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Abstract

The objective of this research was to develop fluoresekased tools that amiitable for
performing rapid, accurate and direct characterization of natural organic matter (NOM) and
colloidal/particulate substances present in natural watest availabé characterization
methods are neither suitable for characterizing all the major NOM fractions such as-protein
humic acid, fulvic acid and polysaccharidike substances as well as colloidal/particulate
matter present in natural water nor are theyablgt for rapid analyses. The individual and
combined contributions of these NOM fractions and colloidal/particulate matter present in
natural water contribute to membrane fouling, disinfectionpimducts formation and
undesirable biological growth in dkimg water treatment processes and distribution systems.
The novel techniques developed in this research therefore, provide an avenue for improved
understanding of these negative effects and proactive implementation of camdhar

optimizationstrategies.

The fluorescence excitatiemission matrix (EEM) method was used for characterization of
NOM and colloidal/particulate matter present in water. Unlike most NOM and
colloidal/particulate matter characterization techniques, this method camerast and
consistent analyses with high instrumental sensitivity.f€hsibility of using this method for
monitoring NOM at very low concentration levels was also demonstrated with an emphasis
on optimizing the instrument parameters necessary to nolegroducible fluorescence

signals.



Partial least squares regress(®LS) was used to develop calibration models by correlating
the fluorescence EEM intensities of water samples that contained surrogate NOM fractions
with their corresponding dissolvedrganic carbon (DOC) concentrations. These
fluorescencébased calibration models were found to be suitable for identifying/monitoring
the extent of the relative changes that occur in different NOM fractions and the interactions
between polysaccharidandproteinlike NOM in water treatment processes and distribution

systems.

Principal component analysis (PCA) of fluorescence EEMs was identified as a viable tool for
monitoring the performance dfiological filtration as apretreatmentstep as well as
ultrafiltration (UF) and nanofiltration (NF) membrane systems. The principal components
(PCs) extracted in this approaciere related to the major membrane foulant groups such as
humic substances (HS), protdike and colloidalparticulatematter in natudawater. The PC
score plotgenerated using the fluorescence EEMs obtained afteonpestour of UF or NF
operation could be related to high fouling events likely caused by elevated levels of
colloidal/particulatdike material in the biofilter effluentsThis fluorescence EEMased

PCA approach was sensitive enough to be used at low organic carborplegeist in NF
permeateand has potential as an early detection method to identify high fouling events,

allowing appropriate operational countermeasurdsettaken.

This fluorescence EEMbased PCA approadias also used to extract information relevant
reversible and irreversible membrane fouling behaviour in a bsredeflat sheetcross flow

UF processonsisting of cycles of permeation and bagshng. PC scorébased analysis



revealed that colloidflarticulatematter mostly contributed to reversible fouling, while HS
and proteidike matter were largely responsible for irreversible foulifignis method
therefore has potentidior monitoring modes ©& membrane foulingin drinking water

treatment applications.

The above approach was further improwsdutilizing the evolution of the PC scores over

the filtration timeand relating thes® membrane fouling by the usePfC s cor es 6 bal a
based diffeential equations Using these equationsheé proposed fluorescenbased

modeling approachvas capable of forecasing UF fouling behaviours with good accuracy

based solely on fluorescence data obtained at time = 15 min fronmitia¢ion of the

filtration process. In addition, thigpproachwas tested experimentally as a basis for
optimization by modifying thdJF backwashing timeswith the objective ofminimizing

energy consumptiomnd maximzing water production Preliminary optimizatio results
demonstrated the potential of this approach to reduce power consumption by significant
percentages. This approach was also usefuldiemtifying the foulingcomponents of the

NOM that werecontributing to reversible and irreversiloleembrandouling.

Grand River water§outhwesteriOntario, Canada) was used as the natural water source for
developing the techniques presented in this thesis. Future research focusing on testing these
methodgfor monitoring of membrane fouling and treatment proegsslargescale drinking

water treatment facilities that experience different sources of raw watdd be useful for

identifying the limitation of these techniques and areas for improvements.
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CHAPTER 1

Research Goals and Outline

1.1 Research Motivation

Membranes are increasingly used for the production of drinking waeffeasive physical
barriers for particulate matter and for the improved removal of pathogenic organisms, salinity
as well as a wide range of contaminants including pesticides and metals. Mefolitege

is a major obstacle for maintaining efficient perfi@nce levels of membrati@sed drinking

water treatment operations. Fouling contributes to increased operational costs associated with
permeate flux decline and/or increased tranresnbrane pressure (TMP) requirements.
Frequent chemical cleaning of foulecembranes also deteriorates membrane performance,
leading to shortened service life. Controlling membrane fouling is therefore of paramount
importance to ensure tiseistainable operation of membrapesed drinking water treatment

processes.

Natural orgaré matter (NOM) and colloidal/particulate substances present in natural water
are major membrane foulants in drinking water treatment applications (Jeetnalinr2007).

NOM that may pass through membranes also contributes to disinfectiomodiycts (DBP)
formation and increases the need for maintaining an effective disinfectant residual
concentration during treatment and in distribution systdiug. the complex nature and
variability of NOM and colloidal/particulate matter complicates the developmermudng

mitigation strategiesTherefore, characterization of NOM and colloidal/particulate matter

1



present in natural water is essential for understanding and developing strategies for

controlling membrane fouling as well as addressing consuatetied watequality issues.

Most of the currently available NOM characterization methods are not suitable for
performing rapid, accurate and direct characterizations éHair, 2003; Croue, 2004) which

are importantwhen developing monitoring toolsFluorescencespectroscopy has been
identified as a promising method for NOM characterization and has good potential for on
line or rapid offline monitoring with high instrumental sensitivity (Cobé¢ al, 1990).
However, implementation of this technique as an affedNOM and colloidal/particulate
matter monitoring tool for drinking water treatment operations has not been established. This
can be attributed to the lack of scientific understanding of the application of fluorescence
data analysis methods (Hendersgral.,, 2009) for extracting information related to NOM

and colloidal/particulate matter present in natural water.

In addition, development of fouling control strategies that are built on fluoresbased
characterization of membrane foulants could bsighificant value for the drinking water
industry that uses membrabased treatment operations. Such strategies would also allow
better understanding of physicochemical phenomena involved in membrane fouling from a
fundamental perspectivé an area that &s been poorly understood thus far dmabs
significant bearing on the development of effective fouling modeling approachest(bke

2009).



1.2 Research Objectives

The main objective of this research was to develop fluoresdmassd tools for rapid
characterization of NOM and colloidal/particulate matter present in drinking water treatment
processes. These characterization approaches were also expected to serve as a basis for
developing membrane fouling monitoring tools for drinking water treatmesierms. The

following research objectives were identified to accomplish this global objective:

1. Obtain reproducible fluorescence spectra especially for very low NOM
concentrations comparable to those found in permeates of nanofiltration (NF) and
ultrafiltration (UF) membrane systems.

2. Develop fluorescenebased calibration models which could be used for rapidly
identifying the extent of the relative changes that occur in different NOM fractions
in drinking water treatment processes and distribution systems.

3. Investigate the different fouling behaviours exhibited by different membrane types
using fluorescence spectroscopy.

4. Develop a fluorescendeased process monitoring approach to rapidly identify
membrane fouling events (i.e. high fouling events), resultiog)fthe changes in
the performance levels of different greatment stages, in drinking water treatment
operations.

5. Investigate reversible and irreversible fouling behaviour irbdsed membrane
treatment of drinking water using fluoresce@sed measungents.

6. Develop fluorescenebased modeling tools for fouling prediction and optimization

of UF membrane processes for drinking water treatment.



1.3 Thesis Structure

This thesis includes eleven chapters, a list of references and appendices. Chapter 1 outlines
the research motivations, research objectives and the thesis structure and is followed by
Chapter 2 which consists of background information relating to thesttpat are covered in

this thesis. Chapters 310 are presented in manuscript format, each starting with a short
introduction. As a result of this format, there will be a repetitive nature to some of the
information found in the introduction and methodst®ns of these chapters. Chapteisa
presents results related to the fluorescdyased characterization of NOM. Approaches
developed for monitoring, understanding and modeling of NOM and colloidal/particulate
matter in relation to membrane foulingdninking applications is presented in Chapteiis 7

10. Overall conclusions and recommendations are summarized in Chapter Tbnldres

of each of thehapters aras follows:

Chapter 3 1 Direct application of fluorescence spectroscopy for charaateiz of very
low concentration levels of NOM, such as the levels found in nanofiltration
permeates, is difficult although this capability is essential for successful
implementation of fluorescendsased NOM characterization and fouling
monitoring strateg@s in drinking water application$his dhapter describes
an approach for obtaining reproducible fluorescence spectra at very low
dissolved NOM concentration levels. The importance of optimizing
different fluorescence spectrofluorometer parameters is sfiedu The

optimum parameters identified in this study were used throughout this thesis



Chapter 4

Chapter 5

for characterization of NOM. This chapter has been published/ater

Science and Technolo@yeiriset al, 2009).

Identifying the extent of major NOM fréions present in natural water is
important toassess disinfection gyroducs formation and fouling potential
during drinking water treatment applicatiofis chapterfocuses on the
qualitative characterization of two main NOM fractions: humic acid (HA)
like and fulvic acid (FAJlike matter, extracted from natural river water,
using fluorescence spectroscopy.eTimaterial in thischapter has been
submitted tolWA World Water Congress, 2016 be held in Montréal,
Canada from September 124. This mateial is also beingconsidered for
publication in Water Science and Technology Water Science and

Technology: Water Supp{pubmission date: September 23, 2009).

Most reported NOM characterization techniques, including fluoreseence
based methds, have focused on qualitative characterization of NOM but not
on quantification of the different NOM fractions in water. This is due to the
complex heterogeneity related to different NOM fractions in natural water
and the difficulty associated with th&olation of different NOM fractions.

In this context,this chapterexplains the development of a fluorescence
based calibration modeling methodology as a method for direct and rapid

guantification and differentiation of two major NOM fractions (i.e.-@Ad



HA-like NOM) present in water. This chapter has bgwepared for

submssion.

Chapter 6 1 This chapter focuses on improving the approach presented in Chapter 5 for
developing a fluorescendmsed calibration model capable of rapidly
identifying all tre major NOM foulant fractions such as HAA-, protein
and polysaccharidike material present in drinking water treatment
processes. This chapter has been prepared for submissioNater

Research.

Chapter 7 1 This chapter demonstrates how fluoreseespectroscopy can be used to
qualitatively assess NF membrane fouling as applied in drinking water
treatment. In particular, the differences seen in the fluorescence spectra of
permeates of two different NF membrane types corroborated the observed
fouling behaviour. This chapter has been published in the jowkfser

Science and Technology: Water Sugplgiriset al,, 2008).

Chapter 8 7 This chapter describes the development of a fluoresdeamesd process
monitoring approach that was suitable for rapidharacterizing major
NOM membrane foulants such as huraad proteidike matter as well as
colloidal/particulate matter present in natural water. The approach was also
foundsuitable for identifying high membrane fouling events, which resulted

from changes in the performance levels of differenttpgatment stages, in



drinking water treatment operations. This chapter has been published in the

journalWater ResearcfPeiriset al, 2010).

Chapter 9 1 This chapter explains a novel technigumolving an extension of the
approach presented in Chapter 8, for understanding reversible and
irreversible fouling behaviour in UBased membrane treatment of drinking
water using fluorescence measurements. This chapter hasdusgied for
publication inthe Journal of Membrane Scienc@dcepteddate:March 31,

201Q DOI: 10.1016/j.membsci.2010.03.047

Chapter 107 This chapter provides a logical continuation of the work presented in
Chapter 9 in which development of a fluorescebased modeling approach
for fouling prediction and optimization of UF membrane processes for
drinking water treatment is demonstrat@arts of this chapter have been
acceptedo the Invited Energy Session at the 9th International Symposium
on Dynamics and Control of Process Systdd¥COPS)to be held in
Belgium from July 77 9, 2010(Submission date: November 12, 2009)
Other parts of this chapter have been prepared for submissidhe to

American Institute of Chemical Engineers (AICHEBYrnal

Chapter 117 This chapterhighlights the overall conclusions and recommendations

resulting from the research presented in this thesis.



CHAPTER 2

Theoretical Background

2.1 Application of Membranes in Drinking Water Treatment

Membranebased treatment processes are increasingly being used for the production of
drinking water from surface and ground water sources. Incorporation of this technology
allows effective removal of particulate matter, pathogenic organisms, salinity @hdi N
present in water (Thorsen, 1999) as well as requiring a smaller footprint than other
approaches in the treatment faciliyembrane systems are operated in dead and cross

flow modes andrigure2-1 shows a schematic of these two modes of operation.

