N.A.

N.A.

5.7

(Lee et al. 2013b)

(Wols and HofmanCaris 2012)

(Wols and HofmanIohexol

N.A.

N.A.

3.81
Caris 2012)

Iopamidol

N.A.

N.A.

3.42

(Huber et al. 2003)

Iopromide

0.8

0.8

3.3

(Jeong et al. 2010)

Meprobamate

<1

3.7

(Lee et al. 2013b)

6.7

(Real et al. 2009)

<1
(1)b
<10
Primidone

<10
(10)b

Propranolol

1.0×105

1.0×105

10

(Benner et al. 2008)

Sulfamethoxazole

5.7×105

5.7×105

5.5

(Huber et al. 2003)

Triclocarban

5×103

5×103

N.A.

(Tizaoui et al. 2011)

Triclosan

5.1×108

3.8×107

9.6

(Lee et al. 2013b)

42

Trimethoprim

5.2×105

2.7×105

6.9

(Dodd et al. 2006)

a. N.A. stands for not available
b. The apparent rate constant in bracket was used for the model development.

2.4.

Results and discussion

2.4.1 Attenuation of TOrCs
The attenuation of the 21 selected TOrCs by ozone in the tested wastewater effluents was
dependent on the reaction rates of each TOrC and their exposures to oxidants (Figure 2-2). The
rate constant of the selected TOrCs for hydroxyl radicals have similar orders of magnitude (109
to 1010 M-1s-1), therefore, the different removal efficacy among TOrCs primarily resulted from
the rate constant with molecular ozone. TOrCs with moderate/high reactivity with molecular
ozone such as atenolol (beta blocker), carbamazepine (anticonvulsant), diclofenac (nonsteroidal
anti-inflammatory drug, NSAID), gemfibrozil (lipid regulator), propranolol (beta blocker),
sulfamethoxazole (antibiotics), triclosan (antimicrobials) and trimethoprim (antibiotics) exhibited
good removal and greater than 90% removal was achieved at O3:DOC of ~1 (i.e., O3 dose of 8
mg/L). Rate constants of some TOrCs (diphenhydramine (antihistamine), diltiazem (calcium
channel blocker) and hydrochlorothiazide (diuretic) were not available in the literature, but their
high removal infers they are moderate/high reactivity with molecular ozone. Atenolol (beta
blocker), acesulfame (artificial sweetner), benzotriazole (corrosion inhibitor), DEET (insect
repellent), fluoxetine (Prozac, Selective serotonin reuptake inhibitor), meprobamate (antianxiety
drug), primidone (anticonvulsant) and triclocarban (antimicrobials) displayed a relatively low
43

degree of attenuation. X-ray contrast media including iohexol, iopamidol and iopromide were
shown to be recalcitrant and lower than 50% removal was achieved at the highest ozone dose
applied (8 mg/L).
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Figure 2-2. Attenuation of TOrCs
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Figure 2-2. Attenuation of TOrCs (continued)
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Figure 2-2. Attenuation of TOrCs (continued)
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Development of indicator and surrogate models are ultimately pertinent to on-line monitoring of
TOrCs attenuation in water reuse applications. The majority of studies focus on ozonation of
water with dissolved organic matter (i.e., filtered with 0.45 μm filter), but it is more facile if
indicator and surrogate models can be applicable to water without filtration. Filtration of the
tested wastewater effluents minimally lower organic carbon content for all the tested water (<8%
change, Table 2-2). Filtration slightly increased TOrC attenuation for all the WWTPs except for
WWTP1. Bigger particles generally consumes more ozone based upon a rule of additivity
(Westerhoff et al. 1999), thereby removing particle can enhance mitigation of TOrCs (Zucker et
al. 2015). There was not any noticeable difference of TOrC attenuation among tested water
qualities were observed. This is possibly since the effluent organic matter (EfOM) composition
was similar and/or similar organic content (Table 2-2). It is noted that the terminologies of EfOM
and natural organic matter (NOM) were used interchangeably over this article although their
meanings are slightly different.

Table 2-2 Summary of water quality of tested wastewater effluents
WWTP1-1 WWTP1-2 WWTP1-3 WWTP1-4

WWTP2

TOC (mg/L)

7.4

7.0

6.9

6.5

9.0

DOC (mg/L)

7.1

6.5

6.8

6.4

8.7

SUVA (L mg-1m-1)

1.84

1.96

1.80

1.88

1.71

pH

7.4

7.2

7.3

7.2

7.6

Alkalinity (mg/L as CaCO3)

155

151

166

147

148

NH4+ (mg/L)

<0.5

2.86

<0.5

1.26

<0.5
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NO2- (mg/L)

0.99

1.47

1.08

1.71

<0.01

NO3- (mg/L)

5.16

24.5

5.41

34.7

10.3

2.4.2 Indicator model for TOrCs with low reactivity with molecular ozone
It is well known that the two main oxidants for TOrC attenuation are molecular ozone and
hydroxyl radicals. Therefore, TOrC attenuation by the two oxidants can be described in the
following kinetic equation:

d C 
   kO3 O3   k OH  OH  C 
dt

(1.1)

where [C] is the molar concentration of a TOrC; t is the oxidant contact time; kO3 and k•OH are the
rate constants of the TOrC with molecular ozone and hydroxyl radical, respectively; and [O3]
and [•OH] are the molar concentrations of molecular ozone and hydroxyl radicals, respectively.
It is noteworthy that all rate constants with molecular ozone used for model calculation are
apparent. In the similar vein, the kinetics of indicator mitigation can be expressed by the
following equation:

d I 
   kO3 , I O3   k OH , I  OH   I 
dt

(1.2)

where [I] is the concentration of an indicator compound, and kO3,I and k•OH,I are the rate constants
of the indicator compound with molecular ozone and hydroxyl radicals, respectively. Over the
course of oxidation, Eqs. (1.1) and (1.2) can be individually integrated over contact time and
combined to yield the following equation:
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kO3  O3  dt  k OH   OH  dt
 C  
 I  
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 0
O3 , I 
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OH , I 





(1.3)

Meprobamate was chosen as an indicator compound due to its low reactivity with molecular
ozone (kO3 = ~1) and consistent detection over the sampling campaigns. It is beneficial to select
TOrC that have low reactivity with molecular ozone since the main oxidant contributing to its
attenuation is hydroxyl radical, thereby enabling the elimination of the effects of molecular
ozone. Furthermore, compounds recalcitrant to the oxidants are more adequate as an indicator
compared to ones amenable since they are more likely quantifiable even after large ozone
exposure. When the contribution of molecular ozone to the degradation of TOrC and indicator
compounds ( kO3  O3  dt and kO3 , I  O3  dt ) are much smaller than those of hydroxyl radical
( k OH   OH  dt and k OH , I   OH  dt , respectively), Eq. (1.3) can be simplified to:

 C   kOH
 I  
ln 

ln 

 C   kOH , I   I  
0 

 0

(1.4)

It is noteworthy that the slope of a natural log plot of [C]/[C]0 versus [I]/[I]0 is linear and
dependent only upon the oxidation nature of TOrCs with respect to hydroxyl radical (i.e., rate
constants with hydroxyl radical). The exposure of TOrC to hydroxyl radical is based upon the
yield of hydroxyl radicals from molecular ozone, which differs with different NOM constituents
and inorganic compositions such as bicarbonate (Buffle et al. 2006a). The independency on
hydroxyl radical exposure enables Eq. (1.4) to be applicable to any water quality. This is
beneficial to predict TOrC mitigation since measurement of oxidant exposure is not required.
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Figure 2-3 A–C shows the natural logarithmic plots of the dimensionless concentration of three
selected TOrCs with low molecular ozone reactivity versus that of the indicator compound. R2
values for primidone, DEET and acesulfame were 0.85, 0.87 and 0.86, respectively, showing
good predictive power of the indicator model. In addition, there were no obvious differences
between WWTPs and filtration, confirming the independency of water quality. It is often more
intuitive to express the extent of attenuation in percent reduction (Figure 2-3 D). The percent
attenuation of acesulfame is linear along with the percent attenuation of the indicator compound,
whereas primidone and DEET, displayed a slight parabolic trend. Since exponential
transformation of Eq. (1.4) yields an analogous form with power function of indicator percent
attenuation, the trend line becomes linear if rate constants of TOrC and indicator compound are
the same or very similar. In the case where the rate constant of TOrCs for hydroxyl radicals
being greater than indicator compound, the trend becomes parabolic opening downward, for
example primidone and DEET; otherwise, it becomes parabolic opening upwards.
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Figure 2-3. Prediction of indicator model for primidone (A), DEET (B), acesulfame (C) in
natural log-log plots. Percent attenuation of the three TOrCs is shown in (D).

2.4.3 Generation of indicator model
The main difference of TOrCs with moderate or high reactivity with molecular ozone from those
with low reactivity is the contribution of molecular ozone to the degree of oxidation. Therefore,
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the apparent rate constant of TOrCs is then not negligible, hence Eq. (1.3) can be rearranged to
the following equation.
 C   kO3  O3  dt  k OH   OH  dt   I  
ln 

ln 
 C  
  I  
k OH , I   OH  dt
0 

 0
k
 OH
k OH , I

where Rct is

kO3

1 
 k OH Rct

  I  

 ln 
   I 0 

(1.5)

  OH  dt /  O  dt . In order to quantify the extent of relative ozone contribution to
3

TOrC attenuation compared to hydroxyl radical, the Rct concept is widely applied (Elovitz and
von Gunten 1999). The Rct consists of two phases: the first and second phase (Buffle et al.
2006b). The Rct value rapidly decreases at the first phase and reaches a steady state at the second
phase (Figure 2-4 A). In order to obtain a complete profile of Rct, a specifically designed
apparatus that collects ozonating samples and quenches residual oxidant in sub-second intervals,
e.g., a continuous quench-flow system (Benner et al. 2008, Buffle et al. 2006b), was applied. In
addition, the consideration of time-dependent profile of Rct may not fully exploit the use of an
indicator model. The main benefit of an indicator model is its independency on exposure time.
That is, the exposure of TOrCs of interest and indicator compounds to the oxidants are the same,
therefore the exposure, which is a function of time, can be omitted. In order to maintain this
benefit, we attempted to use the steady-state Rct (i.e., the second phase Rct) for Eq. (1.5) (Figure
2-4 B). However, it overestimated the slope of the log plot for highly reactive TOrCs. For
instance, the kO / (k OH Rct ) of trimethoprim from filtered WWTP1-1 is 254, hence its calculated
3

slope becomes 476, which is much greater than the actual slope of 7.1. This overestimation is
attributed to the disregard of the first phase of Rct. In order to correct the overestimation, Eq.
(1.5) was empirically corrected as follows:
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(1.6)



where    ln 1  kO3 / (k OH Rct ) and β is a fitting parameter. The special form of this equation
is Eq. (1.4), where hydroxyl radicals are the sole effective oxidant for TOrC attenuation in the
given Rct value (i.e., α=0).

Figure 2-4. Time-dependent Rct profiles (A) and steady-state (second-phase) Rct values (B)

The developed indicator model was applied to 13 TOrCs as shown in Figure 2-5. The TOrCs
whose rate constants were not available were excluded in the models validation. In addition,
filtered versus unfiltered, as well as different WWTPs, were not differentiated in the figure. As
shown in Figure 2-5, the semi-empirical model successfully predicted the TOrC attenuation with
good R2 values ranging from 0.81 to 0.92, except for iopromide. The low predictive power of the
model for iopromide could be attributed to the large variation of iopromide during analysis
(Figure 2-6).
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Figure 2-5. Measured versus modeled attenuation of 13 TOrCs for the indicator model. All the
tested waters were included without differentiation.
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Figure 2-6. Comparison of iopromide and indicator compound attenuations.

It is interesting to note that a constant value (i.e., 0.25) was arbitrarily chosen and used for β for
all the different water qualities tested. β is the only parameter estimated in the model. Given
experimental data. it is not clear whether β is a function of Rct . The equation with a single β
value can simultaneously predict the attenuation of many dramatically distinct TOrCs in
oxidation nature, regardless of the tested water qualities. Once β is determined, the developed
indicator model works as a deterministic model and can predict any TOrC with known rate
constants, molecular ozone, and hydroxyl radicals. Recently, there are many quantitative
structure–activity relationship (QSAR) models developed for estimating rate constant of TOrCs
with molecular ozone (Jin et al. 2014, Lee and von Gunten 2012, Sudhakaran and Amy 2013).
The combination of the QSAR approach with the developed indicator model, enables prediction
of a variety of TOrCs with known structures without experimentally determined rate constants.
In addition, rate constants of many organic compounds for hydroxyl radicals are generally very
high and the reaction is often controlled by diffusion (Gao et al. 2014, Lee and von Gunten
2012). Therefore, the indicator model using a low-reactive indicator compound can be used as a
conservative approach to ensure robustness of ozone treatment process.

2.4.4 Development of spectroscopic surrogate models
A surrogate is defined as a quantifiable parameter that can measure treatment efficacy and is
often amenable to on-line monitoring. Previously, UVA254 and fluorescence were chosen and
tested to correlate TOrC attenuation with these surrogates and excellent correlation was found in
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various unit processes (Altmann et al. 2016, Anumol et al. 2015a, Gerrity et al. 2012, Ziska et al.
2016). This study also employed UVA254 and TF as surrogates due to their sensitive and rapid
analyses with minimal sample preparation.

UVA254 and TF of the wastewater effluents are mainly induced by EfOM, consisting of
innumerable compounds. Spectroscopic characteristics of EfOM is dependent on its constituent
molecular structures. UVA254 often exhibits correlation with aromaticity as a form of SUVA
(Weishaar et al. 2003). Aromatic moieties are highly reactive with molecular ozone due to their
electron-rich nature, while reaction rates are highly dependent on substituents (Sonntag and Von
Gunten 2012). The ozonation of wastewater effluent drastically decreased UVA254 due to the
electron-donating capacity of EfOM consisting molecules (Figure 2-7 A) (Chon et al. 2015).
Along with 254 nm, other wavelengths can also be used as surrogates since UV absorbance
decreased as the ozone dose increased (Figure 2-8). Similarly, ozonation bleaches out
fluorescence over the entire scanning wavelength ranges and substantially decreased TF (Figure
2-7 B-C), which attributed to alterations of efficiency of intersystem crossing of quinone-like
matter. Quinone-like matter is ubiquitously present in natural water and significantly contributes
to fluorescing capacity of NOM (Fellman et al. 2009). Oxidation of quinones reduces
fluorescence intensity due to efficient intersystem crossing to triplet state (Cory and McKnight
2005).
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Figure 2-7. Normalized reduction in UVA254 (A) and TF (B). Excitation-emission matrix (EEM)
of WWTP1-2 with respect to ozone dose was shown in (C). Five operationally-defined regions
were shown on the EEM at zero ozone dose.
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Figure 2-8. UV absorbance spectra (A) and dimensionless spectra (UVA254/UVA254,0) (B) of
filtered WWTP1-2. Note that UVA254,0 refers to UVA254 without ozonation.

EfOM consists of innumerable compounds and each oxidizable organic matter of EfOM has
different kinetics with ozone and hydroxyl radicals; therefore, it is inappropriate and nearly
impossible to consider individual fluorescent organic compounds for surrogate model
development. As a more practical approach, the chromophoric dissolved organic matter (CDOM)
represented by UV absorbance and fluorescence can be assumed to behave as a hypothetical
single oxidizable compound in ozone oxidation processes. This enables the direct comparison of
oxidation kinetics between TOrCs and CDOM as UV absorbance or fluorescence using kinetic
equations. In addition, this assumption mathematically facilitates solving the problem.

In the similar vein with indicator model, the surrogate model can be expressed as
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where [S] is the concentration of a surrogate; kO3,S and k•OH,S are the rate constants of the
surrogate with molecular ozone and hydroxyl radical, respectively;



 S   ln 1  kO ,S / (k
3

OH ,S



Rct ) ; and KS is defined as the overall apparent rate constant of the

surrogate ( k OH , S 1   S  ). The same β value (i.e., 0.25) as the indicator model was used here
since β is a constant for a given water quality. KS was estimated using a curve fitting method
since it is more efficient to estimate one parameter that are challenging to be obtained
experimentally, as opposed to two parameters (kO3,S and k•OH,S).