Feed flow Pressure Pressure

1 Retentate /

flow
‘ o Feed flow ‘ . concentrate
LIPS Sy ﬁ N ﬁ
.0.' o. d . o.'. o.
-:-:-:-:-:-:-

- ¥
....... Membrane .......
ol. ° 'r ®
Permeate flow Permeate flow
Dead-end filtration Cross-flow filtration

Figure 2-1 Schematic representation of the desdl and cross flow filtration operations
(adopted wth modification fromhttp://www.hydrotech.cn/English/mofenli.gsp



Different types of membrane filtration systems are used to achieve different treatment
objectives. For example, microfiltration (MF) and UF membranes are typically used in
drinking water treatment operations to replace granular media filtration (Freeman and
William, 2005) and as barriers to particulate/colloidal matter present in wateur@a et al,

2005 and2006; Fabriset al, 2007). MF and UF of natural water can also reduce NOM and
pathogenic organisms in water when used in combination with otheangoost membrane
treatment methods like coagulation and disinfection in water treatment systems (Fiksdal and
Leiknes, 2006). In addition, UF membrane systems are also used adilergiren step

ahead of NF and reverse osmosis (RO) membrane systems to remove coarser
particulate/colloidal material that can potentially contribute to fouling of NF and RO
membranes (Glucinat al, 2000). NF and RO technologies, on the other hand, araable
remove a wide range of contaminants such as DBP, synthetic organic compounds and
pharmaceutical residues as well as salinity in the water (Gletiag 2000; Hamed, 2005;

Radj eetal)\200B).

2.2 Membrane Fouling in Drinking Water Applications

Implementation of membrane processes for drinking water treatment is constrained by the
accumulation of materials (foulants) on the surface and/or in the pores of the membrane that
decrease membrar@ermeability Figure 2-2). This phenomeno is known as membrane

fouling. Fouling increases operational costs by means of permeate flux decline and/or

increased TMP requirements. In addition, frequent chemaleahing of fouled membranes



leads to the deterioration of membrane performatmshortened service life (Heat al,

2007) and increased costs.

Retentate /
Feed flow concentrate flow

Cake formation
Foulants

Membrane
Pore blockage

\ g

Permeate flow

Figure 2-2 Schematic representation of membrane fouling

2.2.1 Membrane Fouling Control Strategies

In practice, membrane fouling is controlled by implementing membrane cleaning operation
schemes that include physical cleaning and chemical cleaning of fouled membranes.
Membrane flux decline due to fouling that canrbeovered by physical cleaning methods

are usually identified as resulting from the reversible fouling of membranes. Membrane
foulant components that are not easily removed by physical cleaning methods are thought to
result from irreversible fouling; thesfouling components are usually removed by chemical
cleaning procedures (Kimurat al, 2005). Physical cleaning methods include forward
flushing, backwashing, vibrations and air flushing. In forward flushing, membrane surfaces
are flushed with feed wate@r permeate generally at more rapid flow rates than during the
production phase. During baekashing, permeate is forced in the opposite direction (i.e.

from permeate side to feed side) under pressure. For air flushing, air is injected to the supply

10



pipe that carries the washing medium and employed during forward flushing or back
washing of membranes (Ebrahim, 1994). When physical cleaning methods do not improve
the membrane flux sufficiently, chemical cleaning methods are applied. Typical chemical
cleanng agents such as NaOH, KOH and NaOCI are used in this process to weaken the
cohesion forces between the foulants and the adhesion forces between the foulants and the

membrane surface (Tragardh, 1989).

2.2.2 Major Membrane Foulants and Factors Affecting Fouling
NOM and colloidal/particulate matter present in water are the main factors responsible for
membrane fouling in drinking water applications (Sara&tial, 2006; Jermanet al, 2007).

A detailed description about NOM is presente&@attion2.5.

Membrane fouling is affected by many factors. These factors can be summarized into five
main categories:

(i) the properties of the NOM such as the bulk NOdhaentration, humic/nen
humic fractions, molecular weight distribution, size, hydrophobicity, charge
density and isoelectric point (Jucker and Clark, 1994; Nilson and DiGiano,
1996; Hong and Elimelech, 1997; Chabal, 1999; Carrollet al, 2000; Chcet
al., 2000; Linet al, 2000).

(i) the individual and combined effects of different NOM fractions, such as humic
substances (HS), proteinand polysaccharidéke substances as well as

colloidal/particulate matter present in natural water contribute to different
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(iii)

(iv)

(V)

membrane fouling behaviour (Jermaeh al, 2008a and 2008b) invahg
reversible and irreversiblaembrane fouling.

the solution properties such as pH, ionic strength, and metal ion concentration;
metal ions such as Ca, Mg and Fe can interact with NOM to form fouling layers
on the surface and/or in the pores of the membranes (Jucker and Clark, 1994;
Braghettaet al, 197 and 1998; Hong and Elimelech, 1997; Conebeal,

1999; Cheet al, 2000).

the properties of the membrane which include hydrophobicity, surface charge,
surface roughness and porosity (Combal, 1999; Kilduffet al, 2000) and

the hydrodynamics of & membrane system (Hong and Elimelech, 1997,

Braghetteet al, 1998; Cheet al, 1999; Taniguchet al, 2003).

Research activities on developing strategies for controlling membrane fouling should
therefore be focused on the above factdlss researchdcused only on membrane fouling

involving NOM and colloidal/particulate matter present in natural water.

2.2.3 Theoretical Basis of Membrane Fouling

Membrane fouling by NOM and colloidal/particulate matter can occur due to (i)
concentration polarization thatsudts from accumulation of retained foulants at the upstream
surface of the membrane, (ii) pore blockage by solute adsorbed on the membrane surface or
within pores and (iii) formation of a cake layer on the membrane surface, which represent
resistance toldéw in addition to the membrane resistance (Tanigethal, 2003). Among

these fouling mechanisms, concentration polarization effects have been shown to be
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insignificant compared to pore blockage and cake formation for NOM related fouling in
studies condcted using natural river water extracts (GHaal, 1999) and model foulants

(Yuan and Zydney, 2000). The dominant fouling mechanism for colloidal/partidikate
material was shown to be cake formation (Jermathral, 2008b). In general, fouling
compaents smaller than membrane pores can adsorb to membrane surfaces and reduce the
crosssectional area for flow while larger components can block pore entrances and
contribute to cake formation (Tanigucdt al, 2003). In addion, large fouling components

(i.,e. NOM aggregates and colloidal/particutake matter) could catalyze the fouling by
smaller foulant species (Tanigucéi al, 2003). In particular, interactions between larger
NOM in the form of polysaccharides and colloidal/particulédte mattercan also contribute

to simultaneous pore blocking and cake formation (Jerratah 2008a).

Several studies have interpreted membrane fouling behaviour in terms of resistseices
models that account for membrane resistance resulting from eadhesé fouling
mechanisms (Chet al, 1999 and 2000; Chang and Benjamin, 2003). A detailed description
of these fouling mechanisms and their mathematical manifestations is presented ireffansel

al. (2000).

2.3 Membrane Fouling Modeling

2.3.1 Mechanistic Membrane Fouling Modeling Approaches
A number of membrane fouling modeling approaches have been developed to explain the

fouling mechanisms of membrabased separation systems. Mathematical modeling of
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membrane fouling behaviour allows understanding how difteiailing modes such as cake
formation and pore blocking evolve during membrane filtration (Boweral, 1995;
Taniguchi et al, 2003). In addition, membrane fouling modeling can also be used for
assessment and prediction of different membrane foultogtgns that have applications in
membrane design, operation, maintenance, and process optimizatict dL,e2009). Many
studies have focused on modeling membrane fouling behaviour using
mathematical/mechanistic modeling approaches (Boeteal, 1995 Tanselet al, 2000;

Chang and Benjamin, 2003; Taniguehial, 2003; Boltoret al, 2006).

These studies have focused mainly on deadl and a few crodfow membrane filtration
systems that did not involve membrane ba@shing cycles that argpically applied in
drinking water treatment systemAlso, these modeling approaches do not address the
individual and combined contributions of different foulant fractions present in water on
membrane fouling and therefore are not suitable for sucdgsgiedicting membrane
fouling in drinking water applications. As a result, most often these models have limited use
for practical applications and interpretation of field data. This can be attributed to the lack of
knowledge of the various fouling mechsms resulting from (1) the individual and combined
contributions of different NOM fractions such as HS, proetand polysaccharidike
substances, as well as colloidal/particulate matter present in natural water, (2)
physical/chemical interactions of mérane foulants and (3) interaction between membrane

surface and foulant components (Sahoo and Ray, 2006t lake2009).
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2.3.2  Non-mechanistic Membrane Fouling Modeling Approaches

Due to the lack of understanding of different physicochemical phenomena involved in
membrane fouling (discussed $ection2.3.1) nonmechanistic approael such as artificial
neural networksjelgrangeVincentet al, 2000; Cabassuet al, 2002), empirical models
(Shengjiet al, 2008) and genetic programming (Letal, 2009) have been proposddr
modeling of membrane fouling. In these studies, membrane fouling was related-tertang
membrane feed water quality parameters and operational data including turbidity,
temperature dissolved organic arbon (DOC) content ad TMP in pilot scale filtration

studies.

However, these models are not able to capture the changes in the different membrane foulant
fractions in water during the filtration nor can they relate different fouling behaviour with
individual membrane foulanfractions. In additionsince for these empirical modetise
individual relations between the input variables and the modeled/predicted membrane fouling
behaviour aranot based orphysical and engineering principles, theccesf the resulting

optimizaton strategies for fouling control is not always guaranteed.

2.4 Optimization of Membrane Filtration Processes for Drinking Water

Treatment

Membrane filtration operations in drinking water treatment applications can be optimized to
ensure maximum production of water per unit amount of energy consumed. This is achieved

by implementing fouling control strategies (Seidel and Elimelech, 2002).n@@tleod of
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controlling membrane fouling is the use of freatment strategies such as coagulation
granular media filtration and chemical oxidation to improve the quality of the membrane feed
water. In addition, for a given membrane feed water qualitynionane backvashing
(sometimes assisted with air flushing) is widely considered as the most efficient technique
for fouling minimization (Smithet al, 2006). For optimization of membrane filtration
processes in both drinking and wastewater treatmentcapiphs, the membrane back
washing time interval and the duration of the ba@shes have been usually considered as
control parameterKnieczny 2002; Smithet al, 2005 and 2006; Zondervaret al, 2007,

Yigit et al, 2009).

Most of these reported optimization approaches for membrane filtration were based on
instantaneous membrane flux or TMP measurements made during membrane filtration. The
optimization approachebdt are based on model predictions into the future are linditeds,
early predictions of the extemtf reversible and irreversible membrane foulingdorenraw
water serving as feed to the membrane operatidies great potentiafor implementing
efficient optimization strategies for membrane filtration. This research focused on developing

suchanoptimization approach for minimizing membrane fouling as explained in Chapter 10.

2.5 Natural Organic Matter

Aquatic NOM contains a wide range of structyratbomplex compounds that result from
prolonged degradation of plant and animal materials. The major fraction of NOM, which

comprises over 50% of the DOC content, is composed elikdSnatter (Thurman, 1985).
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Many researchers have suggested that HS armds¢ detrimental NOMoulants, causing
irreversible fouling by membrane adsorption and pore plugging (Jucker and Clark, 1994;
Clark and Lucas, 1998; Comle¢ al, 1999; Jones and O'Melia, 2000; Aoustinal, 2001).

HS are operationally divided into hueracids (HA), fulvic acids (FA) and humus. BdiA

and FA are present in water, withA being the predominant part of HS (Huck, 1999). HS
contain both aromatic and aliphatic components with mainly carboxylic, phenolic, alcoholic
hydroxyl and keto function@roups (Thurman, 1985). Protein, amino acids, transphilic acids
and polysaccharides fall into the nRbamic part of NOM which account for 2040% of the

DOC content in natural waters (Fan al, 2001). Preferential fouling by these Aonmic

NOM comporents over HS occurs in some instances, depending on the hydrophilicity of the
membranes (Kaiyat al, 2000; Heret al, 2007).These major NOM fractions occur largely

in dissolved form (Thurman, 1985) while a minor portion of pretaimd polysaccharidigke
matter is found in colloidal/particulatike matter form (Amy, 2008). Colloidal/particulate
matter in natural water is comprised of N@ike material and inorganic components

(Aoustinet al, 2001; Jermanat al, 2008b).

2.5.1 Natural Organic Matter as a Precursor for Disinfected By-product Formation

NOM contains precursors that can give rise to the formation of DBP following the
disinfection/oxidation of drinking wateMarhaba and Washintgton, 199Blarhaba and
Kochar, 2000). The potential of DBP formation for different NOM fractions varies
considerably. It is suspected that most precursors to DBP formation are HS, which are the
main constituents of NOM. DBP are known for their carcinogenic and nmitagetential

and aremainly found in the form of trihalomethanes, haloacetic acids, haloacetonitrile,
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cyanogen and halopicrins (Marhaba and Kochar, 2000). Due to these concerns, formation of
DBP by NOM has been under closgrutinysince the discovery dheir presence in drinking

water.

2.6 Significance of NOM Characterization

Characterizatiomf NOM, including colloidal/particulate matter, in natural water is essential
for the understanding and identification of their changes that occur during differges ©f
drinking water treatment. The information obtained from the characterization of these
components in the membrane feed and membrane permeate proved to be invaluable for the
development of fouling control and optimization strategies as demonstia@ddpter 10. In
addition, such characterizations performed at differentnpmbrane treatment stages such

as granular media filtration, biofiltration and coagulation can also be helpful for
implementing monitoring and control strategies that focus sarerg membrane feed water

with low foulant content as demonstrated in Chapter 8. NOM that may pass through
membranes also contributes to DBP formation and increases the need for maintaining an
effective disinfectant (chlorine) residual concentration dyrireatment and distribution
(Ring et al, 2004). Therefore, NOM characterization at post membrane stages could be
helpful in assessing the DBP formation potential in water and estimating the extent of
disinfection that is needed to maintain an effecte®dual disinfectant content in drinking

water distribution systems.
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2.7 Characterization of Natural Organic Matter Foulants

The composition of NOM is very complex in nature and therefore presents some unique
challenges when using more established techniques for the characterization of organic matter
(Christy and Egeberg, 2000). Reported methods for the characterization of &i@Nhbstly
focused on traditional analyses such as light absorptivity, DOC concentration and aromaticity
due to the difficulty of detailed structural analysis (téeral, 2003). Direct application of

these techniques, on-iractionated water, are howewvest capable of adequately examining

the composition of the NOM. For example, the UV absorbance spectrum of NOM is virtually
featureless, except for a general trend of decreasing absorbance with increasing wavelength
due to the presence of a broad divgreit UV-absorbing chromophores with overlapping
absorbance bands (let al, 2006). Nevertheless, characterization of NOM based on
correlations of UV absorbance with the aromatic content of NOM has been reported
(Christmanet al, 1989; Trainaet al, 199Q Yu-Ping et al, 1994; Peuravuori and Pihlaja,

1997; Croueet al, 2000; Zhotet al, 2001). The specific absorbance, calculated in terms of a
ratio of UV absorbance to DOC content at 254 nm or 280 nm, has been correlated with
aromaticity, the number artie weight averaged molecular weights (M#d MW,), and

has been proposed asneasure of NOM in water. Traditionally, the specific absorbance at
254 nm is termed as SUVA, and the same ratio at 280 is referred to as the molar extinction

coef f ixpofNOM (LiEt@l, 2006).

Studies on the structural characteristics of NOM, on the other hand, demand more advance
analytical approaches like nuclear magnetic resonéfi€e NMR) spectroscopy, infrared

(IR) spectroscopy, differential thermal anasysnodulated differential scanning calorimetry,
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and pyrolysisgas chromatography/mass spectrometry (Wiksioal, 1999; Smeulderst al,
2000). In addition, Fourier transform infrared spectroscopy (FTIR) is known to provide
information related to the pgence of specific functional groups of various isolates of NOM
(Lee et al, 2006; Grayet al, 2007). Liquid ChromatographyOrganic Carbon Detection
(LC-OCD), a relatively new and more sensitive analytical technique, is also available for

obtaining bothlguantitative and qualitative information on NOM (Huber and Frimmel, 1992).

Unfortunately, most of these characterization methods demand concentration and/or
fractionation of NOM before analysis due to their low sensitivity to the low concentration
levels found in raw water (Croue, 2004). Aside from their unsuitability éorline
applications, all of these above mentioned methods have the disadvantages of being time
consuming, expensive, complex and are based on difficult analyses that require operator
expertise (Heret al, 2003). In this context, fluorescence spectroscopy is becoming an
increasingly popular method for characterizing NOM and shows good potent@at-oe
monitoring, as minimal sample pteeatment and preparation is required, highrumaental
sensitivity is available (Coblet al, 1990; Coble, 1996) and the technique is-destructive

in nature (Mobectt al, 1996).

2.8 Principles of Fluorescence Spectroscopy

Fluorescence is a form ddminescencewhich is the emission of light from any substance.
The type of luminescence that occurs when molecules are excited by ultraviolet or visible

light photons is termed as @ioluminescence, and is formally divided into two categories:
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fluorescence and phosphorescence, depending on the electronic configuration of the excited

states and the emission pathways (Herptaal, 2003; Lakowicz, 2006).

2.8.1 Fluorophores

The substances wdh contain molecules capable of undergoing electronic transitions that
result in fluorescence are known as fluorescent probes or fluorochromes. Fluorochromes that
are conjugated to a larger macromolecule (such as a nucleic acid, lipid, enzyme, or protein)
through adsorption or covalent bonds are termed fluorophores (Heemah, 2003).
Fluorophores generally contain electrons which are present in conjugated systems
(Lakowicz, 2006). A chemically conjugated system is a system of atowadentlybonded

with alternating single and multiple (e.g. double) bonds (e.g.,-C=C-C) in amoleculeof
anorganic compoundThe presence afitrogenin aromatic ring fomations,carbonylgroups

(C=0), aminegroups (C=N)yvinyl groups (C=C), oraniors will also suffice for maintaining

conjugation (Lakowicz, 2006).

2.8.2 Theory of Fluorescence

When a substance having a fluorophore (or a combination of fluoropl®iegdiated by a

light source with a wide spectrum of wavelengths, the fluorophore(s) in the substance will
absorb light and reach various excited electronic and vibrational states. Within each of these
electronic states there are various vibrationatest Depending on the electronic
configuration that results due to the conjugation in the fluorophores, some of these transitions
will have a much higher degree of probability than others, and when combined, will

constitute the unique absorption spectroimthe substance. The wide range of photon
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energies associated with absorption transitions in fluorophores causes the resulting
fluorescence spectra to appear as unique broad bands of spectrum (Eeaha2003). In

this way, different electronic configations that are unique to different fluorophores will
generate fluorescence spectra with unique features. Processes which occur between the
absorption and emission of light are usually illustrated by a Jablonski diagram. A typical
Jablonski diagram is skwn in Figure2-3. The ground, first and second electronic states are
depicted by § S and 3, respectively. At each of these electronic energy $evbe
fluorophores can exist in a number of vibrational energy levels denoted by O, 1, 2, etc.
Transitions between states are depicted as vertical lines to illustrate the instantaneous nature
of light absorption. A detailed description of tineory offluorescence spectroscopy is found

in Lakowicz (2006).
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Figure 2-3 A simplified Jablonski diagram that illustrates the processes that occur between
absorption of light and generation of fluorescence sigf@alepted with modifications from
Hermanet al, 2003).

NOM fractions present in water contain fluorophores with different types of functional
groupsresulting inunique fluorescent properties (Sharpless and McGown, 1999; Chedn, J.
al., 2003). Thereforeby examining the differences in the fluorescence spectral properties

due to the presence of these functional groups, characterization of different NOM fractions is

possible.
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2.9 Characterization of NOM by Fluorescence Spectroscopy

Fluorescence spectroscopic techniques have been increasingly utilized for studying the
characteristics of organic matter in natural wafeo. produce meaningfufluorescence
intensity readings the following fluorescence analysis approachesvailable
0] single emission scan at fixed excitation wavelengths,
(i) synchronous scan at a constant offset wavelength between excitation and emission
wavelengths, and

(i)  excitationremission matrix (EEM) analysis (Chenal, 2003).

Although single emission scan and syranous scan approaches have been used for NOM
characterization, the fluorescence EEM analysis method has been widely accepted to provide
more detailed spectral information of all the features existing within a selected spectral range
for NOM in natural weer (Mopper and Schultz, 1993; Coble, 1996; Matthetval, 1996;

Del Castilloet al, 1999; Mounieret al, 1999; Parlantet al, 2000 and 2002; Baker, 2001;
Chenet al, 2003; Heret al, 2003; Sierraet al, 2005). This method captures a large number

of fluorescence intensity readings at different combinations of excitation and emission
wavelengths forming a matrix of fluorescence intensities. This approach has also been
observed to provide better sensitivity compared to the single emission scarchppreas

et al, 2010).

2.9.1 Characterization of Particulate/colloidal Matter using Rayleigh Scattering
Light scattering is known to provide information related to the colloidal/particulate matter

present in water (Wyatt, 1993; Stramski and Wozniak, 2080t order Rayleigh scattering
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(FORS) regions, which occur when excitation wavelength (Ex) is approximately equal to
emission wavelength (Em), and second order Raylsatitering (SORS) regions, which
occur wh2Er cak be captured within fluoremstce EEMs (Rinnan and Andersen,
2005). These Rayleigh scattering regions (RS) can therefore be used to obtain information

related to particulate/colloidal matter present in water as shown in Chapter 8.

2.9.2 Effect of the Solution Properties, the Season and th8ource of Water on
Fluorescence Spectral Characteristics
Due to the presence of multiple gte¢pendent fluorophores in NOM, characterization of
NOM by fluorescence spectroscopy is affected by varying pH conditions (Pullin and
Cabaniss, 1995). The resulteported by Pullin and Cabaniss (1995) indicated that
fluorescence spectra of H&8nd proteidike matter were affected by pH. The effect of ionic
strength was however often observed not to be significant on fluorescence spectral
characteristics of HS(Mobed et al, 1996 Fu et al, 2004) and proteHike matter

(Kwaambwa and Maikokera, 2007).

Fluorescence EEM spectra of natural waters are also known to be affected by the source and
seasonal effects. The following examples from the literature illustrate these effects: (i)
changes in the relative fluorescence intensity of peaks due to seasoa@brvaf NOM

from rivers have been reported (Albeds al, 2001); (i) Yanet al. (2000) used the
fluorescence EEM approach as a tool to identify the source of water intrusion from multiple

sources; and (iii) possibilities of discriminating sdédrived and aquatiderived HS andHA
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andFA derived from the same source using fluorescence spectroscopy was observed (Mobed

et al, 1996).

2.10 Techniques that Characterize the Properties of Fluorescence Spectra

Most of the reported fluorescence EHMsed techiques that characterize the spectral
properties of NOM have considered only major fluorescence peak positionspiplkiak)
method) out of the entire fluorescence spectrum that contain thousands of wavelength
dependent fluorescence intensity data pointse(®t al, 2003). These techniques lack the
ability to capture the heterogeneity of the different NOM fractions in water and therefore do
not provide accurate characterization of specific NOM fractions. The importance of
analyzing all the fluorescence emisities captured at different excitatioand emission
wavelength combinations has been emphasized in many studies. This way of analyzing the
fluorescence EEMs can provide more accurate characterization of NOM foulants present in
water as opposed to theore commonly used method in which only a few excitation
emission coordinate pairs (i.e. main peaks) are examined (Persson and Wedborg, 2001; Chen

et al, 2003; Stedmoet al, 2003; Boehmet al, 2004).

Chenet al. (2003) have introduced a new approéetmed fluorescence regional integration
(FRI) that allowed the analysis of the full fluorescence spectrum. In this approach, EEMs of
dissolved organic matter (DOM), which is the dissolved part of NOM, was operationally
divided into five different regiondased on established peak locations of different DOM

fractions. The quantification of different DOM fractions by using FRI was then based on the
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postulate that integration beneath EEMs within selected regions would represent the
cumulative fluorescence meense of DOM with similar properties (Chet al, 2003). It

could be argued that this seemingly elegant method may need division of EEMs into smaller
regions to capture all the unique spectral characteristics of different NOM fractions for

increased accacy. Also, there are no systematic ways to determine theegudns to be

used for these calculations.

In this context, multivariate statistical tools have been considered as good candidates for
capturing the spectral information in the full fluoreseenspectrum. Parallel factor
(PARAFAC) analysis (Stedmoat al, 2003) is such an approach that has been used for
fluorescence EEMbased characterization of NOM in water. The limitation with the
PARAFAC approach is that it is not suitable for the quanigatinalyses of different NOM
fractions. Principal component analysis (PCA), another multivariate statistical data analysis
method, has also been used to perform similar characterizations. In addition, partial least
squares (PLS) regression, a multivaristgistical technique, has been successfully used for
guantification of protein mixtures by using their fluorescence EEMs in a separate study

(Elshereett al, 2006).

2.11 Multivariate Data Analysis of Fluorescence Excitatioremission

Matrices

In this research, PLS was used as a tool to analyze all the intensity data points in the full

fluorescence EEM for developing calibration models which correlate the intensities captured
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within the full fluorescence EEMs of water samples containing diffexencentration levels

of model and natural NOM fractions with their corresponding DOC concentrations. In
addition, PCA was usead textract principal components (PCs) that contained information
relevant to major membrane foulant fractions such aslikeS proteinlike and
colloidal/particulate matter from fluorescence EEM measurements collected at different
stages in a drinking water treatment process. This approach was useful in developing
fluorescencébased membrane fouling prediction and optimizationr@gghes as will be

discussed in Chapter 10.