Figure 2-9 depicts the comparison of measured attenuation with modeled attenuation of TOrCs
by the surrogate models. Both surrogate models exhibited excellent predictive power (R2 ranging
0.81–0.92 and 0.82–0.96 for UVA254 and TF, respectively except for iopromide). The estimated
KS value of TF is higher than UVA254, indicating the faster reaction of TF (Figure 2-7 and Table
2-3). The variation of TF with regard to WWTP (i.e., 6.1% of coefficient of variance, COV) was
smaller than UVA254 (i.e., 13.4% of COV), which indicates that TF reduction kinetic is less
dependent on water quality. This is possibly because TF represents more variety of EfOM
fractions with different ozonation kinetics, whereas UVA254 is mainly an indicator of the

60

aromatic fraction. Further comparisons of the surrogate models along with the indicator model
will be made in the subsequent section.

Figure 2-9. Measured versus modeled attenuation of 13 TOrCs for UVA254 (A) and TF (B). All
the tested waters were included without differentiation.

Table 2-3 KS values used for the surrogate models.
Surrogate

WWTP1-

WWTP1-

WWTP1-

WWTP1-

1

2

3

4

WWTP2

UVA254

Filtered

4.13

3.73

3.67

4.06

2.72

(×109 M-1s-1)

Non-filtered

3.08

3.63

3.93

3.18

2.92

TF

Filtered

10.7

9.74

9.79

10.0

9.60

(×109 M-1s-1)

Non-filtered

8.60

9.39

10.8

9.75

10.2
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2.4.5 Comparison of indicator and surrogate models
In this study, the indicator and surrogate models were developed based on the relative kinetics
and TOrC attenuation trend depends on the relative kinetic of TOrCs with indicator/surrogates.
Five selected TOrCs in filtered WWTP1-1 were plotted in Figure 2-10. The indicator (i.e.,
meprabamate) and UVA254 surrogate exhibited a very similar trend, indicating that meprobamate
and UVA254 possess similar oxidation characteristics by ozone. TF was found to be highly
reactive and only highly reactive TOrCs including triclosan and propranolol showed trends of
parabola opening downward and the other three compounds exhibited an upward parabola trend.
With this trend, it can be estimated that the apparent rate constants of TF fall between those of
atenolol (kO3, pH7=1.7×103 and k•OH=8×109) and propranolol (kO3, pH7=1×105 and k•OH=1×1010).

Figure 2-10. Attenuation of five selected TOrCs versus indicator/surrogate attenuation. Symbols
and lines indicate experimental and modeled data, respectively.

In the preceding sections, the indicator and surrogate models exhibited excellent predictive
power for the water qualities tested. The indicator model for TOrCs with low reactivity with
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molecular ozone has noticeable advantage since no oxidant exposures need to be experimentally
obtained. In other words, the attenuation of those TOrCs can be predicted with indicator
attenuation and their hydroxyl radical rate constants. When predicting TOrCs amenable to
oxidation by molecular ozone, a correction factor (i.e., β) needs to be estimated. Although the
dependency of β on water quality is not clear with the given data sets, the implementation of a
constant β can simultaneously simulate attenuation of suite of TOrCs for all the tested water
qualities.

Surrogate model with UVA254 and TF requires two parameters to be estimated (β and KS).
However, it has benefit over the indicator model in the application of on-line monitoring.
Spectroscopic surrogates can be readily measured without any pretreatment. In general, typical
sample preparation for the spectroscopic analysis is filtration using a 0.45 μm filter to separate
dissolved fraction. The developed surrogate model was proved to be applicable for unfiltrated
water, which facilitates application of real-time on-line surrogate measurement. Even though
current analytical techniques including mass spectrometry are challenging to be applicable to
real-time on-line detection of TOrCs, it is noteworthy that current advance in analytical
instrument and method enables direct injection for TOrC analysis enables at-line monitoring of
TOrCs (Anumol et al. 2015b), which can help the implementation of indicator model for
ensuring treatment efficacy in water reuse.

One important aspect of indicator and surrogate models is their dependency on uncertainties of
indicator and surrogate analyses. Since TOrC attenuation is predicted using mitigation of
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indicator/surrogate, their analytical uncertainties are inherently propagated to model prediction.
Here, prediction intervals among the developed models were compared based upon the
assumption that probability difference of future prediction is mainly influenced by analytical
uncertainty of the indicator/surrogate compounds. Figure 2-11 illustrates prediction interval of
the developed model with 95% confidence level. At the 50% of modeled attenuation, indicator
model showed the highest prediction interval (equivalently highest analytical uncertainty)
followed by UVA254 and TF, which prevails whole range of attenuation. TF was integration of
fluorescent intensities and provides an average value of many fluorophores, thereby reducing
analytical uncertainty. Meanwhile, the integration requires longer scanning time, which may
hinder its application for real-time monitoring. With the fluorometer implemented in this study,
the scanning time per sample for TF was ~1 min. In this perspective, UVA254 may be
advantageous since it exhibited relatively low prediction interval whereas its analysis time is
under one second.
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Figure 2-11. Plot of prediction interval at 95% confidence level for the developed models with
all data sets. The subplot shows the prediction interval at 50% modeled attenuation.

2.5.

Conclusions

Monitoring water quality in potable water reuse is critical and it is currently a challenge for
TOrC attenuation due to an enormous amount of TOrCs present in wastewater effluent and
analytical limitation of their direct measurement for real-time monitoring. As such, this study
was primarily aimed to develop indicator and surrogate models to predict efficacy of ozone
oxidation for TOrC attenuation in wastewater effluents. To this end, second-order kinetic
equations were used to calculate comparative kinetics of TOrC attenuation and reduction in
spectroscopic surrogates including UVA254 and TF. Reaction kinetics of ozone and hydroxyl
radicals are rapid and requirespecifically designed apparatuses to accurately measure the oxidant
exposures, which hinders a wide application of TOrC attenuation predictions. In order to
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facilitate both model development and experimental determination of oxidant exposures, steadystate Rct values were utilized in the model development. The developed indicator model with
meprobamate as an indicator compound and the surrogate models with UVA254 and TF exhibited
good predictive power for the attenuation of 12 TOrCs that have various second-order rate
constants with molecular ozone and hydroxyl radicals.

The indicator model was found to be beneficial for the prediction for TOrCs with low reactivity,
eliminating the need to experimentally determine oxidant exposures. For TOrCs with
moderate/high reactivity with ozone, an empirical parameter (β) was introduced. A constant
value of β (i.e., 0.25) can predict TOrC attenuation well, regardless of water quality. The
insensitivity of β to water quality infers that the developed surrogate model using β may be
directly applicable to different water quality. In addition, Ks was employed for the surrogate
model (i.e., KS). KS consists of rate constants for the spectroscopic surrogates, which are
challenging to experimentally determine, therefore, it is necessary to obtain them empirically.
However, small variance of KS values with respect to different water, particularly for TF, implies
that a constant KS may be applicable to another water quality.

Overall, the developed models exhibited good prediction of TOrC attenuation by ozone
oxidation; however, there are still remaining tasks to elucidate the empirical parameters with
various water quality. Additional studies would be necessary to further refine the indicator and
surrogate models, thereby ultimately shedding light on the use of indicators and surrogates in
potable water reuse.
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Chapter 3. Modeling Approaches to Predict Removal of Trace Organic
Compounds by Ozone Oxidation in Potable Reuse Applications
3.1.

Abstract

Realized and potential threats of water scarcity due in part to global climate change have
increased the interest in potable reuse of municipal wastewater. Recalcitrant trace organic
compounds (TOrCs), including pharmaceuticals and endocrine disrupting compounds in
wastewater are often not efficiently removed by conventional wastewater treatment processes.
Ozone application has been demonstrated to be a highly efficient oxidation process to attenuate
TOrCs. However, operation of ozone oxidation can be challenging in wastewater due to
variations in water quality that can impact critical control points through fluctuations in ozone
demand/decay. Therefore, this study implemented three explanatory modeling techniques
including multiple linear regression (MLR), artificial neutral network (ANN), and PC (principal
component)-ANN to predict TOrCs removal by ozone oxidation in a secondary wastewater
effluent. All the developed models displayed good agreements between the predicted TOrCs
removal and the observed TOrCs removal with the explanatory variables (input variables) of
ozone dose, total organic carbon (TOC) concentration, and rate constants of ozone and •OH. PCANN displayed the highest predictive power in the external validation step (R2=0.934)
successively followed by ANN (R2=0.914) and MLR (R2=0.758). Based on the MLR model
equation and the result of sensitivity analysis of the ANN model, TOC was found to have
negligible effects on the TOrCs removal in a given water quality. Despite the predictive power of
the ANN model, possible overfitting remains to be solved since the cross validation coefficient
(q2) value calculated by the leave-one-out cross validation was not sufficient to ensure model
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predictive power. In contrast, the PC-ANN model was found to be robust across the scenarios
applied. This study provides a guideline for software sensors to control ozone treatment
processes in regards to TOrC oxidation and likely can be adapted to monitor disinfection as well.

Figure 3-1. Graphical abstract of Chapter 3

This work was published in Environmental Science: Water Research & Technology (Environ.
Sci.: Water Res. Technol., 2015, 1, 699). The statement of acknowledgement was attached in
APPENDIX A. I have contributed to all the modeling work including the development of the
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exploratory models such as MLR, ANN and PC-ANN, validation of the developed models and
overall interpretation of the results.

3.2.

Introduction

Water scarcity in many parts of the world has become increasingly severe and is anticipated to be
more aggravated in the future(Park et al. 2013). In addition, global climate change is
dynamically altering regional climates, thereby obscuring precise prediction and efficient
management of natural water resources(Paranychianakis et al. 2014). In order to provide a
drought-proof source of fresh water, potable water reuse is being increasingly explored as a
reliable water resource(Pisarenko et al. 2012). This is particularly true in arid and semi-arid
geographies where water reuse being employed to expand water resource portfolios(Gerrity et al.
2013).

Engineered potable water reuse systems employ advanced treatment technologies and they can
produce water with nearly any desired quality(Asano and Levine 1996). However, the efficiency
and efficacy of water treatment technologies is important to the continued acceptance and
advancement of reuse of municipal wastewater for augmenting potable water supplies(Snyder
2008). Of key interest is the efficacious attenuation of chemical contaminants that are recalcitrant
in conventional wastewater treatment technologies(Gerrity et al. 2010). Of the vast number of
trace organic compounds (TOrCs) reported to occur in wastewater, bioactive and highly potent
substances such as certain pharmaceuticals and endocrine disrupting compounds (EDCs) are a
potential threat to ecological and public health(Kim et al. 2007).
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Thus most potable water reuse programs utilize a multi-barrier treatment regime(Pisarenko et al.
2012). Advanced oxidation processes (AOPs) are often implemented in potable water reuse
applications as powerful oxidants for transformation of many organic constituents (Gerrity et al.
2011, Rosario-Ortiz et al. 2010) and for disinfection of essentially any biological
organism(Gerrity et al. 2012, Sherchan et al. 2014). For instance, ozone is a strong oxidant and
has been well proven to remove majority of TOrCs with high efficacy(Oneby et al. 2010). In
water, ozone is readily decomposed, and OH radicals (•OH) are formed in a chain
reaction(Staehelin and Hoigne 1985). Ozone is a selective oxidant that can rapidly react with
electron-rich moieties (ERM) such as aromatic compounds, organosulfur compounds, and
deprotonated amines, whereas •OH is relatively non-selective oxidant with high reactivity with
the majority of organic structures(Lee and von Gunten 2012).

For an efficient operation of ozone treatment processes in reuse applications, the prediction of
TOrC attenuation is valuable. In general, two kinds are modeling techniques can be considered
for predictive treatment efficacy: deterministic models and numerical models. Recently, Lee et
al. deterministically predicted TOrC removal in wastewater based on a kinetic equation as
follows:

 TOrC  
 ln 
  kO3  O3  dt  k OH   OH  dt
 TOrC 0 

(2.1)

where [TOrC] and [TOrC]0 refer to the concentrations of TOrC after and before ozone
application, respectively; and where kO3 and k•OH are the second-order reaction rate constants
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with ozone and •OH, respectively. For prediction of TOrCs attenuation using Eq. (1), ozone and
•OH exposures (i.e.,

 O  dt
3

and   OH  dt , respectively) need to be determined using an

•OH-probe compound, often p-chlorobenzoic acid (pCBA)(Elovitz and von Gunten 1999). This
methodology is readily achieved in laboratory batch reactors; however, in water with high ozone
consumption or low ozone to dissolved organic carbon (DOC) ratio, ozone is readily consumed
instantaneously. TOrCs with high reactivity with both ozone and •OH, such as carbamazepine
and sulfamethoxazole, can be rapidly oxidized during the first 20 sec of ozone exposure,
therefore requiring a specifically designed apparatus such as a continuous quench-flow system to
acquire accurate values of the ozone and •OH kinetics(Buffle et al. 2006b). In addition, the
efficiency of TOrCs attenuation is highly dependent on the kinetics of ozone reaction with
dissolved organic matter. In turn, seasonal variation of water quality (i.e., composition of
dissolved organic matter) influences the extent of TOrCs attenuation by altering ozone and •OH
exposures.

Numerical modeling techniques, particularly based on exploratory method, for the prediction of
TOrCs attenuation in wastewater can have several benefits. For example, no apparatus is
required to measure characteristics of ozone decomposition kinetics expressed by integral
exposures of ozone and •OH. In addition, a generated or trained model based on actual data
enables facile prediction of TOrCs under the seasonal variation of ozone decay/demand
characteristics.
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Hence, the objective of this study is to develop exploratory models to predict removal of TOrCs
in a secondary wastewater quality by ozone processes. Multiple linear regression (MLR), and
artificial neural network (ANN), and principal component (PC)-ANN models were developed
and their predictive power and robustness were compared. A discussion regarding the internal
and external validation is provided along with application of the developed models to software
sensors.

3.3.

Experimental methods and modeling procedure

3.3.1. Pilot-scale ozone tests
Secondary wastewater effluent was collected at a 7500 m3/day capacity wastewater treatment
facility located in southern Arizona, USA. The wastewater treatment plant receives mainly
domestic wastewater and consists of bar screens, aerated lagoons, percolation basins, biological
nutrient removal ditch, and clarifiers partially returning sludge. The secondary wastewater was
intercepted before chlorination and supplied to an ozone pilot plant (Xylem Wedeco Modular
8HC, Germany). Five sampling campaigns were conducted over 30 months with applied ozone
doses ranging from 0.5 mg/L to 9 mg/L.

3.3.2. Analytical methods and selection of TOrCs for model development
The models employed in this study are exploratory, thus an adequate amount of data needs to be
used for reliable model generation/training. Twenty-nine TOrCs were monitored over the
sampling campaigns but some were not consistently detected(Merel et al. 2015a). Therefore, six
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compounds that had a 100% occurrence in the secondary wastewater effluents over the five
sampling campaigns were used as indicators in the model development (Table 3-1). The selected
six compounds indicate four relative levels of reactivity with ozone and •OH, and are thus
binned into four groups.
Table 3-1 List of TOrCs selected for the model development
kO3, pH7
TOrC

Application

k•OH

Refere

Structure
[M-1s-1] [M-1s-1]

nces

Group I: High reactivity with both ozone and •OH
kO3, pH7>1×105 M-1s-1 and k•OH>5×109 M-1s-1
(Nanaboina

Sulfamethoxazole

5.7×105 8.5×109

Antibiotics

and Korshin
2010)

Group II: Moderate reactivity with ozone and high reactivity with •OH
10<kO3, pH7≤1×105 M-1s-1 and k•OH>5×109 M-1s-1

Atenolol

β-blocker

2.0×103

8×109

(Gerrity et
al. 2012)

Group III: Low reactivity with ozone and high reactivity with •OH
kO3, pH7<10 M-1s-1 and k•OH>5×109 M-1s-1

Nonsteroidal
anti-

(Huber et al.

Ibuprofen

9.6
inflammatory

7.4×109

2005, Packer
et al. 2003)

drug
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Primidone

Anticonvulsant

1

6.7×109

(Real et al.
2009)

Group IV: Low reactivity with ozone and moderate reactivity with •OH
kO3, pH7<10 M-1s-1 and 1×109<k•OH≤5×109 M-1s-1

DEET

Insect repellent

<10

5×109

(Song et al.
2009)

Antianxiety
Meprobamate

<1

3.7×109

(Lee et al.
2013b)

drug

The six representative TOrCs, as well as other TOrCs not included in the model development,
were analyzed using a fully-automated online solid phase extraction (SPE) system (Flexcube Agilent Technologies, Santa Clara, CA). This module was connected inline to a 1290 Agilent
liquid chromatograph (LC) coupled to a tandem mass spectrometer (MS/MS- Agilent
Technologies 6460). Method optimization parameters, reproducibility and sensitivity have been
described previously(Anumol and Snyder 2015). Briefly, the method employed only 1.7 mL to
active method detection limits between 0.4 and 3 ng/L for the target analytes. The method used a
PLRP-s (2.1×12.5 mm) online SPE cartridge for retention of target analytes and an Agilent
Poroshell EC-120 C-18 (2.1×50 mm) column for gradient elution. The samples were spiked with
a mixture of isotopically-labeled surrogate standards to account for matrix effects.
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Total organic carbon (TOC) was measured using Shimadzu TOC-L CSH Total Organic Carbon
Analyzer (Shimadzu Corp., Japan). Before analysis, samples were acidified to pH 3 or lower
using HCl (ACS grade, 37%, Sigma Aldrich).

3.3.3. Modeling procedure
Three exploratory models were employed to predict removal of TOrCs in a secondary
wastewater effluent: MLR, ANN, and PC-ANN. Figure 3-2 depicts the flow diagram of the
modeling procedure. For MLR and ANN, total organic carbon (TOC), applied ozone dose (in
mg/L), rate constants of O3 and •OH for the six TOrCs were used as explanatory variables. PCA
was conducted to transform the four explanatory variables to linearly independent variables (i.e.,
PC scores) which are used for explanatory variables for PC-ANN. Data sets from the first four
sampling campaigns were used for the model generation/training step and a data set from the last
sampling campaign was used for the external validation step. All the model calculations were
conducted using MATLAB 2014b (The MathWorks Inc., Natick, MA).
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Figure 3-2. Flow diagram of the modeling procedure.

3.3.3.1.

MLR

MLR is a linear regression method for multiple explanatory variables and can be developed as
follows:
y   0   i xi   i

(2.2)

i

where xi is the explanatory variable of i (or independent variable), y is the dependent variable, βi
is the regression coefficient, and ε is the residual.

3.3.3.2.

ANN

ANN is a computational model made up of a number of simple and interconnected processing
elements (i.e., neurons)(Kalogirou 2001). This technique is widely applied to predict occurrences
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of contaminants in natural water systems and removals of contaminants in complicated treatment
processes(El Tabach et al. 2007, Hsu et al. 1995, Salari et al. 2005). ANN consists of input,
hidden, and output layers. In this study, eight hidden layer nodes were employed since the
optimal number of hidden layer nodes is generally twice the number of input and output layer
nodes(Brion and Lingireddy 1999). A two-layered feed-forward neural network with LevenbergMarquardt algorithm was used for the training. A sigmoidal transfer function was implemented
for the transfer of information between the layers. The data sets were randomly divided into
70%, 15%, and 15% for training, validation, and testing.

3.3.3.3.

PC-ANN

A PC-ANN model was constructed to compare with the ANN model to incorporate model
robustness. PC-ANN consolidates PCA with ANN, with the main benefit of PC-ANN ability to
resolve collinearity among explanatory variables(Sousa et al. 2007). Three principal components
(PCs) as input variables (explanatory variables) were chosen since 100% of the cumulative
percentage of the explained variations by three PCs was achieved. The other modeling procedure
of PC-ANN is the same as described in the preceding section except that six hidden layer nodes
were used due to the reduced number of the explanatory variables.

3.3.3.4.

Internal and external validation
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Validation plays crucial roles in modeling, particularly for exploratory models in order to ensure
robustness and predictive power. The validation procedure generally consists of two types:
internal validation and external validation. Internal validation is a statistical diagnostic to check
the predictive ability of models. In this study, a leave-one-out (LOO) cross validation method
was employed and a cross-validated correlation coefficient (q2), an evaluation criterion of model
predictive power, can be calculated as follows(Tropsha et al. 2003):
training

q2  1 

  y  yˆ 

i 1
training

i

 y  y
i 1

2

i

(2.3)
2

i

where yi, yˆ i , and y are the observed, predicted and averaged values of the dependent variables,
respectively.
3.3.3.5.

Sensitivity analysis

Exploratory models including ANN and PC-ANN can possibly be over-fitted. Sensitivity
analysis helps in meaningful interpretation of developed models by relatively comparing the
sensitivity indices of each explanatory variable(Park et al. 2011). In general, over-fitted models
are not physically interpretable. Hence, the implementation of sensitivity analysis can alleviate
possibilities of overfitting. Latin Hypercube-One-factor-At-a-Time (LH-OAT), a global
sensitivity analysis, was implemented to elucidate the relative impacts of each explanatory
variable on TOrCs removal(van Griensven et al. 2006). LH-OAT method is a sensitivity analysis
successively applying LH sampling and OAT sampling(Cho et al. 2011, van Griensven et al.
2006). As a procedure of LH sampling, N sample points for N intervals were taken. Then, each
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of the N points is changed P times by changing each of the P parameters one at a time as OAT
sampling. Partial effect Si,j for each parameter ei can be calculated using the following equation:

Si , j

 M  e1 ,..., ei * 1  fi  ,..., e p   M  e1 ,..., ei ,..., e p  
100* 

  M  e1 ,..., ei * 1  fi  ,..., e p   M  e1 ,..., ei ,..., e p  / 2  





fi

where M(∙) is the model function, fi is the fraction by which the parameter ei is changed and j
refers to an LH point. The final effect S was determined by averaging the partial effects (Si,j)
after 1000 loops for all the LH points.

3.4.

Results and discussion

3.4.1. Occurrence of TOrCs
Figure 3-3 shows the occurrence data of TOC and TOrCs used in this study. The mean TOC
value of the secondary wastewater effluent over the sampling campaigns is ~6 mg/L and its
coefficient of variation (CV) is 15.4%. Compared to the variation of TOC, the variation of
TOrCs was higher. All the TOrCs showed variation greater than 20%, except for meprobamate.
In general, the occurrence and concentrations of TOrCs are considered highly seasonally
dependent (Loraine and Pettigrove 2006, Yu et al. 2013). TOrCs considered in this study are
anthropogenically driven and their occurrences are dependent on their usage/consumption. For
instance, highly frequent detection of sulfamethoxaolze in many countries was attributed to its
high usage (Miao et al. 2004). Sulfamethoxazole is highly soluble at neutral pH (log Dow=-0.05
at pH 7, calculated using MarvinSketch 15.2.16.0, ChemAxon Ltd.) and it is not likely to be
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adsorbed onto sludges. Meanwhile, enzymatic reaction may be a factor of seasonal variation of
sulfamethoxazole under the depletion of biodegradable carbon and nitrogen sources
available(Batt et al. 2007). Ibuprofen and DEET showed higher variation than the others.
Ibuprofen is amenable to biodegradation, hence it is reasonable that the seasonal variation can be
partially due to the seasonal change in biodegradation efficiency as well as its variation of
usage(Nakada et al. 2006). It is noteworthy that the variation of DEET may be due to possible
presence of mimic compounds, that provide a false-positive signal, as reported in a recent
study(Merel et al. 2015c).
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Figure 3-3. The occurrence of the TOrCs selected for modeling and TOC. Error bars indicate the
standard deviations of each TOrC and TOC.

3.4.2. Modeling results of MLR and ANN and their comparison
MLR shows a relatively good agreement between the predicted and observed TOrC removal
(Figure 3-4). One of the key assumptions of MLR is that the residual error follows a normal
distribution(Chan and Ng 2007). To check normality of the residuals within the developed MLR
model, a normal probability plot and a normality test based on Kolmogorov-Smirnov (KS) was
conducted as shown in Figure 3-5. The p-value from the normality test (<0.05) indicates that the
KS test rejects the null hypothesis that the residuals of the model are drawn from a normal
distribution at the 5% significant level. Transformations of the dependent variables (i.e., TOrCs
removal) including log and square-root transformations did not help the residuals become
normally distributed. So, the original form of the dependent variables was adopted for the
modeling. It should be noted that the developed MLR model showed a good agreement between
the predicted TOrCs removal and the observed one in the external validation, therefore the MRL
model was considered reliable.
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Figure 3-4. Comparison of the predicted TOrCs removal with the observed TOrCs removal for
the generation/training step and the external validation step of MLR and ANN. RMSE refers to
the root-mean-square error.
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Figure 3-5. A normal probability plot of the residuals from the four-parameter MLR model.

MLR is considered a transparent model since the model can express the relation between
explanatory variables and output variables mathematically(Gramatica 2007). This feature of
MLR enables physically meaningful interpretations of modeling result. The regression equation
obtained by MLR is as follows:

Removal (%)  32.77  10.22CO3  1.130TOC  6.912 105 kO3 ,TOrC  6.023 109 k OH ,TOrC .
(2.4)
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The estimated coefficient of CO3 is 10.56, which indicates that the increment of 1 mg/L ozone
dose can achieve ~10 % more TOrCs removal regardless of the type of TOrCs within the given
water quality. It is obvious from this result an increase in ozone dose increases TOrCs removal.
However, the positive value of estimated coefficient of TOC cannot physically explain TOrCs
removal, which indicates that the increase in TOC can cause higher TOrCs removal. This
physically non-interpretable result can be an indicator of failure in model development. In MLR
modeling, statistical significances of the each regression coefficient need to be checked. That is,
the null hypothesis that a regression coefficient is equal to zero needs to be tested. Table 3-2 in
the supplementary information shows the result of significance test. The p-value of the
regression coefficient of TOC greater than 0.05 indicates that the coefficient is statistically equal
to zero. In addition, the standard deviation of TOC in all the sampling campaigns was less than 1
mg/L (Figure 3-3), which means that the change in TOrC removal due to TOC estimated by
MLR is ~1% in the variation of the given water quality (i.e., 1.012×1 mg/L). Therefore, the
exclusion of TOC from the MLR model is necessary and a new MLR equation was obtained as
follows:

Removal (%)  25.93  10.27CO3  6.900 105 kO3 ,TOrC  6.052 109 k OH ,TOrC .

(2.5)

The regression result of the three-parameter MLR model is tabulated in the supplementary
information (Table 3-2). The values of regressions coefficients remain similar with Eq. (3),
which again indicates that TOC does not significantly influence the estimated TOrCs removal.
One interesting aspect of the model is that the model linearly depends on the ozone concentration
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and rate constants of each TOrC. Since each TOrC has a unique rate constant, the removal is
thoroughly reliant on the ozone dose in a linear manner. According to the data shown in Lee et
al.’s work(Lee et al. 2013b), meprobamate and DEET (Group IV, compounds with low reactivity
with ozone and moderate reactivity with •OH) showed relatively linear trends of their removals
with respect to O3/DOC (O3 dose normalized by dissolved organic carbon concentration in
mg/mg) whereas the TOrCs with high reactivity with ozone and •OH displayed logarithmic
trends with respect to O3/DOC. This non-linear trend of the TOrCs with relatively higher
reactivity with ozone and •OH cannot be explained by the MLR model and may provoke
relatively small deviation of the MLR model from the observed data. In addition, the fact that
MLR model does not include the effects of TOC on TOrCs removal may also influence the
predictability of the model. DOC (the dissolved fraction of TOC) is a key factor for ozone
decomposition in water since DOC concentration and composition affects the ozone
decomposition(Buffle et al. 2006a). Therefore, complete exclusion of DOC may lower the
predictive power of MLR.
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Table 3-2 Modeling result of four- and three parameter MLR models.
Four-parameter MLR model
Estimate

SE

t statistics

p-value

Intercept

-32.77

9.715

-3.373

0.001120

O3

10.22

0.6813

15.00

7.490×10-24

TOC

1.130

1.185

0.9532

0.3437

kO3

6.912×10-5

6.166×10-6

11.21

1.900×10-17

k•OH

6.023×10-9

9.450×10-10

6.373

1.546×10-8

Three-parameter MLR model
Estimate

SE

t statistics

p-value

Intercept

-25.92

6.541

-3.963

1.7042×10-4

O3

10.27

0.6787

15.13

3.288×10-24

kO3

6.900×10-9

6.161×10-6

11.20

1.639×10-17

k•OH

6.052×10-9

9.439×10-10

6.412

1.546×10-8

Compared to MLR, the ANN resulted in better predictability of TOrC removal, with R2=0.935
and 0.914 for the training and the external validation, respectively. Hidden neurons of ANN
enable the prediction of nonlinear relation between explanatory variables and output
variables(Dreiseitl and Ohno-Machado 2002). However, this modeling technique is often
considered as a “black box” and requires careful investigation of overfitting(Gevrey et al. 2003).
One of the most important criteria of models is their reproducibility in a domain of interest.
Overfitting would cause inaccurate prediction although high goodness of fit can be achieved for
a model training step. This study employed the data sets from four sampling campaigns for the
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model training step and the other data set from a sampling campaign for the external validation
step. The data set for the external validation step can be considered independent on the data sets
used in the model training step. Hence, the external validation can verify the reproducibility of
the ANN model. In addition, the q2 value from LOO cross validation procedure for the ANN
model has higher value (i.e., 0.843) as shown in Figure 3-4. High values of q2 generally indicate
predictive powers of models and q2>0.5 is considered as good and q2>0.9 as excellent(Eriksson
et al. 2003).

There are several cases addressing insufficiency of q2 to ensure model predictive power
(Golbraikh and Tropsha 2002a, Shen et al. 2002, Xiao et al. 2002). As mentioned earlier, MLR
can provide physically meaningful interpretation from the obtained model equation. Like MLR,
ANN also can give insightful interpretation using a sensitivity analysis. LH-OAT sensitivity
analysis method can provide relative effects of model input parameters on output variables. Two
ANN models were selected to explain an overfitting problem that can be arisen during training
procedures. One is the ANN model shown in Figure 3-4 as an exemplary model with high
goodness of fit for the both training and external validation step (Case 1). The other ANN model
chosen (Case 2) has a high goodness of fit for the model training procedure, but with extremely
low coefficient of determination (zero) in the external validation. Figure 3-6 shows the
sensitivity indices of the each explanatory variable for the two model cases. Case 1 showed an
agreement with the modeling result of MLR. That is, TOC has minimal impacts on the TOrCs
removal while ozone dose plays significant roles. The effects of kO3 and k•OH are also relatively
significant, which implies that each TOrC removal relies on oxidation kinetics. It was also found
that the effects of k•OH is slightly more significant than kO3. On the other hand, the most
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influential explanatory variable in Case 2 was TOC, which may be an indicator of overfitting.
Hence, it is noteworthy that q2 value would not sufficient to appreciate a predictive power for the
used data sets. The more detailed investigation is made in the following section.

Figure 3-6. The result of LH-OAT sensitivity analysis of the two ANN models. The model
selected for Case 1 was the one shown Figure 3-4. Case 1 showed high R2 values of both the
training and external validation steps as well as high q2 value. The model chosen for Case 2 was
one with high a R2 value for the training step, but zero value of R2 for the external validation
step.
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3.4.3. Collinearity problem of ANN and the robustness of PC-ANN
A necessary criterion to check the predictive power of the model in ANN is the q2 value.
However, Golbraikh and Tropsha found that a high q2value is necessary to develop a model with
high predictability, but not sufficient to ensure the predictive power(Golbraikh and Tropsha
2002b). In this study, training data subsets and the initial weight of ANN were randomly
selected, a reason that Case 1 and Case 2 have the different predictive power even though the
same modeling technique was implemented. The randomized training data subsets and the initial
weights can vary, either enhance or jeopardize, the predictive power of model. Robust modeling
techniques should be reproducible and be validated in any condition. However, Case 2 clearly
showed that the implemented ANN technique possibly provokes overfitting, thereby failing
accurate prediction. Therefore, 1000 times model training steps with different (random)
allocation of training data subsets and initial weight were conducted to elucidate the extent of
robustness. In Figure 3-7, the median values of R2 and q2 distributions of the ANN models are
0.884 and 0.774, respectively. However, the median value of R2 for the external validation
exhibited a relatively low value (0.544). Furthermore, ~10% of R2 values among the 1000 times
simulations were zero. Therefore, the ANN technique with the given explanatory data sets needs
careful appreciations of its robustness. One important aspect is that the internal validation based
on the LOO cross validation was found to be a necessary procedure, but not sufficient one for the
prediction TOrCs removal by the ANN modeling technique. This may be due to collinearity of
the explanatory variables. In the earlier section, both the MLR model equation and the sensitivity
analysis of the ANN model displayed the negligible effects of TOC on the TOrCs removal.
However, TOC may affect predictability of models because of its influence on ozone decay and
•OH formation. In turn, there may be correlation between TOC and the other explanatory
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variables (i.e., collinearity)(Cho et al. 2011). In that case, collinearity can be reduced by applying
to PCA to ANN (i.e., PC-ANN).