2.11.1 Partial Least Squares (PLS) Regression

PLS methodology has been applied successfully in application areas such as (i) quantitative
structureactivity relationship modeling, (i) multivariate calibration, arfo) process
monitoring and optimization (Erikssat al, 2001). PLS regression analysis is a multivariate
statistical technique that allows comparison between multiple response variables and multiple
explanatory variables. In the case of this resedtsh multiple response variables are the
DOC contents of different NOM fractions present in water and the different excitation
emission wavelength combinations in the fluorescence EEMs of these water samples are
identified as multiple explanatory variablé3LS derives its usefulness from its ability to
analyze data with noisy, collinear and even incomplete variables in response (Y) and
explanatory/predictor (X) spaces (Erikssral, 2001). PLS analysis can perform regression
and classification tasks asilvas dimension reduction techniques in order to find stable and
reliable solutions (Field, 2000). Therefore, it has increasingly gained popularity in

applications related to science, especially chemistry and chemometrics, where there is a
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problem with ahigh number of correlated variables and a limited number of observations
(Erikssonet al, 2001). Correlated data is a common occurrence when dealing with spectral
data where the measurements acquired at diffezgoitationemission wavelengths are

highly correlated with each other.

The underlying assumption of the PLS method is that the observed or measured data could be
mathematically describeldy a small humber of latent (not directly observed or measured)
variables (Rosipadt al, 2006). In generaPRLS tries to extract these latent variables (LVs)

also known as latent componefit@ccounting for as much of the manifest covariance as
possible by projecting the observed data onto these LVs. For this reason, the acronym PLS

also stands for projectioms latent structures by means of partial least squares.

2.11.1.1 Significance of PLS Compared to Other Classical Methods of Statistics

Common classical methods of statistics, such as multiple linear regression (MLR), canonical
correlation, linear discriminatenalysis, analysis of variance (ANOVA) and maximum
likelihood methods function on the underlying assumptions that the input variables (X) are
independent, exact and the residuals between the predicted and measured response variables
(Y) are randomly distribted. With PLS however, these underlying assumptionsnate
neededThat is, in PLS, Xvariables need not be independent or exact and residuals may not

be randomly distributed. In addition, PLS is also capable of handling noisy, collinear and
even incompte data sets providing much leverage for complex data analysis (Erétsson

al., 2001).
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2.11.1.2 Comparison Between PLS and Other Multivariate Regression Methods

In addition to PLS, canonical correspondence analysis (CCA), redundancy analysis (RDA)
and principal component regression (PCR) are three common multivariate regression
methods; however PLS, was identified as the most suitable approach for this reseacch du

thefollowing reasons

1 PLS is a biased regression method whereas CCA and RDA are based on unbiased
regression (Ter Braadt al, 1995). Unbiased regression methods predict poorly if the
predictor variables are very highly correlated (i.e. multinebirity) as is the case
with fluorescence EEM data. This is because multicollineéitffatesd the variance
of the parameter estimatesan unbiased regression. Biased regression methods, on
the other hand, estimate biased regression parameters swati@ice of the
parameter estimates are not as affected as in unbiased regression methodst (Gunst

al., 1981).

1 Unlike PLS, if variables are highly correlated, the weights of the ordinations (LVS) in
CCA and RDA become unstable and not interpretable Braak et al, 1995). In
contrast, PLS weights provide a logical basis to interpret the actual phenomenon

captured in the regression (Erikssziral, 2001).

1 The response data for CCA must be nonnegative; the data are abundances (e.g. counts
or presenc@bsence) or compositional data, in the sense that only relative values are

meaningful. In contrast, typical response data in PLS are quantitative, eitherepositi
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or negative, without special meaning attached to the value zero (Ter &rahk

1995).

1 Similar to PLS, PCR is able to handle multicollinearity in the predictor data and often
can generate calibration models that give prediction errors as low s&s dh@®LS.
Unlike PLS, PCR generates LVs from the predictor data without using the
information related to the correlations that exist between predictor and response data.
Due to this reason, PGBRased calibration models use a larger number of LVs that are
often difficult to interpret compared to the Rb&sed calibration models (Esbensen,

2002).

2.11.1.3 PLS Regression Methodology
2.11.1.3.1Pre-processing of Data
Prior to PLS analysjsraw data are processed to ensure that the data are symmetrically
distributed and have @asonably constant error variance. Three common dafa@ressing
methods used in multivariate data analysis are:
(1) Mean centering i calculates the mean of a variable and subtracts the mean
from each value of that variable
(i) Median centering  similar tomean centering except the reference point is the
median of each variable rather than the mean

(i)  Auto-scaling T variables are mean centered and scaled to unit variance
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In PLS regression, variables are usually aadaled before the analysis so that alialales

are given an equal importance. However, if prior knowledge about the relative importance of
variables in X and Y is available, variables could be scaled accordingly by giving important
variables a slightly higher weight than that correspondinghtovariance scaling; similarly,

unimportant variables should be given a slightly lower weight (Erikesah 2001).

2.11.1.3.2Theory
The PLS regression consists of simultaneous projections of both X and Y spaces onto low
dimensional hypeplanesi also known a LVsi so that the analysis can meet the following
objectives:

1 To approximate the X and Y spaces and

1 To maximize the correlation between X and Y spaces.

A general PLS regression model that accomplishes these objectives can be expressed as:

X=TQ+E=Qq tq +E, (2.1)

i=1

Y=UC+F =4 uc +F, (2.2

i=1

The inner relation that explains the correlation between X and U (or in effect X and Y) is

given by:

U=TW (2.3
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Wherem is the number of LVs used in capturing the correlation between X and Y data sets.

The scores corresponding to tifeLV of X and Y space are identified as vectorandu;,

respectively and summarized in tffecolumn of T and U matrices, respectively. The scores

in vectort; can be interpreted as projections of the predictor data (e.g. fluorescence spectral

variables) to thé" LV in X space. Similarly, vectas; can be interpreted as projections of the

resporse data (e.g. DOC content of NOM fractions) toitheV in Y space. The derivation

of vectorst; andu;, in terms of projecting the raw data to LVs are illustrateBigure 2-4.

Vectorsqi(i= 1, 2, ¢é,

T and Xspace whereag (i = 1,

m)

2 vectas relate)the U and Y space. The loading

ar

e known

as | oadi

ng

values corresponding to tif8 LV in X and Y spaces are summarized in iffecolumn of Q

and C matrices, respectively

7 Projections
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H and to

Y2
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gives scores \
uq and uy

Source: Eriksson et al., (2001)

v al

Figure 2-4 Schematic representation of the derivation of PLS components and the
corresponding scores in multivariate explanatory and multivariate response spacéds. PLS

and PLS2 represent *Land 29pPLS components. Only three variables, each for X and Y

spaces, @& shown for clarity.
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In addition, the PLS algorithm also derives a W weight matrix that explains the correlation
between X and U (i.e. in effect X andspace) as illustrated in Equati@r8. The W weight
matrix represents how the-variables are linearly combined to form any score vdgctanen
capturing the correlation between X and Y. Hence, by examining the W matrix, one could
understand which original variable ¥aspace would dominate the new LVs (Eriksstral,

2001). The variation in the data that was left unexplained by the PLS modeling is given by
the E and R residual matricesFigure 2-5 illustrates the matrix relationship in PLS
regression. More detailed descriptions of the PLS methodology is found in Erédssbn

(2001) and Esbensen, (2002).

Information

Loading matrix related to

0O Variables

Score matrix Score matrix
variables responses
L)) n
c c
e 2
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o w
2 related to e

observations

3
weight matrix weight matrix
WL W] *

vy L.r
\ Derived from the

correlation between
Xand U (Y)

E F

Residual matrix Residual matrix

Figure 2-5 The matrix relationship in PLS regression. The score, weight and loading
matrices are derived during the development of the PLS regression model. Source: Eriksson
et al.(2001).

34



Whenthe PLS components or LVs are selected for developing PLS regression models, one
should avoidverfitting of the data. As the number of PLS components used in a PLS model
increases, thgoodness of fifR?), which corresponds to the calibration data set, aib

improve. However, including more than an optimum number of PLS components can also
reduce the model 06s prediction accuracy whe
independent data sdtsat were not used for model calibratidinerefore PLS algghms are

often included with cross validation techniques that can be used to find the optimum number

of PLS components (or LVs) that are needed in modeling a given scenario. Cross validation
ensures the optimal balance betweengbedness of fiand thepredictive ability of PLS

models (Erikssomet al, 2001).

2.11.1.3.3Finding the Optimum Number of PLS Components (or LVS)

Crossvalidation is performed with the aim to determine the optimal model complexity and
the minimum number of LVs that describes the undeglyglationship between the-3pace

and Y-space. It is a procedure where the available data set is split between training
(calibration data set) and test sets. The prediction residual error on the test samples is
determined as a function of the number ofSRtomponents/LVs retained in the regression
model formed with the calibration data. The procedure is usually repeated several times, with
each sample in the original data set being part of the test set at least once. The total prediction
error over all theest sets as a function of the number of PLS components is then used to
determine the optimum number of PLS componergs,the number of PLS components
which produces minimum prediction error. There are several cross validation methods that

can be usednd each of them performs differently depending on the data set being modeled.
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Most commonly used methods are: (i) lemeeout method, (i) random subsets, (iii)

contiguous block and (iv) venetian blinds method (Véisal., 2004).

2.11.2 Principal Component Analysis

PCA, like PLS, is a multivariate statistical tool that is suitable for analyzing a large number
of highly collinear variables such as spectral variables in fluorescence.BEMike PLS,

PCA only analyzes the predictor data matrix (i.e. onlyrésoence EEM data) and is used
for identifying patterns in data, and to highlight their similarities and differerifrdssconet

al., 2001; Esbensen, 2002)

2.11.2.1 PCA Analysis Methodology
2.11.2.1.1Pre-processing of Data
Raw data needs to be gpeocessed prior to penfming PCA. This can be achieved by

following the same data processing methods describedSiection2.11.1.3.1

2.11.2.1.2Theory

PCA extracts a smaller set of underlying new variables that are uncorrelated, mutually
independent (orthogonal) and mathematically represented by linear combinations of original
varables in the data set (or data matrix X). These new variables, referred to as PCs, are
calculated to capture much of the variance present in the X matrix (éfodd, 1987,
Erikssonet al, 2001) and therefore can describe major trends in the origitealsdaPCA
decomposes the data matrix X as the sum of the outer product of ve@arbsp; plus a
residual matrix E which contains the variation in the data that was left unexplained as

presented in Equatiah4.
36



X=4sO+E 2.4)

i=1

Wheren is the number of samples in the X data set. §ectors are known as scores (i.e.
values) on the PCs (i.e. new variables) extracted by PCA.plhectors are known as
loadings and contain information on how the variables relate to each other éévald

1987; Erikssonet al, 2001). The scoress)] generated by PCA can be interpreted as
projections of original variables to a new space spanned by the PCs (i.e. when the original
variables are transformed to PCs, each variable in the X matrix is projected on to the PC
space). The cordinates in this PGpace are the scores. The set of scores corresponding to a
particular PC can be plotted against another set of scores corresponding to another PC and
such plots are called score plots. Generally, the scorg giebuilt on the basis of the first

two PCssince thesaisually explain most of the variability in the daféhe PCs in the PC
space are related to the variables in the X matrix (i.e. original variable space) by loadings
(Persson and Wedborg, 2001). By examining the loading values related to @atthisP
possible to understand which original variables in the X matrix are better explained by each

PC.

2.11.2.1.3Selecting Statistically Significant PCs
When PCA is performed one must determine the number of PCs to retain in the model. This
is achieved by onerdooth of the following two approaches (Wiseal, 2004).
0] Examining the eigenvalues related to each PC in the model. Occurrence of
consecutively smaller eigenvalues followed by comparatively larger eigenvalues

usually indicates the presence of statififfdasignificant PCs.
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(i) Performing cross validation to identify the minimum number of statistically
significant PCs that can be used to reconstruct the original data set with minimum
reconstruction error. Different cross validation methods describe8eittion

2.11.1.3.3can be used.
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CHAPTER 3

Acquiring Reproducible FluorescenceSpectra of Dissolved

Organic Matter at Very Low Concentrations”

Overview

A method that would allow for fast and reliable measurementissblved organic matter
(DOM), both at low and high concentration levels would be a valuable toabritine
monitoring of DOM This could have applications in a variety of areas including membrane
treatment systems for drinking water applications which is of interest to our group. In this
study, the feasibility of using fluorescence spectroscopy for monitoring DOM at very low
conentration levels was demonstrated with an emphasis on optimizing the instrument
parameters necessary to obta@produciblefluorescence signalsSignals were acquired
using a cuvette or a fibre optic probe assembly, the latter which may have applit@tions
on-line or inline monitoring. The instrument parameters such as photomultiplier tube (PMT)
voltage, scanning rate and slit width were studied in detail to find the optimum parameter
settings required. The results showed that larger excitation andi@mgit widths were
preferred, over larger PMT voltage or lower scanning rates, to obtain reproducible and rapid

measurements when measuring very low concentration levels of DOM. However, this

* Peiris B. R. H., Budman, H., Moresoli, C., Legge, R. 2009. Acquiring reproducible
fluorescence spectra of dissolved organic matter at very low concentrations. Wat. Sci. And
Technol.60 (6), 13851392.
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approach should be implemented with caution to avoid any reduction of thersgplation.

Keywords: Dissdved organic matter (DOM); drinking water treatment; fluorescence

spectroscopy; humic substances; measurement noise

3.1 Introduction

Interest in dissolved organic mattgiDOM) is increasing in the area of water treatment,
particularly as it relates to memib fouling, monitoring and control of disinfected-by
products and issues arising due to interactions with other environmental contaminants
(Mobedet al, 1996; Marhaba and Koch&000). Most methods available for characterizing
DOM rely on traditionalanalysis techniques such as light absorptivity, dissolved organic
carbon (DOC), aromaticity and fractionation using XADabsorbentresins although
characterization is difficult due to the complex structural aspects of DOMet&r 2003).
Some studiehave been performed on molecular weight (MW) fractions of DOM using
nuclear magnetic resonancé®d NMR), pyrolysisGC/MS, IR and thermogravimetric
methods (Wilsoret al, 1999). Aside from the fact that these methods are time consuming,
expensive, complexand require operator expertise (Hetr al, 2003) they are also not

amenable to ofine or inline applications for monitoring DOM.

In this context, fluorescence spectroscopy is becoming an increasingly popular method for
characterizing DOM due to theequirement for minimal sample pteeatment and
preparation, ability to interpret DOM fluorescence properties, high instrumental sensitivity

and the nordestructive nature of the techniqueefris et al, 2008). Chenet al. (2003)
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identified various fluorscence spectroscopic techniques, out of which, the emission
excitation matrix (EEM) analysis method was identified as providing an overall view of all
features of DOM existing within a selected spectral range (Se¢mg 2005). This mode of
fluorescene data acquisition has been used satisfactorily in water andfesiet(al, 2003;
Sierra et al, 2005) and, with these advantages, is promising as admeoror inline

monitoring approacfPeiriset al, 2008.

The DOM content in drinking water is igerally modest with the most significant component
being humic substances (HS) and some minor levels of polysaccharides and protein related
substances. HS may represent up to 90% of the DOM with the concentration varying from
0.5 to 30mg-C/L in streams ath rivers (Thurman 1989. Especially where membrane
treatment methods are being considered, the DOM content at the permeate side can be very
low resulting in challenges associated with the characterization of the DOM content in the
permeate. In such casespst of the analytical techniques described above require that the
DOM content be concentrated by means of extraction or other physicaleatment
methods prior to analysis. In this paper, we have performed a comprehensive study on the
instrument paragters that are necessary in order to obtain reproducible fluorescence signals
for DOM at very low concentration level$he main emphasis was to obtain reproducible
spectra at low concentration levels for application in areas such as characterizing the DOM
matter at the permeate side for a membiaamed water treatment process. Even though
fluorescencespectrofluorometeliterature, including instrument manuals, provides generally
useful information on how the instrument parameters may be changed toreptaitucible

fluorescence readings, manipulation of these instrument parameters, especially at very low
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concentration levels, has been rarely demonstrated. This may explain in part the reason for
limited direct applications of fluorescence spectroscopthéncharacterization of very low

DOM concentration levels such as the levels found in nanofiltration (NF) permeates. In this
context by using the optimum instrument parameters settings detdrimiti@s study, we

have managed to characterize DOM in thé permeate of drinking water (Peired al,

2008). These findings also have value in developing a floenegbased sensor for an-on

line approach for monitoring DOM content in drinking water treatment applicatiors.

these reasons, this paper will\seras a useful reference for those interested in developing
fluorescence spectroscopy as a tool to monitor low concentration DOM, for example in post

water treatment strategies.

3.2 Methods

3.2.1 Water Samples and Preparation

Water samples were obtainesh March 6th, 2007 from the Grand River in Kitchener,

Ontario, Canada. Grand Riverater( GRW) sampl es were filtered
Acrodisc type filter to remove any particulate material present. The samples were then
diluted to different dilution levels usy Milli-Q (Millipore) water as the dilution medium.

Different dilution levels spanned from no dilution to dilutions top10% of the original
strength of the GRW.The value A10% dilution | evel 0 was
organic carbon (DOC) antent of the permeate, when GRW was filtered through a
nanofiltration (NF) system currently in use. During our preliminary studies, permeate with ~

0.7 mg-DOCL was obtained from GRW with an average 6.7-D@CAL. The pH of the
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GRW was ~ 8.2 so the pH afl diluted samples was adjestto ~ 8.2 using high purity 0.1

M HCI acid (99.999%) or 0.1 M NaOH (99.998 %).

3.2.2 FluorescenceAnalysis

Fluorescence excitation emission matrices (EEMs) of each sample were acquired using a
Varian Cary Eclipse Fluorescen8pectrofluorometer (Palo Alto, CA) at ~ 25 °& Peltier
multicell holder, which can accommodatavettes anda Fluorescence Remote Reabrg

Optic Probecoupled to an Eclipse Fibre Optic Coupler with a 20 mm fluorescence probe tip,
were used for signahcquisition. U\fgrade polymethylmethacrylate cuvettes with four
optical windows were used for cuvetiased analysisThe excitation and emission ranges
used were 28380 nm and 35800 nm, respectively which fall in most reported ranges for
HS (Chenet al, 2003; Heret al, 2003; Sierraet al, 2005).Fluorescence emission spectra
were obtained at differenthptomultiplier tube(PMT) voltages (V), scanning rates and
emission and excitation slit widthBo eliminateRaman scatterindue to wateand to redce

other background noise, all spectra were subtracted from the spactkilli -Q water
obtained under the same conditiori3ata processing was performed using MATLAB 7.3.0
software (The Mathworks IncNatick, MA). Analysis of the reproducibility ofhte spectra

was based on the measurement noise (or % eftoirespect to signal intens)tyvhich was
calculated usingerror at a 95% confidence level of the peak intensity measurement for all

dilution levels.
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3.3 Results and Discussion

DOM in surface and ground water consists of a variety of organic compounds with various
fluorophores that are responsible for producing unique spectral finger(fietsaet al,

2005. HS and protehnelated substances are the primary sources of floemes in DOM

with HS being the dominant fluorescent componéfdwever, with the low concentration
levels of HS found in drinking water treatment applications, the weak fluorescence signals
are compromised due to large measurement noise. This issue benormsesignificant for

ontline measurements acquired using fibre optic probes as signal strength in this approach is
further attenuated in the fibre optic system. As a resultliredf measurements are often
obtained using cuvettes which allow for highegnsil strength. To optimize signal
acquisition we systematically examined the effect of three primary variables on signal
strength and measurement noise, something which has not been previously reported in the
literature. These variables included PMT voéiagcanning rate and slit widtiRaman
scattering peak intensities of M) water, recorded with the different instrument parameter
combinations examined, are also reported to facilitate replication of the methods described in

this study.

The fluorescece EEMs ofGRW (undiluted)and GRW diluted up td.0% of the original
strength are shown iRigure3-1a & b andFigure 3-1c & d respectively. These EEMs were
obtained at a scanning rate = 600 nm/min, PMT voltage = 800 V and excitatiomiste

slit widths = 5 nm each with cuvettdsigure3-1a & c) and fibre optic probd-(gure3-1b &

d). The EEM peaks are located at excitation wavelength (Ex) of approximately 330 nm and

emission wavelength (Em) between 4435 nm, in the range reported for KShenet al,
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2003; Heret al., 2003 Sierraet al, 2005).In spite of the general spectral similarities in the
EEMs obtained with cuvettes and the fibre optic probe in terms of peak positions, there is

however significant differences in terms of peak intensities and the sigudl @s seen in

Figure3-la- d.
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Figure 3-1 Fluorescence EEMs of GRW obtained with (a) cuvette(b) fibre optic probe.
Fluorescence EEMs of GRW diluted up to 10% of the original strength obtained with (c)
cuvettes and (d) fibre optic probe. All measurements were performed at scanning r&e of 60
nm/min, PMT voltage = 800 V and excitation and emission slit widths of 5 nm each.
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In this study, the weak fluorescence properties of very low concentratidthS démanded
instrument settings that are different from the settings needed for undiluted saenples

Our preliminary studies with PMT voltage in the medium range (600 V), excitation and
emission slit widths at-20 nm each did not give reproducible spectra, especially for highly
diluted samples acquired either with cuvettes or the fibre pptibe. When the fibre optic
probe was used to acquire signals from highly diluted samples the problem was more
significant; virtually no signal other than noise was observed in some instances (results not
shown). This can be explained due to thss of @ergy that occurs inthe fibre optic
assembly when in operatiofewzey, personal communicatign Due to this reason the
results presented here were acquired with PMT voltages of 8®iguré 3-1) and higher.

From the EEM spectra obtained with the given instrument seftinggure 3-1, it is clea

that the fibre optic probe produced noisier spectra. At low concentrations both signal
acquisition methods were hampered by significant levels of measuremen(mgige 3-1c

& d; Table3-1). When the signal was acquired using the fibre optic probe, % amged

from 11.67 34.8%, increasing with increasing dilution up to 10% GRW. Error was reduced
when the signal was acquired using cuvettes with a range from2B2%, increasing with

increasing dilutions up to 10% GRW.
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Table 3-1 Measurement error observed with the fibre optic probe vs. cuvettes for different
dilutions of GRW at PMT = 800 V, scanning rate of 600 nm/min and excitation and emission
slit widths of 5 nm each.

Probe (PMT =800 V) Cuvettes (PMT = 800 V)
% Peak error at Peak error at
GRW Intensity (a..LD 95% % error Intensity (a..u) 95% % error
at Ex/Em: confidence at Ex/Em: confidence
330/415 nm 330/430 nm

10 0.65 0.23 34.85 11.15 3.14 28.18
20 1.22 0.25 20.85 16.81 3.35 19.92
40 2.74 0.44 16.13 31.84 3.87 12.16
60 3.75 0.55 14.73 49.99 3.95 7.90
100 6.40 0.74 11.63 79.03 2.84 3.59

Raman scattering peak intensity at ExX/Em ~ 348 nm /396 nm (a.u

2.17 +0.23 13.57 + 0.65

3.3.1 PMT Voltage

Since the fluorescence EEM speatfsGRW, diluted up to 10% of its original strength, was

not clear at PMT voltage = 800 V, the PMT voltage was further increased up to 1000 V in
order to obtain a much higher signal strength. The scanning rate, and excitation and emission
slit widths were nchanged. This resulted in generally higher EEM peak intensities for highly
diluted samples, compared to the spectra acquired at 80DaMe(3-2). EEM spectra
obtained with the fibre optic probe however remained fuzzy with no clearly visible peak as in

Figure3-1d (results not shown).
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Table 3-2 Measurement error observed with the fibre optic probe and cuvettes for two
different dilution levels of GRW at PMT = 1000V, scanning rate of 600 nm/min and
excitation and emission slit widths of 5 nm each.

Probe (PMT = 1000 V) Cuvettes (PMT = 1000 V)

Peak Peak
% error at error at

GRW Intensity (a.u) 95% Intensity (a.u)

0, 0, 0
at Ex/Em: confidence el at Ex/Em: cori‘isd/(:nce et
330/415 nm 330/430 nm
10 0.84 0.98 116.90 84.54 68.28 80.76
20 7.93 4.82 60.74 113.82 64.79 56.92

Raman scattering peak intensity at ExX/Em ~ 348 nm /396 nm (a.u

25.98 + 3.23 87.95 +6.40

Even though higher PMT voltages contributed to higher signal strengths in all samples
measured, the error associated with the measurements incegsifidantly (Table 3-2).

This observation is consistent with the theoretical background of fluorescence spectroscopy
and other observations made elsewl{@asadeTerroneset al, 2007). Due to these reasons
higher PMT voltages (> 800 V) were deemed taib&avourable for obtaining reproducible

spectra of water samples containing very low DOM concentrations.

3.3.2 Scanning Rate

Another method of reducing signal noise is to reduce the speed at which spectra are acquired.
With a high signal averaging time or bgdping smaller intervals between successive data
points, the noise associated with measurement can be minimized. This improvement however
comes with the cost of increased scanning time. Whesdaening ratevas reduced from

600 nm/min to 120 nm/min, thmeasurement noise for low concentration levels was reduced
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significantly with the fibre optic prob€rable3-1 & Table 3-3). The same observation was
made when cuvettes were used (results not shott a scanning rate of 120 nm/min, it
takes almost 24 minutes to acquire a complete fluorescence EEM, with emission scans
performed from 350 nm to 600 nm for excitation levels from 280 nm to 380 nm in 10 nm
increments. However, at a scanning rate of 689min, it would only take less than 5
minutes to acquire the same EEM. Long scanning times diminish the likelihood of the
fluorescence spectroscopy being used as afinenmonitoring tool. Therefore slower
scanning rates were not considered as a viegiyeoach and no further studies were pursued

with this parameter.