As depicted in Figure 3-8, PC-ANN yielded excellent agreements between the predicted and
observed TOrC removal for both the model training and external validation steps. When
applying the same procedure with the ANN modeling for the evaluation of robustness, PC-ANN
showed slightly better R2 and q2 values for the model training step as shown in Figure 3-7.
Moreover, the distribution of R2 for the external validation showed that the PC-ANN modeling
technique induced excellent predictive power even for the external validation step (the median
value is 0.896), which implies that the explanatory variables would have collinearity in particular
between ozone and TOC. Organic carbon is often considered when using O3/DOC ratio as an
operating parameter of ozone oxidation, which needs to be reflected during the modeling
procedure(Lee et al. 2013b). Hence, a possible reason of better robustness of PC-ANN compared
to ANN was that the PCA reduced the dimensionality (i.e., the number of explanatory variables)
while eliminating collinearity between the explanatory variables.
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Figure 3-7. The distribution of q2, R2 for the model generation/training and R2 for the external
validation of ANN and PC-ANN. The vertical axis indicates the number of the simulations at the
corresponding q2 and R2 values.]
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Figure 3-8. Comparison of the predicted TOrCs removal with the observed TOrCs removal for
the generation/training step and the external validation step of PC-ANN. RMSE refers to the
root-mean-square error]

3.4.4. Application of the developed models in an ozone pilot plant
There are pros and cons of the each exploratory models employed in this study. MLR model
provides a model equation that can be interpreted in a physical manner. Due to the limitation of
linearity of the model like other general linear models; however, it may not be proper to
elucidate nonlinear removal trends of TOrCs with high reactivity with ozone and •OH.
Compared to MLR, ANN displayed better predictive power in the ozonation process for TOrCs
removal. However, ANN like other black box models cannot directly provide physically
meaningful interpretation and has the serious possibility of overfitting. Internal validation based
on LOO cross validation was not sufficient to appreciate the robustness of the ANN model,
implying that the external validation procedure is inevitable. PC-ANN showed the highest
predictive power among the applied exploratory models while maintaining reproducibility.
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In a real ozone facility, the optimal operation of ozone oxidation processes is crucial since it can
reduce operational cost and maximize the removal efficacy of TOrCs, hence providing a safe
barrier of TOrCs in potable reuse applications. To this end, the best practice would be to apply
online sensors to directly measure, or predict, TOrCs attenuation. Recently, the correlation of
TOrCs removal with surrogate indicators such as spectroscopic parameters including UV
absorbance at 254 nm and total fluorescence (i.e., the integral of fluorescence intensity over the
excitation and emission wavelengths) was extensively studied in physico-chemical processes
such as activated carbon adsorption and advanced oxidation processes(Anumol et al. 2015a,
Gerrity et al. 2012, Zietzschmann et al. 2014). These approaches would be practical and useful in
a real plant since spectroscopic sensors require minimal pretreatment, accompany high frequency
of data collection, and possess high sensitivity (Henderson et al. 2009). However, although these
approaches possess such benefits, they cannot be mechanistically interpreted(Sonntag and Von
Gunten 2012). Therefore, the employment of multiple sensing techniques can lower possibilities
of sensor failures and software sensor can support such analytical monitoring techniques for the
prediction of TOrCs attenuation by ozonation. To this end, advantages and disadvantages of the
three models employed in this study need to be elucidated.

Four input parameters including TOC, applied ozone dose, rate constants of O3 and •OH of
TOrCs of interest are necessary for the developments of models. Due to the inherent nature of
exploratory modeling approaches in which models are built based upon data, regular monitoring
of TOrCs is essential for building a robust model along with online TOC sensors. For the
selection of a TOC sensor, chemical-based sensors such as catalytic combustion and
UV/persulfate oxidation types would be recommended rather than optical-based TOC sensors
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since optical-based TOC sensors potentially display a bias of TOC measurement in oxidation
processes(Yu et al. 2015). A benefit of MLR is intuitive and easily understandable, so may be
preferred for software sensor applications. In addition, the minimal influence of TOC on the
model prediction enables the exclusion of TOC as an input parameter, which does not require
implementation of TOC sensors. ANN displayed a good predictive power, but it may not be
suitable for software sensor applications because a developed model can be overfitted, thereby
losing its predictive power. In addition, internal validation such as LOO cross validation method
cannot ensure the robustness of a model. PC-ANN could predict the TOrCs with high predictive
power and showed its robustness, thereby capable of a precise software sensing technique. In
addition, possible reductions in noise of data by PCA can enhance the predictability of highly
nonlinear data, which renders the modeling technique more attractive for the TOrCs whose
analysis is sensitive and possibly variable.

3.5.

Conclusions

In this study, three explanatory modeling techniques including MLR, ANN, and PC-ANN were
applied to predict TOrCs removal by ozone oxidation in a secondary wastewater effluent. All the
developed models displayed good agreements between the predicted TOrCs removal and the
observed TOrCs removal. The main findings in this study are summarized as follows.
-

MLR model showed relatively good predictive power (R2 values for the model generation
and external validation were 0.835 and 0.758, respectively). Based on the model equation
from the MLR, the effects of TOC was found to be negligible for the given water
qualities.
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-

Better predictive power was achieved by ANN than MLR (R2 values for the training and
external validation were 0.935 and 0.914, respectively). However, the careful
appreciation is required to avoid overfitting since the cross validation coefficient (q2) as
an general indicator of predictive power of model by LOO cross validation was not
sufficient to ensure model predictabilities.

-

PC-ANN was displayed the highest predictability (R2 values for the training and external
validation were 0.946 and 0.934, respectively) among the three models while maintaining
robustness confirmed by external validations.

The each implemented model accompanies pros and cons and can be flexibly applied to various
software sensors with regard to aims of operation. Therefore, this study is expected to contribute
to helping the real-time optimization of ozone dose in terms of TOrCs removal.
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Chapter 4. Adsorption Kinetics of Trace Organic Compounds in Wastewater
and Development of Surrogate Model
4.1.

Abstract

This study attempted to elucidate the kinetics of trace organic compounds (TOrC) adsorption in
wastewater effluent. To this end, four commercially available powered activated carbons (Cabot
20BF and HDB; Calgon PWA and WPH) were tested. Initial adsorption rate was evaluated using
pseudo second-order kinetic model and correlated with hydrophobicity (Low Kow) and diffusion
coefficients of TOrCs to determine the rate limiting step at the early adsorption phase.
Hydrophobic interaction was found to be the rate limiting step whereas diffusion coefficient
exhibited no correlation with the initial adsorption rate for neutral TOrCs in charge. The
adsorption rate of charged compounds varied with their functional group. We also scrutinized the
spectroscopic surrogates including UV absorbance at 254nm (UVA254) and total fluorescence
(TF). Plots of TOrC removal versus TF reduction exhibited coincided trend among the activated
carbons whereas surrogate correlation with UVA254 depends on the activated carbon, particularly
for neutral and positively charged TOrCs. In addition, linear trend at the early adsorption phase
when plotting natural log-log plot of TOrC removal versus surrogate reduction was theoretically
proved. Furthermore, the development of surrogate model was attempted. The developed model
can successfully predict 16 TOrCs simultaneously.
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Figure 4-1. Graphical abstract of Chapter 4

4.2.

Introduction

Anthropogenic trace organic compounds (TOrCs) such as hormones, pharmaceuticals and
personal care products are ubiquitously present in wastewater effluent due to their low removal
efficacy by conventional wastewater treatment plants (Shon et al. 2006). As increasing demand
on water reuse, many advanced treatment technologies have been studied with the aim of TOrC
mitigation in wastewater effluent (Gerrity and Snyder 2012). Advanced oxidation processes
(AOPs) such as ozone and UV with hydrogen peroxide has proven to be efficacious for the
mitigation of many TOrCs (Lee et al. 2016, Rosario-Ortiz et al. 2010, Snyder et al. 2006). In
some cases, however, increased toxicity after treatment has been reported due to the formation of
more toxic transformation products than their precursors (Jia et al. 2015, Martijn et al. 2015).
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Adsorption process such as granular activated carbon (GAC) and powdered activated carbon also
exhibited to be efficacious for TOrC abatement (Snyder et al. 2007). Activated carbon adsorption
is a physical separation process and may be advantageous over oxidation processes for TOrC
control in wastewater treatment since wastewater contains potential precursors of toxic
transformation products (Mitch et al. 2003, Sgroi et al. 2014). In addition, activated carbon
processes can also be strategically used to alleviate precursor prior to disinfection to control
disinfection by-product formation (Kristiana et al. 2011).

Powdered activated carbon (PAC) is a well-proven technology in drinking water treatment to
control TOrCs such as taste- and odor-causing compounds and volatile organic compounds
(Najm et al. 1991). Recently, its application to wastewater increasingly gain attention as attempts
to control TOrCs (Altmann et al. 2014, Margot et al. 2013, Meinel et al. 2014, Nowotny et al.
2007). The main advantages of PAC include flexible application, e.g., during a pollution episode,
and relatively cheaper cost than granular activated carbon (GAC) (Knappe et al. 1998). In order
to maximize these benefits, it is imperative to determine optimal PAC dose and contact time,
which are two main operating parameters (Nam et al. 2014). In general, PAC dose ranges 1-100
mg/L and typical contact time of single stage adsorption reactor is 30 min (Altmann et al. 2014,
Rivera-Utrilla et al. 2006). When optimizing these operating parameters, longer contact time is
not economic since the capital cost for large contactor cannot be compensated by reduced
operating cost by lower PAC dose (Sontheimer et al. 1988). Therefore, it is of importance to
understand adsorption kinetics in short contact time (e.g., <30min) in order to determine optimal
operation. In addition, role of background organic matter (BOM) such as natural organic matter
(NOM) and effluent organic matter (EfOM) in TOrCs adsorption kinetics is of an important
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concern. BOM significantly lowers adsorption efficacy of TOrCs predominantly by direct
competition of adsorptive sites of PAC (Matsui et al. 2003). Furthermore, BOM significantly
increases the complexity of TOrC removal prediction due to the heterogeneous nature of BOM
(Li et al. 2003).

As a predictive approach for TOrC attenuation, surrogate modeling has been vastly investigated
in adsorption processes (Altmann et al. 2016, Anumol et al. 2015a, Zietzschmann et al. 2014,
Zietzschmann et al. 2015, Ziska et al. 2016). Surrogate is a quantifiable water quality parameter
that can present removal characteristics of TOrCs (Dickenson et al. 2009). Surrogate is often
amenable to real-time monitoring (Merel et al. 2015b). For instance, spectroscopic surrogates
such as UV absorbance at 254 nm (UVA254) and fluorescence possess suitable characteristics for
real-time monitoring: minimal requirement of sample preparation, rapid measurement and high
sensitivity (Henderson et al. 2009). UVA254 is the most frequently used surrogate in activated
carbon processes while the use of fluorescence is relatively emerging (Anumol et al. 2015a,
Ziska et al. 2016). Although the findings of previous surrogate studies for UVA254 and
fluorescence were prominent, however, the predictive models were mainly based on exploratory
data analysis such as curve fitting (Altmann et al. 2016, Anumol et al. 2015a, Zietzschmann et al.
2014, Ziska et al. 2016). Therefore, further theoretical elucidation of correlation between the
attenuations of TOrCs with those spectroscopic surrogates is crucial.

This study is primarily aimed to elucidate the kinetics of TOrC adsorption in wastewater
effluent. To this end, the pseudo second-order kinetic models were employed as an adsorption
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characteristic equation for various TOrCs. With the obtained kinetic equation, initial rate limiting
step of adsorption and rate limiting step for adsorption was scrutinized. Furthermore, surrogate
correlation between TOrC attenuation and spectroscopic surrogates including UVA254 and TF
was examined. Eventually, a surrogate model was developed to predict TOrCs attenuation.

4.3.

Experimental methods

4.3.1. Activated carbons
Four PACs were used in this study: Calgon WPH, Calgon PWA, Cabot HDB and Cabot 20BF.
These carbons were obtained directly from the corresponding manufacturers (Calgon Carbon
Corp. Pittsburgh, PA, USA; and Norit America Inc., Marshall, TX, USA). Their adsorption
characteristics are summarized in Table 4-1.

Table 4-1 Summary of activated carbon properties. Slurry pH was experimentally determined
whereas other properties were found the referred references.
BET
Iodine
surface
Carbon

Slurry pHa

Precursor

number

Reference

area
(mg/g)
(m2/g)
Cabot

(Hanigan 2015, Li et
Bituminous coal

864

8.50 ± 0.07

20BF

800
al. 2015)

100

Cabot

(Jiang and Adams
Lignite coal

546

10.9 ± 0.13

540

HDB

2006)
Bituminous coal with

Calgon

(Cuellar and
low acid soluble iron

1142

8.58 ± 0.36

b

900

PWA

Desmond 1986)
content
(Bruce et al. 2002,

Calgon
Bituminous coal

1027

7.64 ± 0.18

800

Jiang and Adams

WPH
2006)
a. Triplicate measurements for each carbon.
b. The value was found in the data sheet from the manufacturer.

4.3.2. Slurry pH
In order to understand surface charge of PACs, slurry pH was measured (Redding et al. 2009).
Slurry pH is a pH value at which net charge of carbon surface is neutral. Carbon surface is
charged negatively if slurry pH is less than solution pH and positively charged vice versa. 0.010
M KCl solution was prepared by addition KCl (Certified ACS, Fisher Scientific) into nitrogensparged Milli-Q water. PAC powder was added to 15 mL of the prepared KCl solution and
mixed for 24 hours using a magnetic stir plate. pH of supernatant was measured for slurry pH.

4.3.3. Water samples and adsorption experiments
Secondary effluent samples from two different wastewater treatment plants (WWTP1 and
WWTP2) in Tucson, AZ, USA were collected and filtered using glass fiber filters with 0.7 μm
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pore size (Whatman GF/F, GE Healthcare Bio-Sciences). Each PAC was added to 2 L of
wastewater effluent in a jar to obtain 50 mg/L dose. The PAC containing wastewater was mixed
at 300 rpm using a jar tester (Phipps & Bird PB900) after dosing the activated carbon. The
applied contact times were 5, 10, 20, 30, 40, 50, 60, 90, 120, 150, 180, 240, 300, 360, 420 and
480 min. At the desired contact time, 20 mL samples were collected and filtered using a syringe
filter with 0.45 μm pore size (PVDF Millex-HV, Billerica, MA, USA). The filtered water
samples were placed in amber glass scintillation vials and refrigerated at 4ºC until chemical
analyses.

In order to test the impacts of carbon dose on surrogate model prediction, various PAC doses (0,
5, 20,50 and 100 mg/L) and contact times (0, 5, 15 and 30 min) were applied with wastewater
effluents collected from three different WWTPs. The two WWTPs were collected from WWTP1
and WWTP2 with greater than six-month interval from the water tested for the kinetic
experiment. WWTP3 was collected from another local wastewater plant in Tucson. The
preparation such as filtration and adsorption test procedure was the same as the adsorption
kinetic experiment. General water quality such as pH and dissolved organic carbon (DOC) is
summarized in Table A-1.

4.3.4. Analysis
Dissolved organic carbon (DOC) was measured using a Shimadzu TOC analyzer (Japan). All
DOC samples were filtered before analysis using 0.45 μM syringe filters (PVDF Millex-HV,
EMD Millipore) and acidified with hydrochloric acid (37%, ACS grade, Sigma-Aldrich) to a pH
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at pH 2–3. UV absorbance and fluorescence spectra were measured using a Horiba Aqualog
fluorometer (HORIBA Jobin Yvon). UV absorbance spectra as well as UVA254 was scanned
from the wavelength of 200 nm to 800 nm with 4 nm intervals. Fluorescence intensity was
measured by scanning the excitation wavelength from 200 nm to 450 nm with the interval of 5
nm and emission wavelength from 220 nm to 580 nm with the interval of 1 nm. Inner filter effect
of fluorescence spectra was corrected using the scanned UV-visible spectra (Lakowicz 2006).
Fluorescence intensity was normalized by the area of Raman scattering peak of deionized water
to convert arbitrary unit to Raman unit (Lawaetz and Stedmon 2009). Fluorescence excitation
emission matrices (F-EEMs) were produced and TF was calculated by integration of
fluorescence spectra under the scanning excitation and emission wavelength range (Anumol et
al. 2015a, Chen et al. 2003).

The sixteen TOrCs (Table 4-2) were analyzed using direct large volume injection (80 µL) onto
an ultra-high performance liquid chromatography (LC) system coupled to a tandem mass
spectrometer (MS/MS). Isotope-dilution with a known mass of stable isotopically-labeled
versions of each TOrC was implemented (Vanderford and Snyder 2006). An Agilent 1260 binary
LC pump equipped with a Pursuit XRs C-8 column (100 mm x 2.0 mm, 3 µm) was used for
chromatographic separation. Mass spectrometry was performed with an Agilent 6490 MS system
and an electrospray ionization source equipped with Agilent jet stream and iFunnel technology.
The detailed procedure and information including method optimization parameters, compound
transitions and relevant QA/QC are available in previous work (Anumol et al. 2015b). All data
analysis was performed using the Agilent MassHunter software (Ver. 6.00).
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Table 4-2 Structure of the selected TOrCs and their Log Kow, diffusion coefficient (D) and pKa
values
Compound
Structure

Log Kowa

D (×10-6 m2s-1)b

pKac

0.16

5.54

9.7

1.44

10.0

(Application)
Atenolol
(beta blocker)
Benzotriazole

0.60

(corrosion inhibitor)

8.63

Carbamazepine
2.45

6.71

-

3.27

5.30

8.87

4.51

5.86

4.00

4.77e

5.41

4.42

(anticonvulsant)
Diphenhydramine
(antihistamine)

Diclofenac
(NSAIDd)

Gemfibrozil
(lipid regulator)
9.1
Hydrochlorothiazide
-0.07

7.61

9.8

(diuretic)
11.3
11.0
Iopamidol
-2.42

4.51

11.8

(Radiocontrast agent)
12.6
Meprobamate
0.70
(antianxiety drug)
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6.51

-

11.9
Sucralose
-1.0e

5.37

12.5

(artificial sweetner)
13.6
0.25
Sulfamethoxazole
0.89e

7.12

1.97

(antibiotics)
6.16
Tris (2-chloroethyl)
Phosphate
1.43f

6.11

-

2.79f

5.28

-

4.9e

6.08

11.4

4.76

6.20

7.68

0.91

5.65

7.16

(TCEP)
(flame retardant)
Tris (2-chloropropyl)
Phosphate
(TCPP)
(flame retardant)
Triclocarban
(antimicrobials)
Triclosan
(antimicrobials)

Trimethoprim
(antibiotics)

a. Experimental data obtained from EPA Estimation Programs Interface (EPI) Suite v 4.11 unless
specified (EPA 2012)
b. Diffusion coefficient in water calculated using ARChem Sparc Calculator
(http://archemcalc.com/sparc-web/calc)
c. Calculated using Mavrin Sketch 16.2.15 (ChemAxon, Ltd.)
d. nonsteroidal anti-inflammatory drug
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e. Estimated value calculated using the EPI Suite.
f. Reference (Kawagoshi et al. 1999)

4.3.5. Adsorption kinetic models
In this study, adsorption kinetic equations were utilized in order to explain the kinetics of early
phase adsorption. The adsorption reaction models are widely used to describe the adsorption
kinetics; particularly, the pseudo first-order equation and second-order equation as expressed in
Eq. (3.1) and Eq. (3.2), respectively.

log  qe  q   log qe 

k1
t
2.303

1
1
  k2t
 qe  q  qe

(3.1)

(3.2)

where q and qe are the adsorbate concentrations on the adsorbents at a time and at equilibrium,
respectively (ng TOrC/mg PAC); k1 and k2 are the apparent rate constants of pseudo first- and
second-order adsorptions, respectively (s-1 and mg PAC·ng TOrC-1s-1, respectively); and t is the
contact time.

4.4.

Results and discussion

4.4.1. Adsorption kinetics of TOrCs
Figure 4-2 depicts the uptake (q) of four selected compounds. It should be noted here that uptake
of TOrCs are qualitatively compared here, then quantitative comparison will be made based on
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adsorption kinetic model subsequently. Carbamazepine and trimethoprim were rapidly adsorbed
at the early phase of adsorption, then their uptakes quickly reached to plateau whereas
meprobamate and sulfamethoxazole displayed relatively slower adsorption kinetics regardless of
activated carbon type. Uptake change of the other compounds and WWTP were depicted in the
supporting information (Figure B-1 and Figure B-2). Hydrophobic interaction is known to be
major adsorption mechanism of organic micropollutants (Westerhoff et al. 2005).
Carbamazepine (Low Kow=2.45, Table 4-2) is more hydrophobic than meprobamate (Low
Kow=0.70), which caused the faster uptake rate. In addition to hydrophobicity of TOrCs, charge
and other characteristics of TOrCs were noticeable. Meprobamate, trimethoprim and
sulfamethoxazole possess similar hydrophobicity (Log Kow) while their charges are different.
Neutral meprobamate exhibited greater uptake rate in the sequence of WPH, 20BF and PWA.
HDB adsorbed meprobamate with greater rate than PWA until 120 min of contact time, then its
uptake became the lowest among the activated carbons. In contrast to meprobamate uptake, HDB
exhibited the second highest removal of sulfamethoxazole over the course of adsorption whereas
the relative uptake trend of the other carbons was similar with meprobamate. The faster uptake of
sulfamethoxazole by HDB can be attributed to its basic property. HDB is positively charged at
the given pH (slurry pH in Table 4-1) whereas the other carbons are neutral or slightly positively
charged. The positively charge surface of HDB enhanced attractive interaction with negatively
charged sulfamethoxazole. In this perspective, electrostatic repulsion is expected between
positively charged carbon and compounds. However, faster uptake of positively charged
trimethoprim than neutral meprobamate cannot be evinced by the electrostatic interaction. This
will be elucidated quantitatively with adsorption kinetic model subsequently.
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Figure 4-2. Uptake (q) of the four selected TOrCs. The symbols and lines indicate experimental
data and the pseudo-second order fits, respectively. Log Kow and charge are indicated in () and [],
respectively: +, positive; -, negative; and o, neutral.

Among the tested activated carbons, WPH showed the greatest extent of adsorption at the
corresponding contact time regardless of TOrCs, followed by 20BF. HDB and PWA exhibited
relatively slower adsorption than WPH and 20BF. This overall trend was markedly observed for
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the TOrCs with relatively slow adsorption kinetics such as iopamidol, sucralose and
sulfamethoxazole. Interestingly, the adsorption trend of HDB was unique in that it adsorbs
TOrCs rapidly and reached plateau. The other activated carbons exhibited similar trend of
adsorption kinetics showing gradual increase of uptake during the course of adsorption. When
examining the rate of uptake change (dq/dt in Figure B-3), both HDB and WPH exhibited the
highest adsorption rate at the beginning of adsorption, but the rate of HDB drastically decreased,
then showed the lowest rate after ~15 min. This unique adsorption behavior of HDB is likely
attributed to its characteristics such as surface charge and lower surface area (Table 4-1). As
discussed earlier, HDB surface is charged positively in the ambient pH. In general, NOM is
negatively charged at neutral pH ranges due to the presence of acidic groups (Lu and Su 2007),
which is amenable to electrostatic interaction with positively charged surface. This inclination of
NOM adsorption towards positively charged surfaces can exhaust adsorption capacity of HDB
with greater extent than the other activated carbons. In addition, lower surface area of HDB can
hasten its exhaustion. Lignite-based activated carbons generally possess smaller surface area than
bituminous-based ones (Boening et al. 1980, Lozano-Castelló et al. 2003). HDB showed the
lowest BET surface area (546 m2/g) and iodine number (540 mg/g) among the tested activated
carbons, which were about half of the other activated carbons (Table 4-1). Due to its low surface
area, the active adsorptive sites of HDB can be more rapidly exhausted by NOM, therefore more
swiftly losing its adsorption capability for TOrCs.
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4.4.2. Evaluation of reaction model for TOrC adsorption
In this study, the pseudo first-order and second-order models were implemented to fit the
experimental data. The pseudo-second order reaction model exhibited overall better goodness-offit (R2) values than the pseudo-first order model (Table A-2 and Table A-3). Particularly, the
pseudo second-order model for the TOrCs with low adsorption rate such as iopamidol, sucralose
and sulfamethoxazole exhibited better goodness of fit while the TOrCs with fast adsorptivity are
well modeled by the both reaction models. The pseudo-second order model was derived based
upon a chemical reaction model (Ho and McKay 1999) and represents chemisorption processes
well (Ho and McKay 1998). The better fit of the pseudo-second order model may be ascribed to
strong attractive force of hydrophobic interaction. Hydrophobic interaction is much higher in
strength than physical interaction such as van der Waals force (Meyer et al. 2006). In many
cases, the presence of microscopic bubbles augments the attractive force between hydrophobic
surfaces (Christenson and Claesson 2001). This increased attraction may render TOrCs
adsorption onto activated carbon as chemisorption-like phenomenon. Based on the pseudo
second-order model, the reaction kinetics were further elucidated in the following section.

4.4.3. Rate limiting steps of TOrC adsorption at initial phase
Adsorption process mainly consists of four steps: bulk diffusion, boundary layer diffusion,
intraparticle diffusion and surface reaction (Zhang et al. 2012). The first three steps depend on
molecular diffusion in given fluid dynamic conditions and inner/outer geometries of activated
carbons whereas surface reaction can be either physisorption or chemisorption process. As
shown previously, many TOrCs were adsorbed rapidly at the early phase of adsorption. Hence, it
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is of interest to elucidate rate limiting step for the initial adsorption phase. Provided that
adsorption rate is limited by surface reaction step as hydrophobic interaction, correlation would
be found between a kinetic parameter and Log Kow. To this end, a kinetic parameter needs to be
properly selected. k2 obtained in the preceding section cannot be directly used for the comparison
among TOrCs due to its dependency on TOrC concentration (remind that the unit of k2 is mg·ng 1 -1

s ). Hence, we derived a kinetic parameter from the initial dimensionless uptake rate in Eq.

(3.2):
d q
1
   k2 qe 
dt  qe  t 0
t1/2

(3.3)

It is interesting to note that the initial rate of dimensionless uptake (q/qe) is the inverse of halfequilibrium time (t1/2) which can be calculated with Eq. (3.2) at which q=qe/2. In addition, k2qe
depends only on time (its unit is sec-1), hence can be intercompared with respect to different
TOrCs.

Figure 4-3 A depicts the plot of k2qe versus Log Kow for WPH in WWTP1-1 (see Figure B-4 and
Figure B-5 for the other PACs). For neutral TOrCs in charge (black solid circle symbols), linear
fitting displayed reasonably high values of R2 (0.78) and Pearson linear coefficient (ρ=0.88),
indicating the correlation between the initial adsorption rate (k2qe) and hydrophobicity of TOrCs
while diffusion coefficient exhibited poor correlation with k2qe (R2=0.12 and ρ=0.34). Positively
charged atenolol, trimethoprim and diphenhydramine (red solid triangle symbols) located above
the trend line. These compounds contain deprotonated amine at the given pH (Table 4-2). As
described previously, enhanced electrostatic attraction of those compounds with WPH carbon is
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not expected due to its charge. Westerhoff et al. pointed out that possible inability of accurate
estimation for log Kow may cause underestimation of hydrophobicity for compounds with
heterocyclic or aromatic nitrogen containing compounds (Westerhoff et al. 2005). However, the
consistent trend of protonated amine may infer that protonation of amine locally decrease
solubility, therefore increasing overall hydrophobicity, which further needs to be examined. In
contrast to the protonated bases, the correlation of negatively charged compounds (blue solid
squares) with Log Kow varies with compounds. Gemfibrozil located below the trend line whereas
the other two deprotonated acids (triclosan and sulfamethoxazole) located close to the trend line.
The distinct trend of gemfibrozil may be ascribed to the carboxylic acid. Even though Log Kow
value of gemfibrozil is high, carboxylic group locally induces greater affinity to water molecules,
which can weaken hydrophobic interaction. Lower k2qe value of diclofenac than the trend line in
WWT2-1 also bolsters the proposed role of carboxylic acid (Figure B-5).

Figure 4-3. Correlation of the initial adsorption rate (k2qe) with (A) hydrophobicity (Log Kow) of
TOrCs in WWTP1-1 for WPH. ρ indicates Pearson linear coefficient.
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4.4.4. Estimation of TOrC attenuation with UVA254 and TF
Figure 4-4 depicts uptake of UVA254 and TF for WWTP1-1 (WWTP2-1 in Figure B-6). Overall,
TF exhibited very similar uptake trend of TOrCs. WPH exhibited the highest removal, followed
by 20BF. At the beginning of adsorption, HDB displayed fast removal rate, but reached plateau
whereas the uptake of the other carbons gradually increased over the course of adsorption.
Contrarily, uptake of UVA254 by HDB is the second highest over the course of adsorption.
Meanwhile, relative trend of UVA254 uptake among 20BF, HDB and WPH was similar with the
uptake of TF as well as TOrCs. The similar overall trend was found in WWTP2-1 (Figure B-6).

Figure 4-4. Uptake (q) of TF (A) and UVA254 (B) for WWTP1-1.

Figure 4-5 shows the natural-log removals of the selected TOrCs (diphenhydramine, iopamidol
and sulfamethoxazole) plotted versus UVA254 and TF. The other TOrCs are shown in the
supporting information (Figure B-7 to Figure B-10). The data distribution across the activated
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carbons exhibited similar trend for a given compound. For instance, diphenhydramine exhibited
sigmoidal shape whereas iopamidol showed parabolic shape regardless of activated carbon type.
Important difference between two surrogates was noticed by HDB carbon. Diphenhydramine and
iopamidol removals were lower than the other activated carbons at the corresponding UVA254
reduction whereas TF exhibited almost the same trends for all the compounds regardless of
activated carbon type. Relatively faster uptake of sulfamethoxazole by HDB was shown due to
the electrostatic interaction in the previous section. The similar trend with sulfamethoxazole was
also found for UVA254 which indicates that BOM absorbing UV light at 254 nm would be
negatively charged. Therefore, UVA254 can be a good surrogate for adsorption of negatively
charged compounds. Little influence of carbon type on surrogate relation of TF may be due to
neutral charge of fluorophores. Greater than 50% of fluorophores are quinone-like matter in
natural water (Fellman et al. 2009). For instance, anthraquinones, benzoquiniones and
naphthoquinones are the main derivatives from plants composing NOM (Cory and McKnight
2005) which are neutral in charge at neutral pH ranges. When comparing WWTP1 and WWTP2,
the surrogate correlation trends resemble each other, which indicates that the surrogate
correlation was little influenced by the tested water qualities (Figure B-11).
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Figure 4-5. Surrogate correlation of diphenhydramine, iopamidol and sulfamethoxazole with
UVA254 (top row) and TF (bottom row). The charge of compounds is indicated in []: +, positive;
-, negative; and o, neutral.

The slope of the initial adsorption phase seems linear in the log-log plot and their values are
similar each other among the activated carbons. For instance, iopamidol exhibited linear trend
down to -0.3 of log reduction of UVA254. When the log reduction of UVA254 is below -0.3, HDB
maintains the linear slope whereas the other carbons displayed right handed parabola of overall
trend due to the slope change. The explanation of the linear region at lower surrogate reduction
was attempted theoretically.

The sorption of TOrC i can be described by the Langmuir type equation (van de Weerd et al.
1999):
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dqi
 ka*,i qe ci 1     kd ,i qi
dt

(3.4)

where ci is the concentration of i in solution (ng/L) and θ is the fraction of occupied sorption sites
(0≤ θ ≤1). For adsorption of surrogates, we assumed that the UVA254 and TF behaves as a
hypothetical single compound. Therefore, the surrogate adsorption kinetics can be expressed in
the following equation.

dqS
 ka*, S qe cS 1     kd ,S qS
dt

(3.5)

where S is a surrogate. By dividing Eq. (3.4) by Eq. (3.5), one can obtain the following equation.
k * q c 1     kd ,i qi
dqi
 * a ,i e ,i i
dqS ka , S qe , S cS 1     kd ,S qS

(3.6)

Since the adsorption rate ( ka*,i qe,i ci 1    ) is much greater than desorption rate ( kd q ) at the early
phase of adsorption, the desorption rate assumes to be negligible for both i and S. In addition, the
occupied sorption sites by a TOrC and surrogate (θi and θS) are much smaller than those of
unoccupied ones (1-θ), which bolsters the omission of desorption rate. This enables the
simplification of Eq. (3.6):
ka*,i ci qe ,i
dqi

dqS ka*, S cS qe , S

(3.7)

Based on the mass balance principle ( q   c0  c  / Cc where Cc is the PAC dose), the integration
of Eq. (3.7) resulted in the following equation.
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 S ,0 
 S ,0 

(3.8)

It was rationale to assume that ka*,i and ka*, S at the early adsorption phase can be approximated to
the apparent second-order rate constants. From Eq. (3.8), it was found that the surrogate
correlation is independent on free adsorptive surface area (1-θ) and carbon dose. In other words,
the initial adsorption rate (k2qe) of TOrCs and surrogates are main parameters to determine the
correlation. Surrogate correlation for various carbon doses (0 to 100 mg/L) with short contact
time (≤30 min) coincided each other for tested waters while showing linear trend (Figure B-12),
confirming the independency of surrogate correlation on carbon dose at short contact time.