Table 3-3 Measurement error observed when signal was acquired using a fibre optic probe
for two different dilution levels of GRW at PMT = 88Q scanning ratef 120 nm/min and
excitation and emission slit widths ohn each.

Peak intensity (a.y error at 95%

0, 0,

% GRW at Ex/Em: 330/415 nm confidence o error
10 0.83 0.12 15.02
20 1.53 0.12 7.80

Raman scattering peak intensity at ExX'Em ~ 348386 nm (a.|

2.14 +0.23

3.3.3 Emission andExcitation Slit Widths
Measurement noise can also be reduced by increasing the excitation energy using larger
excitation and emission slit widths. Increasing the slit widths is however constrained to a

limit given by the formulg§Westerhoffetal., 2001; Lewzeypersonal communication
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23 (Ex slit width + Em slit width) ¢ StokesShift (3.1

For GRW the Stokes shift is approximately 90 rifigQre 3-2). Therefore the measurement
noise levels at different slit width combinations were studied in detail adhering to the above
constraint (Equatior8.1). In general, as the excitation and/or emission slit widths were
increased the measurement noise decreased in all dilution levels studied. Since the main
objective was to reduce measurement noise at low concentration terglshe results

relevant to GRW diluted up to 10% of its original strength are presentedilaéle3-4).

Table 3-4 Signal noise at different slit width combinations, obtained with the fibre optic
probe and cuvettes on GRW (diluted up to 1G%glculated at the EEM Peak at Ex: 330
nm; Em: 415 nm.

% error at diffeent slit width combinations

Emission Excitation slit width (nm)
inEr\]/;/ri]c)ith Fibre optic Probe Cuvettes
5 10 20 5 10 20
5 34.9 8.7 6.0 28.2 11.8 10.8
10 8.2 4.5 4.1 13.1 5.0 4.3
20 5.1 4.3 3.8 8.5 3.8 0.4

Raman scattering peak intensity at ExX/Em ~ 348 nm /39Grum

12.05 +0.63 87.21 *0.83

From these resultsT@ble 3-4) it is evident that as the excitation and emission slit width is

increased, the measurement noise decreases. A similar observation was matie saitte
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slit width combinations, when undiked GRW was analyzed by both cuvette and fibre optic
approacks(results not shown). However, slit widths may not be increased without checking
the following constraintgEquatiors 3.2 & 3.3) in order to preserve the resolution of the

signal Creightonet. al., 1997)

Ex slit width 3 10 ¢ BandWidth__ex (3.2

Ex slit width 3 10 ¢ BandWidth__em (3.3

Where Band Width_ex and Band Width_em are the band widtghof the excitation and
emission signals, respectivelyhe band widthof both excitation and emission signals of
GRW is approximately 120 nm eackidure 3-2). According to the above criteria, the
maximum slit width leels that can be used without compromising the resolution of the
signal are excitation and emission slit widths of 10 nm each. This phenomenon can be further
confirmed by examining the spectra of different slit width combinations examined in this
study Figure 3-3). Figure 3-3 illustrates how the sighaesolution diminishes as the slit
widths are increased beyond 10 nm. The spectral information available in the emission
spectra Figure 3-3; circled regions), in the form of a Raman peak, obtained with emission
and excitation slit widths of 10 nm telow, appeared to be absent in the emission spectra

obtained with emission ancatation slit widths greater than 10 nm.
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Figure 3-2 Trend lines of excitation and emission spectra of GRW, diluted up to 10% of its
original strength, taken at emission = 415 nm and excitation = 330gpacatevely using the
fibre optic probe. A scanning rate of 600 nm/min, PMT voltage = 800 V and excitation and
emission slit widths of 10 nm each were used.
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Figure 3-3 Emission spectra of GRW at excitation = 330 nm with different excitation and emission slit width combinations obtained
using the fibre optic probe atscanning rate of 600 nm/min and PMT voltage = 800 V.
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Using the optimum instrument parameter settings: PMT = 800 V, scanning rate of 600
nm/min and excitation and emission slit widths of 10 nm each, that were identified in this
study, we have obtained reproducible fluorescence EEMs of the residuapbE3diht in NF
permeates #t contained DOC about 0.7 mgfPeiris et al, 2008). In addition, this
parameter combination also allowed us to capture fluorescence EEMs of very low
concentration levels of DOM that are present in other water sources suchkasgdmvater

and rain water with reasonable reproducibility (i.e. signal noise is¥0% of the peak EEM
intensities measured; results not shown). The manipulation of the instrument parameters
demonstrated in this study could therefore serve as a upetidline for those interested in
using fluorescencepectroscopy to analyze very low concentration levels of DOM, without
having to preconcentrate samples using tedious, expensive and time consuming
experimental procedures that could contribute to smhdit experimental error. When
implementing these methods, however, instrument biases in different fluorescence
spectrofluorometer may need to be accounted for using the Raman scattering peak

intensities reporteth Table3-1, Table3-2 andTable3-3.

3.4 Conclusions

When acquiring fluorescence signals for very low concentrations of DOM in water, special
attention needs to be given to capture reliable signals gobd signal resolution. The
instrument parameters that are commonly used to produce quality spectra from strongly
fluorescing substances proved to be less suitable in dealing with highly diluted HS present in

very low DOM concentrations levels. Low PMDltages (600 V) failed to produce signals
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with significant strength when the fibre optic probe was used. Therefore, the PMT voltage
was increased up to 800 V to obtain improved signal strength. However, the measurement
noise of samples at low concentragsoimcreased significantly when increasing the PMT
voltage, and therefore increasing the PMT voltage above 800 V was seen as unfavourable.
Nevertheless, even with PMT = 800 V, very poor reproducibility of the fluorescence spectra
of highly diluted samples &s produced using cuvettes and the fibre optic probe
measurements with the later being most affected. Slower scanning rates showed potential for
producing good reproducibility. Slower scan rates, below 600 nm/min, were however not
seen as a viable optiomue to longer scanning times reducing the likelihood of the
fluorescence spectroscopy being used as dmemmonitoring tool. As the excitation and/or
emission slit widths were increased the measurement noise decreased at all dilution levels
studied. Ths approach was seen as the best method to reduce the measurement noise since it
generated the most improvement out of the three approaches studied. Nevertheless, this
approach should be practiced with care to avoid diminishing signal resolution. Instomclu
excitation and emission slit widths up to 10 nm are recommended to preserve the spectral
information and to obtain reproducible signals with minimum signal noise. The approach
demonstrated here shown was successfully applied in the analysis ofowerpOM
concentration levels and could be useful fesearchers interested in using fluorescence

spectroscopy to analyze similar concentration levels.
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CHAPTER 4

Identification of Humic Acid -like and Fulvic Acid-like Natural

Organic Matter in River Water using Fluorescence Spectroscopy

Overview

Identifying the extentof humic acid (HA)like and fulic acid (FA}like natural organic
matter (NOM) present in natural water is important to assess disimfeay-producs
formation and fouling potential during drinking water treatment applicatidogsever, the
unique fluorescence properties related to-lk& NOM is masked by the fluorescence
signals of thanore abundanEA-like NOM. For this reason, it is not possibleaocurately
characterize HAike and FAlike NOM components in a single water sample using direct
fluorescence EEM analysis. iglatively simple approadis described here thdemonstrates
the feasibility of usinga fluorescence excitatieamission matrix(EEM) approach for
identifying HA-like and FAlike NOM fractions in watewwhen used in combination with a
series of pH adjustments and filtration stdpss demonstrated that theubrescence EEMs
of HA-like and FAlike NOM fractiors from the river wate sample possessdtifferent
spectral properties:ractionation of HAlike and FAlike NOM prior to fluorescence analysis

is therefore proposed as a more reasonable approach.

Keywords: Natural organic matter (NOM); fluorescence spectroscopy; fulvic-la@d

NOM; humic acidlike NOM
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4.1 Introduction

Characterization of natural organic matter (NOM) present in natural waters is essential for
understanding and controlling some pertinent wegtated problems such as membrane
fouling, disinfection byproducs formation andundesirable biological growtéxperiencedn

water treatment andistribution systemsFor example, individual and combined effects that
result due to the interplay between different NOM fractionslead to different membrane
fouling behatour (Jermannet al, 2007) Also, the potential for disinfection kyroducs
formation for different NOM fractions varies consideratMathabaet al, 200Q. Therefore,
knowledge on the major NOM fractions present in water would enable the design and
implementation of more efficient treatment processes and control procedures that can

mitigatethe negative effects of NOM water treatment andistribution sptems

Major NOM fractions present in natural water are humic substances (HS), pikeeand
polysacchariddike materials, with HS being the most significant component (Thurman,
1985). The aquatic HS are considered to contain largely fulvic acidlgA)matter and
comparatively smaller amounts of humic acid (Hikg matter. This is because the lower
carboxylic content in HAike matter lowers its solubility and therefore most natural waters
contain 5 to 25 times more Fike matter than HAike mater (Thurman, 1985). In
membranebased processes Hike NOM is known to affect membrane charge more than
FA-like NOM and as a resulhdsorption capacitpyf HA-like NOM on the membrane
surfaces and in the pores of the membranes is higher than fokeFNOM (Jucker and
Clark, 1994). Thereforencreasd levels of HAlike matter in natural waters could cause

more fouling than FAike matter (Kulovaareet al, 1999). In addition, the pential for
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disinfection byproducs formation by aquatic HAike NOM hasalso been found to be

higher than FAlike NOM (Marhabaet al, 2000Q.

This study focused on characterizing HAnd FAlike NOM in water as a method of
identifying the presence dfiA- and FA-like NOM present in water. For this purpose, a
fluorescence exationemission matrix (EEM) approach was used as it is able to capture
specific fluorescence features that correspond to HS and phétimaterials Cobleet al,

199Q Baker, 2001; Chemet al, 2003; Heret al, 2003 Sierraet al, 2005; Hudsoret al,

2008; Hendersoret al, 2009. Unlike other availabl®& OM characterization methods (Huber

et al, 1992; Heret al, 2003; Grayet al, 2007) fluorescence spectroscopy is able to
differentiate the majoNOM fractions and is suitable for performing rapidirect and

accurate analysis withigh instrumental sensitivity (Cobkt al, 1990; Peiriet al, 2008).

The detection of HAike fluorescence in natural water is more challenging. In most studies
the HAlike NOM exhibits a weak fluorescence signathwa peak that appears more or less
as a shoulder to the Fiike NOM fluorescence peak (Mobest al, 1996; Baker, 2001
Sierraet al, 2005; Hudsoret al, 2008). Others have observad significant differences
between fluorescence EEMsg aquatic FAlike and HAlike NOM (Alberts and Takacs,
2004). These observations suggest that &#d HAlike fluorescence in most cases overlap
making an accurate identification of Hike NOM in the presence of Fhke NOM
difficult. This difficulty is mainly due to the&eomparatively weaker fluorescence signals of
the less abundant Hke components which are overshadowed by the stronger fluorescence

signals of more abundant Hke components. Therefore, direct fluorescence EEM
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measurement of natural waters may notshé&able for identifying the extent of Hkke

NOM in the presence FAke NOM in natural water.

For these reasons, in this study, fluorescence EEMs of theaH& FAlike NOM were
obtained by fractionating the HAand FAlike components of NOM from rivewater using

pH changes and filtration. The approach presented here would be useful for those who are
interested in a simple approach for characterizing &#d FAlike matter present in natural

waters.

4.2 Methods

4.2.1 Sample Preparation

GrandRiver water (GRW) (Souttwestern Ontario, Canada; collectedJuly 05, 20®) was
fillered through a 0.45% m  @NMetricel® type 47 mm diameter disc filter (Pall
Corporation, Ann Arbor, MILot #: 73056)to remove particulate matter. The pH of this
fillered GRW was ~ 8.2The pH of the GRW (~ 1L) was then adjusted below pH = 1 by
adding high purity hydrochloric acid (1 mol/L HCI, 99.999%). At this pH, it is expected that
HA-like NOM in the water sample shoudtecipitate (Aiken, 1985habbouret al, 1999.

The pH adjustedvater sample was filtered again through0.45e m f i | ter t o r en
precipitate. The pH of this filtered water sample was adjusted back to the initial pHdével
pH ~ 8.2 using high purity NaOH (1 mol/L, 99.998 %). This filtered water sample can be
expected to contaithe FA-like fractionof the HS present in GRW (Aiken, 1985habbour

et al, 1999. The precipitate collected on the filter membrane was carefully scrdppad
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the surface of the membraaad dissolved in 50 ndf Milli -Q (Millipore) water (resistivity

= 18.2 MW cm). The pH of this dissolved precipitate was adjusted back to pH ~8.2. During
all pH adjustments the addition of HCI acid and NaOH were maintained to a minimum (only
a few drops) to minimize the dilution of water samples. $ample preparation method is
illustrated inFigure4-1. As shown, three samples resulted that included: (HiEEANOM
solution at pH ~ 8.2; (ii) HAike NOM extract solution at pH < 1 and (iii) Hkke NOM

extract solution at pH ~ 8.2. These samples were analyzed by fluorescence spectroscopy.