While the predicted data follows experimental data at the early adsorption phase (i.e., lower log
reduction), substantial underestimation was found overall (Figure B-13, three selected TOrCs are
included). The predicted trend for TOrCs with fast adsorption rate has agreement with data to the
certain extent whereas TOrC with slower adsorption rate exhibited significant underestimation.
The discrepancy of the TOrCs with slower kinetics may be because the disregard of desorption is
no longer validated. In order to improve model prediction, the equation was empirically
corrected as follows for better prediction.
 c 
1  c 

ln  i    1  ln  ln  S 
c 
   cS ,0 

 i ,0 
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(3.9)

It should be noted that this semi-empirical model has no parameter estimation required and
works as a deterministic model. The model was validated for data with contact time less than 30
min. As shown in Figure 4-6, the surrogate model using TF successfully predicted the TOrCs
with R2 ranging 0.80 to 0.97. UVA254 exhibited lower predictive power (R2 ranging from 0.62 to
0.95) due to greater influence of activated carbon type on correlation. Despite the excellent
predictive power of the developed surrogate model, it is encouraged to validate this model with
broader water quality.

Figure 4-6. Prediction of TOrC removal using the developed surrogate model (Eq. (13)) with TF
(left) and UVA254 (right).

4.5.

Conclusions

This study attempted to elucidate the kinetics of TOrC adsorption in wastewater effluent. To this
end, four activated carbons (20BF, HDB, PWA and WPH) were tested with secondary
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wastewater effluents. The TOrC adsorption kinetics were better explained by the pseudo secondorder reaction model than the pseudo first-order model. Based upon the pseudo-second order, the
initial adsorption rate (k2qe) was obtained and further correlated with Log Kow and diffusion
coefficient of TOrCs. For neutral TOrCs in charge, linear trend of the initial adsorption rate
versus Log Kow was observed whereas no linearity was found with Log Kow. This indicated that
the surface reaction (i.e., hydrophobic interaction) was found to be the rate limiting step at the
initial phase of adsorption. The initial adsorption rate of charged TOrCs depends on functional
groups rather than electrostatic interaction with carbon surface. TOrCs with protonated amine at
the ambient pH such as atenolol, diphenhydramine and trimethoprim exhibited greater removal
than the estimated trend with neutral TOrCs at corresponding Log Kow, which may be due to the
reduced local solubility on amine group. Contrarily, negatively charged TOrCs with carboxylic
acid such as diclofenac and gemfibrozil displayed lower initial adsorption rate.

We also scrutinized the spectroscopic surrogates including UVA254 and TF. Plots of TOrC
removal versus TF reduction exhibited coincided trend among the activated carbons whereas
surrogate correlation with UVA254 depends on the activated carbon, particularly when TOrCs are
neutral or positively charged. In addition, surrogate correlation at the early phase was found to be
linear when visualizing natural logarithmic plots of TOrC removal versus surrogate reduction,
which was theoretically proved. Furthermore, the development of surrogate model was
attempted. A single equation can successfully predict 16 TOrCs simultaneously at contact time
less than 30 min. TF yielded better prediction (R2 ranging from 0.80 to 0.97) than UVA254 (R2
ranging from 0.62 to 0.95). Since the limited number of water quality was tested, model
validation with broader water quality is encouraged.
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Chapter 5. Pre-ozonation for High Recovery of Nanofiltration (NF)
Membrane System: Membrane Fouling Reduction and Trace Organic
Compound Attenuation
5.1.

Abstract

In this study, ozone was investigated as a pre-treatment to reduce fouling potential of a highlyconcentrated surface water brine (~18 mg/L DOC). It was found that pre-ozonation with
relatively low ozone doses (0.1 mg O3/mg C and 0.4 mg O3/mg C O3/DOC ratios) significantly
reduced organic fouling potential of the brine, quantified using modified fouling index (MFI).
The size distribution of natural organic matter (NOM), measured by size-exclusion
chromatography (SEC) with UV and fluorescence detectors was not significantly altered by
ozonation. In addition, the application of classical pore blocking model revealed that the
dominant fouling mechanism was cake filtration and no fouling mechanism changed after
ozonation. Based on a statistical correlation test, macromolecules (apparent molecular weight,
AMW>10k Da) of typtophan-like aromatic protein and soluble microbial-like matter (from SEC
with fluorescence detector) exhibited strong correlation with the fouling potential. Moreover,
small molecules (AMW between 600 Da and 1600 Da) of UV-absorbing matter were correlated
with the fouling potential whereas bulk parameters such as SUVA displayed relatively lower
correlation with the fouling potential, which infer the use of specific size fraction of
chromophores as an indicator of fouling potential reduction by ozonation. Trace organic
contaminants (TOrCs) removal by ozone, membrane, and combination of ozone and membrane
were also examined. Greater than 70% removal of the 17 trace organic contaminants (TOrCs)
was achieved at 0.4 mg O3/mg C O3/DOC. The NF membrane used in the study (NF90) alone
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also could remove more than 90% of TOrCs. When pre-ozonation was performed with the NF
membrane, all the TOrCs tested were not detected above method detection limit in the given
TOrC concentrations and greater overall removal than either ozone or membrane alone was
expected. In conclusion, the application of pre-ozonation to NF membrane not only can alleviate
organic fouling potential, but also can function as a dual barrier for ensuring removal of TOrCs
for drinking water treatment.

Figure 5-1. Graphical Abstract of Chapter 5

5.2.

Introduction

With rapid increase in water scarcity, a significant amount of the population is struggling for
access to reliable water sources (Shannon et al. 2008). For instance, over 4 billion people are
reported to be threatened by inadequate access to freshwater (Grant et al. 2012). To alleviate
these water stresses, several measures such as water conservation, repair of existing
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infrastructure, and investment in new distribution systems (Elimelech and Phillip 2011) have be
considered. However, these solutions can only improve utilization of existing water resources,
but cannot overcome the existing hydrological cycle or provide new sources of water. Two
viable options independent of hydrological cycle are desalination and water reuse. Membrane
technology can be critical in implementation of both these schemes. Among membrane
technologies, pressure-driven membrane processes such as microfiltration (MF), ultrafiltration
(UF), nanofiltration (NF) and reverse osmosis (RO) are dominant in the water treatment market
and proven to be the most effective against removing chemical and biological contaminants, thus
providing high quality water suitable for potable use (Kimura et al. 2003). Benefits of membrane
technologies include ease of operation, no phase change, and temperature-insensitive nature
enabling operation at ambient temperature (Soltanieh and Gill 1981). In addition, no byproduct
formation is a benefit over oxidation treatment technologies such as ozone, UV, and chlorination
(Kwak et al. 2001, Wert et al. 2007, Zularisam et al. 2006). However, inherent production of
brine is an increasing problem (Greenlee et al. 2009, Heijman et al. 2009).

There are several options for brine management. Marine discharge, that is the discharge of brine
into marine water bodies including bays, estuaries, and/or oceans, is one of the dominant
practices (Chelme-Ayala et al. 2009). However, this practice may contaminate receiving water
bodies and is not generally viable for in-land communities. Further, U.S. states like Florida are
considering banning offshore brine discharge which will require alternative strategies of brine
disposal (Florida-Senate 2009). While brine disposal into sewers can also be an option, the
addition of inorganic and organic contaminants into sewage lowers biochemical oxygen demand
(BOD) removal and increase total dissolved solids, hence potentially aggravating activated
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sludge processes when this water gets to the water treatment plant (Lawton and Eggert 1957).
Zero liquid discharge (ZLD) is a combination of processes inducing very high recovery rate
(nearly 99 %) using techniques such as thermal distillation/evaporation and can be a viable
option for brine treatment. However, currently available ZLD technologies raise operating costs
significantly (Bond et al. 2011).

One promising opportunity for brine management is additional stages of membrane treatment to
achieve higher recovery; however, pre-treatment is essential to reduce the potential for rapid and
irreversible membrane fouling due to organic constituents. Natural organic matter (NOM) is a
major contributor in organic membrane fouling on membrane surfaces (Fan et al. 2008). As a
means of reducing organic fouling potential, pre-ozonation has been applied to membrane
processes (Bes-Pía et al. 2004, Van Geluwe et al. 2011, You et al. 2007). However, very few
studies on the effects of pre-ozonation, particularly on NF membrane system have been
conducted. Furthermore, no study was conducted to investigate possible synergism of a
combined system of ozone followed by NF membrane for attenuation of TOrCs. In drinking
water production, NF membrane are increasingly important because they require less energy
consumption than RO membranes while maintaining high rejection rate of most organic
contaminants. In particular, possible presence of trace organic compounds (TOrCs) such as
pharmaceutically active compounds and endocrine disrupting compounds increasingly draw
public attention and NF was shown to function as a successful barrier for TOrCs (Snyder 2008,
Yoon et al. 2006). However, significantly greater amount of TOrCs is present in concentrate
stream relative to the feed that may cause unacceptable concentrations in the permeate of the
secondary NF membrane system and hinder the achievement of higher recovery. Hence, it is
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crucial to investigate the removal of TOrCs in highly concentrated stream (brine) and possible
synergism of combination of pre-ozonation and membrane filtration for TOrCs removal in brine
for high recovery NF membrane systems.

The primary aim of this study is to investigate the effects of pre-ozonation on fouling reduction
and TOrCs removal in NF membrane process for brine treatment. To this end, fouling propensity
test for NF brines at two ozone doses was conducted using a flat sheet membrane system. In
attempts to investigate possible alteration of fouling mechanism, classical pore blocking and
cake filtration models were applied. For quantitative comparison, the change in modified fouling
index (MFI)—an indicator of fouling potential—of brine before and after ozonation was
calculated. Furthermore, the fouling potential (MFI) was statistically correlated with various
organic quality parameters such as specific UV absorbance (SUVA) and total fluorescence (TF).
In addition, the effects of pre-ozonation on the removal of TOrCs in permeate was also studied in
order to scrutinize possible beneficial effects of pre-ozonation on the removal of TOrCs in a NF
membrane system.

5.3.

Methods

5.3.1. Brine generation
The brine was prepared for fouling propensity tests by using a spiral wound membrane system
with two pressure vessels operated in parallel. Two Dow Filmtec NF270-4040 membrane
elements were employed and a one-micron filter was installed prior to the membrane elements to
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remove particulate matter present in the feed water. Constant pressure and feed flow rate was
employed during the brine generation (4.5 bar and 23 L/min, respectively). Desired recovery rate
(85 %) was achieved by recirculating the concentrate stream back into the feed tank while the
permeate stream was discarded. As feed water, Colorado river water (CRW) was used and 50
ng/L of 17 TOrCs were spiked into the feed water before brine generation (Ormerod and Scott
2013). 1.5 mg/L of antiscalant (Nalco Permatreat PC 191) was spiked into the feed water, which
was calculated using PC Optimize (ver. 1.2.0) provided by Nalco, USA.

5.3.2. Ozonation setup and decay testing
Ozone decay test of the produced brine was conducted using a bench-scale ozone generator
(Modular 8HC ozone generator, Xylem Wedeco, Germany). First, ozone stock solution was
prepared by diffusing ozone gas through DI water at 1°C. A concentrated stock of dissolved
ozone at ~1.2 mM was then added into the brine to get the desired ozone dose for decay testing.
Dissolved ozone concentration was measured using the indigotrisulfonate ozone residual method
(Rakness et al. 2010). The residual ozone concentration in the brine was measured at the interval
of 10 sec up to 30 sec and the measurement interval was increased gradually until 4 min. Based
on the result of ozone decay test, two ozone doses (1.8 mg/L and 7.5 mg/L corresponding to 0.1
mg O3/mg C and 0.4 mg O3/mg C, respectively) were chosen. The selection of the ozone doses
was described in detail in Section 3.1. The generated brine was ozonated at the two selected
ozone doses using a pilot-scale ozone flow-through generator (Modular 8HC, Xylem Wedeco,
Germany).
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5.3.3. Fouling propensity test
The fouling propensity test unit consists of membrane cell, feed tank, temperature controller,
pump, and data acquisition system (Figure 5-2). 5 L of the brine as feed water was tested and the
concentrate stream was recirculated into the feed tank. The temperature of the feed water
maintained at 25°C during the fouling test. A flat sheet membrane cell (SEPA CF cell, Sterlitech
Corp., Kent, WA, USA) was used with a 47-mil feed spacer and a 10-mil shim. Feed flow was
controlled at a constant rate of 2 L/min using a variable frequency drive (VFD) and desired
pressure was controlled using a pressure regulator. Dow Filmtec NF90 membrane was
compacted using DI water at the same pressure as one applied for the test water (brine) for 24
hours, then was used for fouling propensity test. Flowrates of the concentrate stream and
permeate stream were automatically recorded using a data acquisition system. Samples for
analysis of TOrCs in permeate water were collected at 24 hours after initiation of fouling
propensity test.

Figure 5-2. Schematic of the flat sheet membrane system used for fouling propensity test.
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5.3.4. Analysis
Dissolved organic carbon (DOC) was measured using Shimadzu TOC-L CSH Total Organic
Carbon Analyzer (Shimadzu Corp., Japan). Before analysis, samples were filtered using 0.45 µm
PVDF syringe filter (EMD Millipore), then acidified to pH 3 or lower using HCl (ACS grade,
37%, Sigma Aldrich). Metals were analyzed by an Agilent 7700x Series ICP-MS in helium
collision gas mode. Samples for metal analysis were acidified with 2% (v/v) HNO3 using
OPTIMA grade nitric acid (Fisher Scientific). 20 µL of an aqueous solution containing equal
concentrations (5 mg/L each) of scandium, germanium, indium, and bismuth was then added to
each tube as an internal standard and the contents vortexted vigorously. Reported measurements
of metals in each sample represent the average of 3 measurements.

Apparent molecular weight (AMW) of dissolved organic matters (DOMs) was measured using
size exclusion chromatography (SEC). An Agilent 1290 high performance liquid
chromatography (HPLC) (Palo Alto, CA) hyphenated with diode array detector (Agilent 1260
DAD) at wavelength of 254 nm and fluorescence detector (Agilent 1290 FLD) was applied. Five
pairs of excitation (Ex) and emission (Em) wavelengths were employed for FLD: Ex/Em of
225nm/297nm, 225nm/343nm, 225nm/440nm, 280nm/345nm and 330nm/440nm, which
represent tyrosine-like aromatic protein, tryptophan-like aromatic protein, fulvic acid-like matter,
soluble microbial product (SMP)-like matter and humic acid-like matter, respectively. A silicabased column (Waters Protein-Pa 125; particle size 10 µm, diameter 7.8 mm, and length 300
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mm) was used for separation. Eluent was prepared with 2.4 mM sodium phosphate, 1.6 mM
disodium hydrogen phosphate, and 96.0 mM sodium chloride (Kwon et al. 2006). Polystyrene
sulfonates with molecular weights (MWs) of 1100, 3610, 6520, 14900, and 32900 Da were used
as MW standards (Polymer Standards Service, Mainz, Germany). UV and fluorescence spectra
were measured simultaneously using a Horiba Aqualog fluorometer. UV spectra were scanned
from 200 nm to 800 nm wavelength and the obtained UV spectra were used to correct inner filter
effects and to obtain UV absorbance at 254 nm wavelength (Lakowicz 2006). Regional
integration method was conducted and the detailed methods can be found in the Chen et. al’s
work (Chen et al. 2003). In brief, five operationally-defined fluorescent regions were selected
and the fluorescence intensity is integrated under the each region.

Seventeen TOrCs were measured using an online solid-phase extraction module coupled to an
ultra-HPLC tandem mass spectrometer (UHPLC-MS/MS) from Agilent Technologies (Palo Alto,
CA). This setup employed a FlexCube module to perform automated online solid phase
extraction using a polymeric solid phase extraction cartridge that is attached to an Agilent 1290
Infinity UHPLC, which in turn is coupled to an Agilent 6460 LC/MS Triple Quadrupole mass
spectrometer. The method required only 1.7 mL of sample to achieve low ng/L detection limits
for all seventeen TOrCs and performed simultaneous positive and negative electrospray
ionization (ESI) allowing for just one sample injection to measure all analytes. Details of the
analytical method including method performance and validation have been published previously
(Anumol and Snyder 2015). Data was processed using Agilent Mass Hunter software (Ver.
06.01) and samples were quantified using the isotope dilution method.
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5.4.

Results and discussion

5.4.1. Ozone decay test to determine ozone dose
An ozone residual in feed water can cause membrane damage since polymeric membranes
including polyamide membranes are chemically intolerant to ozone (Glater et al. 1983). Oxidants
such as ozone and chlorine attack polymeric membranes and cause rapid membrane failure by
increasing both water permeability and salt permeability (Glater et al. 1994). In practice, residual
ozone can be quenched by oxidant quenching agents such as sodium bisulfite, but is not attractive
in terms of extra operating cost. Hence, the best practice would be to determine an ozone dose
which can instantaneously be consumed in the water, but still provides sufficient treatment. To
this end, ozone decay experiments can be performed to estimate residual ozone dose.

In this study, the residual ozone in the brine was rapidly consumed (<60 sec) (Figure 5-3).
Instantaneous ozone demand (IOD) is defined as the concentration of ozone decomposed within
the initial 20 sec (Buffle et al. 2006b) and IOD of the brine was determined to be 7.3 mg/L.
Application of the lowest ozone dose to achieve the required treatment is always desirable as it
minimizes operating costs and reduces potential for formation of any additional oxidation
byproducts. Therefore, two ozone doses were selected based on IOD: a low value (1.8 mg/L
corresponding to 0.1 mg O3/mg C) and one at close to IOD (7.5 mg/L corresponding to 0.4 mg
O3/mg C).
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Figure 5-3. Ozone decay curve of NF brine (8 mg/L ozone applied resulting in instantaneous
ozone demand (IOD) 7.3 mg/L).

5.4.2. Fouling reduction by pre-ozonation
In order to investigate the impacts of ozonation on fouling propensity, 10 and 25 bar were
applied on the membrane. It is important to clarify that the ‘brine’ hereinafter refers to
concentrated CRW water used as feed to the flat sheet membrane. Figure 5-4 illustrates clearly
that increasing ozone dose reduces fouling propensity regardless of the applied pressure. As
expected, there was little effect due to ozone on inorganic water quality parameters on fouling
including ionic strength, divalent cation concentrations as well as pH (Table 5-1) (Braghetta et
al. 1997). Hence, the reduced fouling potential is not expected to be caused by the change in
130

inorganic chemistry. In other words, the change in fouling propensity due to ozonation would be
closely related to the change of NOM characteristics in the brine. This will be further scrutinized
in the later sections.

Figure 5-4. Flux decline of brine with and without ozonation. Two ozone doses (0.1 mg O3/mg C
and 0.4 mg O3/mg C, respectively) were employed for the applied pressure of (a) 25 bars and (b)
10 bars.

Table 5-1 Bulk water quality parameters and metal concentrations

Parameter

Colorado river

Brine

water (CRW)

Brine with 0.1

Brine with 0.4

mg O3/mg C

mg O3/mg C

DOC (mg/L)

3.5

18.3

16.7

17.2

pH

8.1

8.3

8.2

8.2
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310

302

308

946

2357

2307

2344

Alkalinity (mg/L
CaCO3)
Conductivity (μS/cm)
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Na (mg/L)

65.7

212.0

211.8

212.1

Mg (mg/L)

19.1

100.5

112.1

107.3

K (mg/L)

4.9

11.4

11.3

11.3

Ca (mg/L)

77.5

291.1

284.7

278.4

Ba (mg/L)

0.08

0.54

0.50

0.53

In NF membranes, cake filtration is known to be the major fouling mechanism (Listiarini et al.
2009). To grasp the extent of fouling reduction by ozonation, it is important to quantify the
change in fouling potential. The modified fouling index (MFI) can be utilized for the
quantification of fouling potential when cake filtration plays a dominant role in fouling
(Boerlage et al. 2002, Schippers and Verdouw 1980). MFI was derived by Schippers et al. based
on cake filtration mechanism for colloidal fouling and its value is linearly proportional to the
concentration of colloidal matter at a given pressure (Schippers and Verdouw 1980). The MFI
can be obtained from the slope of the linear region in the plot of t/V versus V as expressed in Eq.
(1).

t  Rm
I


V .
V PA 2PA2

(4.1)

MFI

where η is the dynamic viscosity, Rm is the intrinsic membrane resistance, ΔP is the applied
transmembrane pressure, I is a measure of the membrane fouling potential of the feed water, and
A is the membrane area. As shown in Eq. (4.1), MFI is a function of the fouling potential and the
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transmembrane applied pressure, so MFI can be a good indicator to compare fouling potential
among different feed waters.
MFI was calculated by plotting t/V versus the accumulated filtrate volume (Figure 5-5 (a) and
(b)) and its values are shown in Figure 5-5 (c). Fouling potential of the brine for both 0.1 mg
O3/mg C and 0.4 mg O3/mg C was significantly reduced (Figure 5-5) compared with the nonozonated brine. For example, MFI values were reduced by 56.6% and 79.1% for 10 bar and 25
bar applied pressure respectively at 0.4 mg O3/mg C. This implies that the pre-ozonation was as
equivalently effective as reducing 56.6% and 79.1% of foulant, respectively. This is interesting
since applied ozone doses were low as mg O3/mg C, but effective to reduce fouling potential of
the brine nonetheless. The MFI of the 10 bar applied pressure is greater than the 25 bar pressure
due to lower convective flux of NOM towards the membrane surface because the extent of
fouling is proportional to the permeate flux (Song et al. 2004). In addition, higher pressures can
compress cake layer and render it less porous and denser, thereby increasing hydraulic
resistance. The reduced fouling potential will be further correlated with organic properties such
as SUVA and fluorescence properties in the later sections.

Figure 5-5. Filtration curves for the brine with and without ozonation for the applied pressure of
(a) 25 bars and (b) 10 bars. (c) Modified fouling index (MFI) values were obtained by
calculating slopes of t/V versus V for each fouling propensity test.
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5.4.3. Fouling reduction mechanism
The reduction in organic fouling potential by ozonation was observed in the preceding section
and it is invaluable to investigate the fouling mechanism change if there is. Organic fouling
consists of three main sequential phases: pore blocking, cake filtration (or gel filtration), and
cake filtration with compression (Schippers and Verdouw 1980). In high pressure membrane
processes such as NF and RO, cake filtration plays a dominant role in membrane fouling since
pore blocking mechanisms generally occur if foulant size is similar or smaller than the pore size
of the membrane. In order to confirm this, graphical analysis of classical pore blocking model
was performed using the following equation:

d 2t
 dt 
k

2
dV
 dV 

n

(4.2)

where t is the filtration time, V is the total filtered volume, and k is the fouling coefficient
(Hermia 1982, Lee et al. 2013a). Classical pore blocking can be expressed by the exponent
value: n=0 for cake filtration, n=1 for intermediate pore blocking, n=1.5 for standard pore
blocking, and n=2 for complete pore blocking. n value can be obtained graphically by
logarithmically plotting d2t/dV2 versus dt/dV, which can be calculated as follows:

dt
1

dV JA

(4.3)

d 2t
 1  dJ 
   3 2  
2
dV
 J A  dt 

(4.4)

134

where J is the filtrate flux and A is the membrane area. The value of n can often be determined
graphically (Palacio et al. 2002).

Figure 5-6 shows a plot of d2t/dV2 versus dt/dV and its slope gives n. Note that spline curve
fitting was conducted to help show the trend. As seen in the figure, the slopes of all the given
conditions are close to zero at low dt/dV, then become negative as increasing dV/dt regardless of
the applied pressure and ozone dose. It is noteworthy that higher value of dt/dV indicates longer
filtration time (see Eq. (4.3). dt/dV is inversely proportional to the permeate flux which declines
as increasing filtration time). The zero slope (n=0) at shorter filtration time regardless of the
applied pressure and ozone dose indicates that the organic fouling transpired under the cake
filtration mechanism at the beginning of fouling. The following decreasing trend cannot be
explained by any classical fouling model. In MF processes, the transition from zero to negative
slope is a direct result of the transition from pore blockage to cake filtration (Yuan et al. 2002).
In NF membrane process; however, the decreasing trend may be attributed to additional flux
decline by cake-enhanced osmotic pressure (CEOP) since the built-up cake layer provokes
additional resistance against diffusive solute transport, which cannot be explained by the
classical pore blocking model (Hoek and Elimelech 2003). In sum, cake filtration was dominant
fouling mechanism regardless of ozone oxidation, hence the alteration of cake layer
characteristics would be the main cause for the reduced fouling potential. NOM characteristics
change will be explained in the subsequent sections using spectroscopic analyses.
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Figure 5-6. Flux decline analysis for the brine with and without ozonation for the applied
pressure of (a) 25 bars and (b) 10 bars. Spline curve fitting was applied to help show trend.

5.4.4. Change in NOM characteristics by ozone oxidation
Specific UV absorbance (SUVA) is UV absorbance at 254 nm wavelength normalized by DOC
concentration. As shown in Figure 5-7 (a), SUVA value was significantly reduced by ozonation
(Świetlik et al. 2004), similar to other studies (Wert et al. 2007, Wert et al. 2009). Ozone is
highly reactive with electrophilic aromatic moieties, thereby reducing attraction between NOM
and membrane. Relatively fast reaction of aromatic moieties at low ozone dose can be beneficial
in the application of pre-ozonation for fouling potential reduction since it can reduce operating
costs. In addition, the selective removal of aromatic moieties of foulant enables pre-ozonation to
be effective in reduction of fouling potential of feed water with high NOM.

136

Figure 5-7. (a) Specific UV absorbance (SUVA) in the left axis and normalized total
fluorescence (TF) in the right axis. (b) Excitation-emission matrix (EEM) of the brine.
Operationally-defined excitation and emission boundaries into five regions. Region 1 to 5 refers
to tyrosine-like aromatic protein, tryptophan-like aromatic protein, fulvic acid-like matter,
soluble microbial product (SMP)-like matter and humic acid-like matter, respectively. (c)
Relative fluorescence integrated in each operationally-defined excitation/emission wavelength
region.

Hydrophobic interaction is known to be a major fouling mechanism in NF membrane filtration
(Hong and Elimelech 1997). For instance, hydrophobic fraction of NOM can favorably adsorbs
onto surfaces of hydrophobic membrane. Here, three-dimensional excitation-emission matrix
(EEM) fluorescence spectra was utilized to investigate hydrophobicity change by ozone. Total
fluorescence (TF) is the summation of integrated fluorescence values over the operationallydefined excitation-emission boundaries (Figure 5-7 (b)) and can be an indicator of
hydrophobicity of NOM (Chen et al. 2003). According to Chen et al. (Chen et al. 2003),
hydrophobic fractions of NOM exhibited larger normalized TF (TF divided by DOC) than base
and hydrophilic fractions. Similar to SUVA, normalized TF was substantially reduced by
ozonation, which indicates the reduction in hydrophobicity. When investigating each fluorescent
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regions (Figure 5-7 (c)), it is worth pointing out that aromatic fluorescent fractions of NOM such
as aromatic proteins including tryrosine-like (Region 1), tryptophan-like (Region 2), and SMPlike fluorescent organic matter (Region 4) were attenuated with greater efficacy compared to the
other regions. Fulvic-like (Region 3) and humic-like (Region 5) fluorescent fractions of NOM
were more recalcitrant to ozone oxidation compared to the other aromatic fractions. The greater
removal of fluorophores at region 1, 2 and 4 were attributed to the greater reactivity of their large
size fractions, which was observed from the SEC analysis.
Figure 5-8 depicts the AMW distribution of UV-absorbing and fluorescent NOM. NF
membranes generally possess small pores (<1,000 Da) and the molecular weight cut-off
(MWCO) of the Dow Filmtec NF90 membrane used in this study was reported between 200 and
300 Da (de la Rubia et al. 2008, Krieg et al. 2005). Hence, the main separation mechanism of
NOM would be the size exclusion. Based on UV absorbance detection with SEC, it was
determined that the molecular weight distribution of NOM was not altered significantly by
ozonation while intensities of chromatographic peaks of UV-absorbing NOM at given AMWs
substantially decreased. The minimal size alteration can be attributed to minor alteration of
functional groups of NOM rather than break down into smaller fractions. Previous studies
reported moderate shift of molecular size of NOM by ozonation at an O3/DOC of 1 mg O3/mg C
(Bose et al. 1994, Wert et al. 2011). This study employed much lower O3/DOC (0.1 mg O3/mg C
and 0.4 mg O3/mg C), therefore little size shift by ozonation was expected.
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Figure 5-8. Apparent molecular weight (AMW) distribution measured by size-exclusion
chromatography (SEC) with (a) a UV-diode array detector (254 nm) and (b) fluorescence
detector with the five pairs of excitation/emission wavelengths.
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Similarly to SEC-UV, small fluorescent molecules exhibited similar AMW distribution between
1000 Da and 1700 Da regardless of fluorescent region (Figure 5-8 (b)). A major distinction from
SEC-UV chromatogram, however, is that macromolecules (AMW>10k Da) were observed for
Region 1, 2 and 4. These macromolecules are likely to be polysaccharides, proteins and/or amino
sugars (Jarusutthirak and Amy 2007). Almost complete reduction of fluorescence intensities of
the macromolecules was observed at 0.4 mg O3/mg C whereas molecules with AMW between
1000 Da and 1700 Da displayed lower extent of fluorescence decrease. This was attributed to the
fact that reaction rate increase as increasing molecular size (Westerhoff et al. 1999), which can
be a reason for higher reduction of fluorescent for Region 1, 2 and 4 of EEM in the previous
section. The effects of the reduction in the macromolecules on fouling potential will be further
explained in the subsequent section.

5.4.5. Statistical correlation of spectroscopic properties with fouling potential
In this study, MFI was calculated as an indicator of the fouling potential reduction of the brine by
ozonation while spectral analyses described above were also conducted. Since there are many
measured quantities that can explain the fouling potential reduction, statistical correlation can
provide comprehensive comparison among the measured values. To this end, the
chromatographic peaks were integrated under five AMW regions (named AMW 1 to AMW 5
from smaller to larger AMW ranges as shown in Figure 5-9) and used as variables for the
statistical analysis as well as bulk spectroscopic parameters such as SUVA and TF. Pearsoncorrelation test was performed for the applied pressure of 10 and 25 bar. Since the results for the
both pressures are almost identical, the correlation coefficients only for 10 bar were shown in
Figure 5-9. It should be noted that the linearity test (Pearson correlation test) can be meaningful
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based upon the premise that the MFI value is linearly proportional to the concentration of
foulant. In general, positive correlation with MFI regardless of spectroscopic variables was found
(correlation coefficient>0.79, Figure 5-9) since all the spectroscopic variables as well as MFI
monotonically reduced with increasing ozone dose. The macromolecules (AMW5) of
tryptophan-like aromatic proteins (Region 2) and SMP-like matter (Region 4) displayed the
highest correlation with MFI (correlation coefficient >0.97) (Figure 5-9). These macromolecules
are known to provoke the formation of highly-resistant cake layer (Jarusutthirak and Amy 2006)
and hence influence MFI. Further, according to previous research (Park et al. 2005), SMP
exhibited fouling propensity in a given water compared to other model foulants tested including
bovine serum albumin, colloidal NOM and Suwannee river humic acid. In addition to their high
cake layer resistance, reduced deposition of macromolecules to membrane surface is also
beneficial to mitigate the cake layer resistance in poly-dispersed feed water. In the feed water
with the mixture of organic matter with different sizes (e.g., NOM), the void space of cake layer
formed by macromolecules hinders back diffusion of small molecules within the cake layer and
provokes greater flux decline compared to monodispersed foulant (Contreras et al. 2009). Hence,
reduced cake layer of macromolecules by ozonation can mitigate the synergistic effects of the
mixture. Along with the macromolecules, UVA254 of NOM fractions with AMW between 600
Da and 1600 Da (AMW 1 to 4) exhibited strong correlation with MFI too. In contrast, bulk
parameters such as SUVA and TF displayed relatively lower correlation. Hence, specific size
fractions of NOM such as fluorescent macromolecules and/or small UV-absorbing NOM can be
an indicator of fouling potential reduction by ozonation.
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Figure 5-9. Correlation coefficients of MFI with spectroscopic variables for the applied pressure
of 10 bar.