In addition, fluorescence EEM of Aldrich humic acid (AHA) obtained from Sigma Aldrich

Inc., (St. Louis, MQ Lot #: 100K0219 Alginic acid, sodium salt was used to validate the

existence of HAlike matter in the HAlike NOM extract of GRW.
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Eigure 4-1 Procedurdor thefractionationof HA- and FAlike NOM fractions from GRW.
- sampling pointdor fluorescence analysis.
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4.2.2 Fluorescence Analysis

The fluorescence EEMs wereecorded using a Varian Cary Eclipse Fluorescence
spectrofluorometefPalo Alto, CA) collecting 301 individuamission intensities (Em: 3060

600 nm) at sequential 10 nm increments of excitation wavelengths between 250 and 380 nm.
Instrument parameters: photomultiplier tube (PMT) voltage = 800 V, scan rate = 600 nm/min
and excitation/emission slit width = 10 nmchawere maintained during the fluorescence
signal acquisitionA more detailed description of the fluorescence analysis procedure and the
selection of thespectrofluorometeparameter settings used in this study for obtaining
reproduciblefluorescence sigals especially for low NOM concentratiorisvels will be
found in Peiriset al. (2008and2009. Corrections for inner filter effects were not applied as
inner filtering effects are not expected to be significamtthe low concentration levels
examined in this study (Hudsat al, 2008). To eliminate water Raman scattering and to
reduce other background noise, fluorescence spectra forQMiNiater, obtained under the
same conditions, were subtracted from akatpa. During the course of the fluorescence
analyses, thehange inRaman scattering peak intemsstrecorded for MilliQ water at
EX/Em ~ 348 nm/396 nm was less than 1%, confirming that there mo significant
fluctuations in the performance of tepectrofluorometetamp or other hardware. Theater

samples were maintained at room temperature (€28uring the analyses.
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4.3 Results and Discussion
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Figure 4-2 Fluorescence EEM for GRWeft) and 3D view of the same EEMright). First
order Rgleigh scattering (FORS) arscond order Rdeigh scattering (SORS) regions are
indicated using dashedircles

4.3.1 Typical Spectral Features of GRW

The fluorescence EEM oBRW used in this studys h o ws a  ptheadxcitatiod ) at
wavelength (Ex) and the emission wavelength (Em) combinaitiEm = 320nm/415nm
(Figure 4-2), which corresponds to the range reportedHarlike NOM in water(Coble et

al., 1990; Sierraet al, 2005). Another secondary peak bwhich alsocorresponds to HS
(Sierraet al, 2005 Peiriset al, 2008) appears to be present in the form of a shotddie
main peak U) ar ound nBE/460rmnnfFigare42)7 The presence of HS in GRW
thatis associated with these spectral features wasradependently confirmed by thequid
Chromatography- Organic Carbon DetectionLC-OCD) chromatograph analysis in a
previous study Reiris et al, 200§. The HS in GRW can be expected to comprise
predomnantly of FA-like matter compared to HAke matter as reported in other natural
waters (Huck, 1999; Sierrat al, 2005). The deviations of the fluorescence EEM contours

seen in the region indicated Gy Ex/Em: 280 nm/330 nm¥ due to thepresence of @tein

63



like NOM in the water a fluorescence EEM peak around the same regipnhés been
previously observed for protelike substances (Baker, 2001; Chetnal, 2003; Heret al,
2003).The existenc®f this protein regior(l) however does not appear to be a significant
fluorescence peak due the very low concentration levels of the protbke substances
present in the GRWThe light scattering region@irst order Rgleigh scattering region and
secondorder Rgleigh scatténg region) observed in the fluorescence EEM are also
important areas that provide information related to the particulate/colloidal matter present in

water (Peiriet al, 2010.

4.3.2 Fluorescence EEMs of FAlike and HA-like NOM in GRW

The fuorescence EEM oFA-like NOM (Figure 4-3a) demonstrates similar fluorescence
spectral characteristics to that of GRW. This indicates that GRW cedtaiadominantly
FA-like NOM as expected in river water. Howeve&igure 4-3a also demonstrates a shift
(about 10nm) in the peakly) towards the higher excitation welength as illustrated by peak

( & The fluorescence EEM of Hilke NOM extract at pH < 1Rigure4-3b), on the other
hand, does not seem to contfiuorescence spectra related to-kk& matter that is seen in
Figure 4-2. This can be explained by the poor solubility of HA at pH < 1 (Aiken, 1985)

resulting in little or weak fluorescence.
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Figure 4-3 Fluorescence EEBIlof (a) FAlike NOM i obtained at pH ~ 8.2; ()lA-like
NOM extract at pH 1 and ¢) HA-like NOM extract at pH ~ 8.2ZT’he pH adjustments of the
water samples were made using HCl and NaOH.

When the pH of the HAike NOM extract was increas to the normal pH level of GRW
(pH ~ 8.2), a new fluorescenpee a R appedred @Ex/Em =296 nm/400 nm (Figure4-3c).
This peak fell within the general fluorescence region related to tHgelSIOM in GRW as
demonstrated iffigure4-2 (i.e. between peak tApd( ). It alsohas a closer resemblance to
the fluorescence EEM of Aldrich humic acid (AHA) obtained under the seomalitions

(Figure 4-4) with respect @ the excitation wavelength at which the EEM peak is situated.
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The fluorescence EEM peak of Hike NOM extract of GRW is situated at Ex: = 296 nm
and that of AHA at around Ex: ~ 295n(figure4-3c andFigure4-4). The difference in the
EEM peak position of AHA and HAike NOM in GRW on the emissioscale is expected as
similar differences were also observed in other studies in which AHA and HA extracts of
river water were usedP@rlantiet al, 2000; Sierraet al, 2005). The existence of peak) at

pH ~ 8.2 but not at pH & can be related to the Hifkke NOM being completely relissolved

at higher pH levels and hence its fluorescence properties.
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Figure 4-4 Fluorescenc&EM of Aldrich humic acid obtained at pH = 8.2.

In addition, the presence of a clear protéke fluorescence EEM peak in the Hike NOM
fraction indicates that some of the proteke NOM present in GRW was also present in this
HA-like NOM extract Figure 4-2, Figure 4-3b andFigure 4-3c). The spectral properties
related to the proteihke NOM is also pesent in the fluorescence EEM of the-Hée NOM
fraction of GRW (i -region inFigure4-3a). Theefore, it appears that proteike NOM in
GRW is solble at lower pH conditions that were used during the fractionation of HS.

Nevertheless, since the fluorescence EEdAlkprelated to protein like NON& situated
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reasonably outside the fluorescence EEM region of HS, the presence of-jket&l©OM in
both HA-like and FAlike fractions did not impede the detection of Hike and FAlike

fluorescence signals.

4.3.3 Significance of this Approachand Potential for Future Research

This study demonstrates that fluorescence signals related4k&lANOM extracts of GRW

are located within thgeneral fluorescence region related to k8 NOM. Therefore, if un
fractionated natural water were analysed using fluorescence EEM, one mabwdgdpect to

be able to clearly identify the existence of Hke NOM as the unique fluorescence
properties related to HAke NOM is overshadowed by the fluorescence signals ofritie
abundant FAike NOM. This has been the case in many fluorescéased analyses as
described in the introduction. Since the predominant component of HS present in natural
water is FAlike matter, fluorescence spectral properties of natural water is largely associated
with fluorescence properties of the more abundantik& NOM. Due to these reasormse
cannot make an accurate characterization of thelikbANOM present in natural water
samples by direct fluorescence analysis. In this context, fractionation of natural water
samples prior to fluorescence analysis, as @egoin this study, could provide more
information on the content dfiA-like and FAlike NOM in natural waterThe approach
presented here is relatively simple to perform and hence it could be useful for those with an
interest in the effect of HAlkke and FA-like NOM in water treatment processes and

distribution systems.
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4.4 Conclusions

In this study, we have performed fluorescence Hidded characterization of Hike and
FA-like NOM in GRW by fractionation using a combinationpdi adjustments and filtration
steps.The HAlike NOM fraction of GRW exhibited a fluorescence EEM peak that lies
within the general fluorescence region related to-Il8 NOM. This highlights the
challenges of performing direct fluoresceii@sed analysis when interested in detecting HA
like NOM in natural water as thenique fluorescence properties related to-lk& NOM are
overshadowed by the fluorescence signalthefmoreabundant~A-like NOM. A simple
pH-based separation of HAand FAlike NOM fractions is proposed followed by
fluorescence EEM analysis that could be helpful for obtaining more accurate qualitative

information on theHA- and FAlike NOM contentin natural vater.
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CHAPTER 5

Development of a Fluorescenebased Soft Sensor Approach to

Differentiate and Quantify Natural Organic Matter in Water

Overview

Understanding the characteristics and quantification of natural organic matter (NOM) is
important for the developmé and operation of efficient drinking water treatment and
distribution systems. Although various characterization methods of NOM have been
reported, the rapid quantification of different fractions of NOM in natural water remains as a
major challenge. Fluescencespectroscopy has been widely used to characterize NOM in
water and is well known as a rapid and sensitive characterization method. Most reported
fluorescencéased techniques however have focused on qualitative characterization of NOM
but not on gantification of the different NOM fractions in water. This study focused on the
development of a fluorescenbased soft sensor (FSS) approach as a method of
guantification and differentiation of the two major NOM fractions in water: humic acid
(HA)- and fulvic acid (FA}like matter. In this approach, fluorescence intensity data for
these two different NOM fractions were acquinggslng a fluorescence emissiercitation

matrix (EEM) method. These spectral data were then used as the basis for quantiicatio
the NOM fractions using a previously developedlibration model. The calibration model
used here was developed by correlating fluorescence spectral data with independent

concentrationmeasurements based on dissolved organic carbon (DOC) measurements
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determined independently using Partial Least Squares (PLS) regression. The proposed FSS
approach was suitable for quantifying and differentiating HAd FAlike NOM with good
accuracy showing its potential for quantification of NOM in compleater matries of

natural water.

Keywords: fluorescence spectroscgppartial least squares regressiamatural organic

matter soft sensor

5.1 Introduction

The presence of natural orgamnatter (NOM) in natural waters creates many challenges for
drinking water treatment and distribution operations such as increasing the distribution of
organic micrepollutants, promoting undesirable biological growth in distribution systems
(Christy et al, 2000, the formation d disinfection byproducts (DBFP during
disinfection/oxidation of waterMarhabaet al, 1999 and membrane fouling.Since the
extent of these negative effects is dependent on different NOM fractions spobieds,
humic acid(HA)-, fulvic acid (FA) andpolysacchariddike substancesunderstandingheir
characteristics andeveloping tools tguantify the fractionsarerequiredfor the development
and theimplemenation of monitoring and contradtrategies. Even thougla, numler of
characterization methodsr NOM have been reportetigberet al, 1992; Heret al, 2003,

the reliable quantification of different fractions of NOM in natural watesing simple

methodsemains as a major challenge.
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The heterogeneous and compleature of NOM presents some unique challenges when
using established characterization techniqu&hrigty et al, 200Q. Most of the
characterization methodsi@beret al, 1992; Heret al, 2003 requireconcentration and/or
fractionation of NOM before analysis due to thémited sensitivity to the lowNOM
concentration levels found maturalwater Peiriset al, 200§. Aside from being unsuitable

for online applications, the existing characterizatio methods are time consuming,
expensive, complex and are based on difficult analyses that require operator experese (

al., 2003. In this context, fluorescence spectroscopy has received significant attention for the
characterization of NOM and shovwgood potential foron-line monitoring, as minimal
sample prdreatment and preparati@merequired, high instrumental sensitivity is available
and the technique is nafestructive in naturéCoble et al, 1990; Peiris et al, 2008 and

2009. In this stug, the fluorescence excitatieamission matrix (EEM) approach was used

as it is able to capture specific fluorescence features that correspond to NOM in water (Coble

et al, 1990; Cheret al, 2003; Heret al, 2003; Sierraet al, 2005).