5.4.6. Trace organic compounds attenuation
When greater recoveries from membrane processes are desired, the resulting brine will contain
higher concentrations of organic contaminants. Therefore, it is important to evaluate the removal
of TOrCs when treating brines via NF membranes. Figure 5-10 (a) illustrates the concentrations
of TOrCs in the brine without ozonation and with the two ozone doses. Ozone oxidation and
hence TOrC removal is due to molecular ozone and hydroxyl radical. (von Gunten 2003). More
than 90 % removal of diltiazem (calcium channel blocker/antihypertensive) was observed at 0.1
mg O3/mg C while the removal of the other compounds varied from 0 to 80 %. For instance,
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sulfamethoxazole, hydrocortisone, diphenhydramine, trimethoprim and naproxen (antibiotics,
steroid, antihistamine, antibiotics and nonsteroidal anti-inflammatory drug (NSAID),
respectively) had greater than 50 % removal at O3/DOC of 0.1 mg O3/mg C. These compounds
are known to have high reactivity with both ozone and hydroxyl radical (Gerrity et al. 2012). The
TOrCs with low removal rates such as ibuprofen, atrazine, and meprobamate (NSAID, herbicide
and antianxiety drug, respectively) were attributed to low reactivity with ozone and hydroxyl
radical (Lee et al. 2013b). At 0.4 mg O3/mg C, all the tested TOrCs were attenuated at greater
than 70%. Although some TOrCs such as clofibric acid and meprobamate possess low reactivity
with molecular ozone, higher ozone doses resulted in greater hydroxyl radical formation, thereby
attenuating recalcitrant TOrCs more efficiently.
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Figure 5-10. (a) Removal of trace organic contaminants (TOrCs) by ozonation. Note that the
concentration of compounds marked with asterisk for the brine with 0.4 mg O3/mg C was below
method detection limit (MDL). All the compounds in the brine with 0.1 mg O3/mg C were
detected above MDL. (b) Removal of TOrCs by NF membrane filtration without ozonation. The
concentration of the compounds with asterisk exhibited below MDL. MDL values are available
in the supplementary information (Table 5-2).

The NF membrane used in this study was very successful in treatment of TOrCs (>90% removal)
in the given water quality. When combining membrane with pre-ozonation, all the compounds
were not detected above method detection limits (MDLs) whose values are shown in the
supplementary material (Table 5-2). Due to the excellent rejection of NF90 membrane, the exact
removal rates of TOrCs by the pre-ozonation followed by NF membrane could not be accurately
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quantified. Hence, possible synergism of the combination of NF membrane with pre-ozonation is
only theoretically proposed here.

Roverall  1 

CO3 ,membrane
C0

 1

CO3 CO3 ,membrane
C0

 1  1  RO3  1  Rmembrane 

CO3

(4.5)

 RO3  Rmembrane  RO3 Rmembrane
 RO3  Rmembrane 1  RO3 

where Roverall , RO3, and Rmembrane indicate removal rate of TOrCs by the membrane with preozonation, ozone alone, and membrane alone, respectively; C0 is the initial concentration of
TOrCs; CO3 is the concentration of TOrCs after ozonation; and CO3,membrane is the TOrCs
concentration in permeate of NF membrane with the pre-ozonated feed water. Its derivation
procedure and a contour plot of Roverall with respect to RO3 and Rmembrane are shown in the
supplementary material (Figure 5-11). Based on Eq. (4.5), overall TOrCs attenuation is the sum
of TOrCs attenuation by ozone ( RO ) and removal of remaining TOrCs by membrane after
3

ozonation ( Rmembrane 1  RO  ), thereby provides synergism for TOrC attenuation. For instance,
3

ozone has fairly good removal of diphenhydramine at 0.1 mg O3/mg C O3/DOC (69.2%) whereas
NF membrane removed greater than 92.3% of diphenhydramine (its concentration in the
permeate was below MDL, therefore its removal is greater than 92.3%). Based on these values,
theoretical overall removal of diphenhydramine of NF membrane with pre-ozonation at 0.1 mg
O3/mg C O3/DOC based on Eq. (4.5) is greater than 97.6%. Dual barrier approach with two
different removal mechanisms is beneficial since one can compensate for the other while
allowing redundancy in the treatment train in case of process failure in one of the systems.
Therefore, it will be beneficial to use membrane with pre-ozonation for the management of
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TOrCs because not only can be higher removal of TOrCs in permeate achieved, but low residual
of TOrCs in waste stream from membrane systems can also be obtained.

Table 5-2 Concentration of TOrCs (ng/L).
Brine
Sample

Permeate

0 mg

0.1 mg

0.4 mg

0 mg

0.1 mg

0.4 mg

O3/mg C

O3/mg C

O3/mg C

O3/mg C

O3/mg C

O3/mg C

Hydrocortisone

1330

367

17.7

3.9

<4.8

<6

Atenolol

249

205

<17

<4.1

<4.1

<3.7

Meprobamate

194

187

40.5

2.9

<4

<5.1

Caffeine

153

164

6.32

5.5

<3.8

<4.7

Clofibric Acid

168

162

15.1

<1.5

<1.8

<1

Primidone

220

160

16

<1.5

<11

<4.9

DEET

183

151

27.1

4.2

<4.8

<5.7

Gemfibrozil

202

146

2.61

1.9

<4.3

<4.7

Ibuprofen

177

132

7.26

<1.4

<2.1

<9.4

Dexamethasone

235

127

<58

<5

<4.9

<5

Atrazine

142

121

43.1

3

<4.3

<5.1

Carbamazepine

172

93.7

<9.7

<5.7

<4.8

<6

Trimethoprim

187

82.3

<3.7

4.3

<3

<3.4

Naproxen

179

80.9

<2.1

<1.5

<0.9

<4.4

Simazine

85.6

72.4

19.7

1.5

<0.81

<5.1
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Brine
Sample

Permeate

0 mg

0.1 mg

0.4 mg

0 mg

0.1 mg

0.4 mg

O3/mg C

O3/mg C

O3/mg C

O3/mg C

O3/mg C

O3/mg C

Sulfamethoxazole
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36

<1.9

<1.5

<0.7

<4.9

Diphenhydramine

79

24.3

<14

<6.1

<5.4

<13

Diltiazem

251

14

<9

<5.6

<7.1

<11

* Note that the concentration with the ‘<’ means that the measured concentration was below
method detection limit (MDL)
** Permeate was treated by the combination of NF membrane system with pre-ozonation. 0 mg
O3/mg C refers to NF membrane filtration alone.

147

Figure 5-11. A contour plot of removal rate of TOrCs by ozone (RO3) and that by membrane
(Rmembrane). The contour color indicates the overall removal (Roverall).

5.5.

Conclusion

Pre-ozonation was examined to reduce fouling potential of a highly-concentrated surface water
NF brine (DOC ~18 mg/L). With relatively low ozone doses employed in this study (0.1 mg
O3/mg C and 0.4 mg O3/mg C O3/DOC), significant reduction in fouling potential quantified by
MFI was achieved. Little size change of NOM measured by SEC-UV and fluorescence detectors
was observed by ozonation. In addition, the application of classical pore blocking model
revealed that cake filtration was the dominant fouling mechanism and not altered after ozonation.
The reduction of macromolecules (AMW>10k Da) of typtophan-like aromatic protein and SMP-

148

like matter exhibited statistically strong correlation with MFI reduction by ozonation.
Furthermore, small AMW fractions (AMW between 600 Da and 1600 Da) of UV-absorbing
matter were better correlated with MFI whereas bulk parameters such as SUVA and TF
displayed relatively lower correlation.
It was found that the Dow NF90 membrane (NF90) used in this study was efficacious for TOrC
attenuation (>90% removal) whereas the removal efficacy of TOrCs by ozone was dependent on
reaction kinetics of each TOrC as well as ozone dose. With the combination of pre-ozonation
with the NF membrane, all the TOrCs tested could not be detected above the MDLs, which
indicates that the combined treatment process can function as a successful dual barrier for TOrC
control.
In conclusion, the reduction of organic fouling potential by pre-ozonation can be a viable option
to achieve higher recovery of NF membrane systems and/or to treat organic-rich water such as
brine. Furthermore, pre-ozonation enhanced overall attenuation of TOrCs in a NF membrane
system as well as reduced organic fouling potential. Possible alteration of biofouling propensity
by ozone in a long term operation is suggested as a future area of study.
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Chapter 6. Conclusions
The main objective of this dissertation was to address trace organic compounds (TOrC)
attenuation by physical and chemical processes including ozone oxidation, activated carbon
adsorption and NF membrane process. Chapter 2 and 3 demonstrated the attenuation of TOrCs
by ozone oxidation and their prediction strategies. To this end, indicator/surrogate approaches
were elucidated based on a reaction kinetic theory. In addition, exploratory models based on
multiple linear regression, artificial neutral network (ANN) and principal component with ANN
(PC-ANN) were demonstrated. Among the three models, PC-ANN exhibited the greatest
precision and robustness. In Chapter 4, surrogate approach to predict TOrC abatement in
powdered activated carbon (PAC) was scrutinized. It was found that surrogate correlation with
TOrC abatement was influenced minimally by the tested water qualities, which was theoretically
proved based upon Langmuir adsorption theory. Finally, Chapter 5 demonstrated the
combination of nanofiltration (NF) membrane with pre-ozonation for TOrC attenuation. Greater
than 90% of all the tested TOrCs were achieved by the combined process. No TOrCs were
quantifiable in the permeate of NF with pre-ozonation due to lower concentration than analytical
detection limit. In addition, the achievement of fouling potential reduction by ozonation was also
beneficial.
Based upon the work done in this dissertation, the following recommendations for future
research are provided.
-

Full-scale validation of the indicator/surrogate model with various wastewater effluents

-

Validation of real-time on-line sensing of UV absorbance at 254 nm (UVA254) and total
fluorescence (TF) to predict treatment efficacy of ozone oxidation and PAC
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-

Full-scale validation of the explanatory models for TOrC abatement in ozone oxidation.

-

Systematic experiment to elucidate the synergistic effects of NF membrane with preozonation on TOrC attenuation with various water qualities.

-

The effects of pre-ozonation on mechanical backwashing and chemical cleaning of fouled
NF membrane
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APPENDIX B. Supporting Information for Chapter 4
Table B-1 Summary of wastewater effluent quality
Parameter
DOC (mg/L)
pH
Conductivity (μS/cm)
Alkalinity (mg/L CaCO3)
UVA254 (cm-1)
SUVA (L/mg/m)
TF (R.U. nm2)

WWTP1-1
7.1
7.6
987
152
0.145
2.04
208000

WWTP2-1
7.6
7.3
1008
160
0.150
1.97
211000

WWTP1-2
6.5
7.3
1018
151
0.132
2.03
184000

WWTP2-2
6.8
7.6
1047
160
0.139
2.04
229000

WWTP3
6.6
7.5
989
148
0.134
2.03
250000

Table B-2 Summary of goodness of fit (R2) for the pseudo first- and second-order models for
WWTP1-1
20BF
Compound
Atenolol
Carbamazepine
Diphenhydramine
Gemfibrozil
Hydrochlorothiazide
Iopamidol
Meprobamate
Sucralose
Sulfamethoxazole
TCEP
TCPP
Triclocarban
Triclosan
Trimethoprim

st

1
order
0.977
0.998
1.000
0.946
0.977
0.882
0.930
0.897
0.866
0.997
0.998
0.996
1.000
0.998

HDB
nd

2
order
0.988
0.998
0.999
0.998
0.999
0.963
0.990
0.959
0.949
0.996
0.989
0.990
1.000
0.998

st

1
order
0.991
0.976
0.999
0.940
0.956
0.855
0.903
0.896
0.901
0.993
0.995
0.977
0.999
0.986

153

PWA
nd

2
order
0.997
1.000
1.000
0.992
0.997
0.952
0.970
0.970
0.995
0.994
0.998
0.993
0.999
0.999

st

1
order
0.949
0.994
1.000
0.944
0.971
0.898
0.917
0.963
0.886
0.990
0.979
0.987
0.994
0.981

WPH
nd

2
order
0.852
0.998
0.997
0.986
1.000
0.958
0.997
0.987
0.952
0.989
0.986
0.999
0.994
0.998

st

1
order
1.000
0.999
1.000
0.990
0.987
0.898
0.947
0.930
0.885
0.992
0.983
0.992
0.998
0.999

2nd
order
1.000
0.998
0.999
0.988
1.000
0.969
0.999
0.986
0.966
0.986
0.952
0.998
0.997
0.999

Table B-3 Summary of goodness of fit (R2) for the pseudo first- and second-order models for
WWTP2-1
20BF
Compound
Benzotriazole
Carbamezapine
Diclofenac
Diphenylhydramine
Hydrochlorothiazide
Iopamidol
Meprobamate
Sucralose
Sulfamethoxazole
TCPP

st

1
order
0.988
0.998
0.981
0.999
0.986
0.888
0.909
0.905
0.817
0.990

HDB
nd

2
order
1.000
0.996
0.997
0.997
1.000
0.991
0.997
0.993
0.918
0.998

st

1
order
0.999
0.994
0.949
0.999
0.958
0.867
0.900
0.873
0.887
0.992
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PWA
nd

2
order
1.000
1.000
0.983
1.000
1.000
0.992
0.996
0.994
0.994
0.998

st

1
order
0.980
0.986
0.877
0.995
0.967
0.890
0.893
0.910
0.840
0.954

WPH
nd

2
order
1.000
0.992
0.935
0.976
0.999
0.946
0.995
0.994
0.915
0.989

st

1
order
0.994
0.999
0.985
0.999
0.994
0.969
0.955
0.977
0.958
0.971

2nd
order
1.000
0.994
0.981
0.986
0.998
0.998
0.999
0.999
0.998
0.991

Atenolol

Carbamazepine

Diphenhydramine

Gemfibrozil

Hydrochlorothiazide

Iopamidol

Meprobamate

Sucralose
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Sulfamethoxazole

TCEP

TCPP

Triclocarban

Triclosan

Trimethoprim
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Figure B-1. Uptake (q) of TOrCs in WWTP1-1.
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Sucralose

Sulfamethoxazole

Figure B-2. Uptake (q) of TOrCs in WWTP2-1.
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Figure B-3. Change in uptake with respect to time for iopamidol in WWTP1-1.
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Figure B-4. Correlation of the initial dimensionless uptake rate (k2qe) with hydrophobicity (Log
Kow) of TOrCs in WWTP1-1. ρ indicates Pearson linear coefficient.
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Figure B-5. Correlation of the initial dimensionless uptake rate (k2qe) with hydrophobicity (Log
Kow) of TOrCs in WWTP2-1. ρ indicates Pearson linear coefficient. The number of data points
used for the regression was five, Hence, the statistical results may be inconclusive.
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Figure B-6. Uptake (q) of TF (A) and UVA254 (B) for WWTP2-1.
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Figure B-7. Surrogate correlation of TOrCs with UVA254 for WWTP1-1.
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Figure B-8. Surrogate correlation of TOrCs with TF for WWTP1-1.
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Sucralose

Sulfamethoxazole

Figure B-9. Surrogate correlation of TOrCs with UVA254 for WWTP2-1.
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Sucralose
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Figure B-10. Surrogate correlation of TOrCs with TF for WWTP2-1.
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Figure B-11. Comparison of surrogate correlation between the tested wastewaters. Carbon type
was not differentiated in the figure.
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Figure B-12. Comparison of surrogate correlation between the tested wastewaters. WWTP1-1
and WWTP2-1 were tested with 50mg/L PAC dose with contact time less than 60 min. WWTP12, WWTP2-2 and WWTP3 were tested with the combination of 20, 50 and 100 mg/L PAC doses
with 0, 5, 15 and 30 min of contact time.
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Before correction (Eq. (12))

After correction (Eq. (13))

Figure B-13. Comparison of experimental data (symbols) and predicted data (lines) for surrogate
correlation models before correction (top) and after correction (bottom).
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