The importance of analyzing all the fluorescence intensities captured at different excitation
(Ex) and emissionwavelength (Em) combinations as opposed to analyzing only major
fluorescence peak positions (pgaikking method) has been emphasized in mangiss for
capturing the heterogeneity of the different NOM fractions in water (@&teal, 2003;
Stedmonet al, 2003). Also, analyses diie full fluorescence EEM as opposed to only the
main peak positions has been observed to provide better sensitivdtyns of identifyig the

changes that occur in NOfvactions inwater (Peiriget al, 2010.
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Some reported characterization techniques, su¢Huasescenc&egionallntegration (FRI)
(Chenet al, 2003 and the PARAFAGpproachStedmoret al, 2003, take into accourdll

the data points in the full fluorescence EENhese techniqueslsohave certain limitations,

for example thé-RI methods based on the dabcdivision of EEMs into smaller regions to
capture all the unique spectral details offed#nt NOM fractions for increased accuracy.
However thereis no systematieonethodto determine the sukegions to be used for these
calculations. PARAFAC in contrast uses all pairs of ExX'Em data in an EEM. The limitation
with the PARAFAC approach is thatt is not suitable forthe quantitative analyses of
different NOM fractions. In this context, considering every data point (i.e. smallest sub
region) in the full fluorescence EEM for analybsve the potentidab accuratelycapture the
heterogeneity ofhe different NOM fractions imatural water. The treatment of all the
intensities corresponding to individual combinations of emissiantation wavelengths as
independent variables will be referred in this study as the fluoresbasee soft sensor

(FSS method

In this study, we report the development oF3S approachwhich proved suitable for
predictng and quantying two typesof HA- and FAlike NOM that are present in natural
water Grand River water (GRW), (Southwestern Ontario, Canada) wadesklecrepresent
FA-like NOM in water as it contains predominantly #ike NOM. This was confirmed by
separate studies: (1) that included the GRW samples ughi istudy (Peiriet al, 2010
and (2) pHbased separath of HA- and FAlike fractionsin GRW following the work by
Aiken (1985) addemonstrated in Chapter @RW was also chosen assaurce of FAlike

NOM within a more representative complex natural water matrix. Aldrich humic acid (AHA)
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was chosen to represent Hike NOM in natural waterEven though AHA is largely a sell
basedsubstance (Malcolm and MacCarthy, 1986), it is reasonable to askamidA-like

NOM, present in natural water, takes its origin from the soil closer to the water sources.
However, the fluorescence EEM of AHA demoagts closer resemblances to fluorescence
EEMs of natural water based Hke matter Parlantiet al, 2000; Sierraet al, 2005). This

was also verified in the fluorescence EEM of the HA fraction of GRW obtdoikaving

the work by Aiken (198p (Chapter4). Furthermore, AHA has been widely used as a
surrogate for HAlike NOM in many water research studies (Jeanretaal, 2007; Jermann

et al, 2009).The rationale in using the proposeghnique for mixtures of GRW and AHA is

that it is possible to tedghe prediction accuracy of the method for different specified

concentrations of AHA and GRW priori.

The ability of this approach to differentiate and quantify-Héd FAlike NOM within
complex water matrices would be helpful for researchers whaq shel impact of these

NOM fractions on membrane fouling and DBP formatiohis Iproposed that this approach

can be extended to other NOM fractions in natural water (work in progiésskoft sensor

was designed by correlating fluorescence EEM data @MNsamples with corresponding
dissolved organic carbon (DOC) measurements determined independently. Partial Least
Squares (PLS) regression, a multivariate statistical technique, was used for developing a
calibration model which correlates the intensityadat full fluorescence EEMs of water
samples containing different concentration levels of two types of NOM with the

corresponding concentration values measured in tern®O& (mg/L). The choice of PLS
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regressionis justified by its ability to handle theidh collinearity present amonthe

fluorescence EEM intensities (Elshereetl, 2009.

5.2 Materials and Methods

The twosourcef NOM used for sample preparation in this study WeRW (collected on
October 15, 2007) andHA obtained from Sigma Aldrich Inc., St. Louis, MO (batch #:

04013JD, humic actidodium salt

5.2.1 Sample Preparation.

A stock solution of AHA, about 2 g/L, was made by dissolving 2 g of AHA in NQlli

(Millipore) water fesistivity = 18.2 MV cm). The AHA stok solution was subsequently

diluted in Milli-Q water to prepare diluted concentratioh®\HA solution as needed. All the

samples withdrawn from the stock solution to prepare diluted AHA samples were filtered
using 0.45 em Nyl on K& torreamdve particutate patter.s yor then g e  f
same reason, GRW (about 4 L) -6GvMetice®l45rom f il t e
disc filters. The DOC content (mg/L) of GRW and AHA solutions was also recorded using

an OFAnalytical TOC analyzer (Model 1010,ollege Station, TX) with a wetxidation

method as described in Standard Methods (2005) 5310D. Different amounts of GRW and

AHA were then used to prepare calibration and validation sample sets as explained below.

74



5.2.2 Calibration Sample Sets

Four sets of sant® mixtures with 10 samples in each sewere made with each set
containing different amounts of AHA and a fixed amount of GBAIndicatedn Table5-1.
Differentconcentratioa of GRW for a givensetwere obtainedy usingdifferent dilutiors of
GRW (10%, 25%, 50% and 75% of the original strength or 0.65, 1.63, 3.25 and 4-88 mg
DOCIL, respectively). In this way, the total DOC (i.e. DOC of AHA and GRW) in the
overall calibration sample set was varied from + 10 mg-DOC/L to cover typical DOC
reportedin natural surface watef($hurman, 1985) The DOC content of GRW and AHA in
each smple was estimated based on the DOC contertI@E/L) of the original GRW and
AHA solutions used for sample preparations. To exartheeeproducibility of the sample
preparation method, two sample mixtures from each set were randomly selected to prepare

sample triplicates

5.2.3 Validation Sample Sets

In addition to the calibration set, another four sets of sample$4 Eamples in each set and
53 samples in total) wenerepared following the same procedure as above, with each set
having one of the four dition levels of GRW that was used in the calibration sanfpiasle

5-1). The AHA concentration of each sample was different fromAtH& concentratiorof

the corresponding calibration sample set.
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Table 5-1 Concentrations of AHA and GRW in the calibratemd validatiorsample sets

Calibration set

Validation set

Sample # 1 2 3 4 5 6 7 8 9 10
(mg-DOCI/L) (mg-DOCI/L)
06 08 18 34 44 56 64 7.4 ¢
* *
Sample AHA| 05 10° 15 20 25 30 35 40" 45 50 g% 175 149
setl GRW 0.65 0.65
04 08 16 26 34 48 62 72 ¢
* *
Sample AHA| 05 10 15 20 25 30 35 40 45 50%| % 100 155 135" 145
set2  Grw 1.63 1.63
06 14 24 34 46 56 7.2 82 !
* *
Sample AHA|05* 10 15 20 25 30* 35 40 45 50 7.7 7, "
set 3 GRW 3.25 3.25
Sample AHA| 05 10 15% 20 25 3.0 35* 40 45 50 g'g 1'055 2'15103'5122"5145i5 B9 Ao ¢
setd  Grw 4.88

4.88

* - denotes samples made in triplicates to examine reproducibility of the sample preparation method.
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5.2.4 Fluorescence Analysis

The fluorescence EEMs of each sample was recorded, using a VarianECgye
Fluorescence Spectrofluorometer (Palo Alto, CA) by scanning 251 individual emission
spectra (353 600 nm) at sequential 10 nm increments of excitation wavelengths between
250 and 380 nmA detailed description of the fluorescence analysis proeedund the
selection of the spectrofluorometer parameter settings used for obtaining reproducible
fluorescence signals, especially for low NOM concentrations levels, is found in &aitis
(2008 and 2009. Corrections for inner filter effects were nqgipied as inner filtering
effects were not expected to be significant at the low concentration levels within the
calibration range examined (Hudsenal, 2008). To eliminate water Raman scattering and

to reduce other background noise, fluorescence spectra forQWillater, obtained under the
same conditions, were subtracted from all spectra. During the course of the fluorescence
analyses, the Raman deging peak intensity recorded for Mil) water at EX/Em ~ 348
nm/396 nm was less than 1%, confirming that there were no significant fluctuations in the
performance of the spectrofluorometer lamp or other hardwéue.pH of allthe samples

were adjustedo ~ 8.2 to match the pH of GRW using high purity 0.1 M HCI acid (99.999%)

and 0.1 M NaOH (99.998 %) befatee fluorescencanalyses

5.2.5 Soft-sensor Development

The fluorescence EEM of each sample contained 3514 excitation and emission coordinate
points. The fluorescence intensity values corresponding to all 3514 coordinate points
(spectral variables) of each EEM wemarranged according to the fluorescence EEd

rearrangement proceduresdebed in Peiriet al. (2010 and Elshereeét al. (2006). This
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procedure generated a 40 x 3514 data matrix (Xc) from the calibration sample set and a 53 x
3514 data matrix (Xv) from the validation sample set. Each row edettdata matrices
corresponded tmne sample and the intensity values of the corresponding EEM were
arranged over 3514 columns. Timeasured DO®alues of AHA and GRW for each sample

of the calibration set was also arranged into a 40 x 2 data matrix (i¥it)each row

containing the DOGontentof AHA and GRW.

The Xc and Yc data matrices were then used as the predictor data set and the response data
set respectively to develop a calibration model using PLS regreB&iSregression analysis

is a weltknown technique for developing calibration models which can be used to correlate
between multiplenput variablesand multiple response variablek the current study, the

input variables are thuorescence spectral variables Xc and the response variablare

the NOM concentrations measurements in. Y&®LS is also able to handle problems
associated with noise and collinearity present among these fluorescence spectral variables.
Essentially, PLS regression analysis extracts a smaller set of underlyinganables that

are uncorrelated, mutually independent (orthogonal) and mathematically represented by
linear combinations of original predictor variables. These linear combinations, refeagd

latent variables (LVs), are calculated to account for ashnof the manifest covariance
existing between predictor data (Xc) set and the response data set(ivicgt(al, 1992.

Both Xc and Yc data sets were meaantered before PLS regression analysis. The optimum
number of LVs and the goodness of predicti¢@9 were determined by a cresalidation
algorithm Wold et al, 200). The \alidation data set (Xv) was subsequently usetést the

prediction accuracy dofhe developed calibration modeéll computations were performed
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usingthe PLS Toolbox 3.5 (Eignvector Research, Inc., Manson, WA) within the MATLAB

7.3.0 computational environment (MathWorks, Natick, MA).

5.3 Results and Discussion

The fluorescence EEMs of AHA and GRW are showRigure5-1aandb, respectively. The

EEM peak position oAHA (Figure5-1a) is located at EX/Em 290 nm/490 nm. The EEM

peak (U) of GRW, | ocat ed at Figueb-Bns withindh20 n m/ ¢

range reported fadfA-like NOM (Cobleet al, 1990;Sierraet al, 2005). In addition to peak

(0, a second peak (b) which aktalp2005;0Peirise s p o n c

et al, 2008) , appears to be present in the f
270nm/460nm.Figure 5-1c shows fluorescence EEM when AHA and GRW are mixed
together The concentrations of the AHA and GRW in this mixtare about 2 mgpOC/L

and 16 mgDOCI/L, respectively The mixture also has the two peaksserved folGRW

with peak (92) Il ocated at Ex/Em ~ 310 nm/ 420

at ExX’Em ~ 280nm/455nmln addition to these peaks, the EEM of the mixture has spectra
characteristics that are distinctly different from those seen on the EEMs of the individual
components. These differences are primarily due to the presence of AHA and GRW in the
mixture. As the concentrations of AHA and GRW are varied in the mixturesrdbulting
fluorescence EEMs were also observed to vary (results not shown). When comparing the
fluorescence intensity values of both peak

for randomly selected sample mixtureJakble 5-1), the standard deviation (n=3)
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corresponding to mixtures did not exceed 5% of the average peak intensity in all cases,

confirming the reproducibility of the sample pegation method.
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Figure 5-1 Fluorescence EEM of (a) AHA (b) GRW and (c) a mixture of AHA and GRW.

5.3.1 Calibration Model Development

The spectral differences seen in the fluorescence EEMs of the miaurdsgferent
concentrationof AHA and GRW were used to quantify and differentiate the amounts of
AHA and GRW in the sample mixtures. By correlating the intensity reading of 3514adpectr

variables in the data matrix Xc with the corresponding concentrations of AHA and GRW in
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the data matrix Yc, the PLS regression analysis resulted in a regression model with a
relatively small number of statistically significant LVs. The optimum numbeil\é$
statistically significant for accurate predictions was determined as three using therleave

out crossvalidation method@in et al, 1992; Woldet al, 200). The resulting calibration
model with these three LVs demonstrated a goodness of predimtieross validation of
about 98%, capturing 97.7% of the variance in the Xc matrix and 98.3% variance in the Yc
data matrix. The rest of the variability is assumed to be due to experimental error and
instrument noise. The model prediction res(isxt ®ction) will demonstrate how thESS
approachwas able to perform quantification and differentiation of each component in the
mixtures of AHA and GRW. Model predictions were generated using the validation data set

(matrix Xv).

5.3.2 Model Predictions within Calibration Range

Model predictions of AHA concentrations in four different GRW concentrations obtained by
dilution are comparedvith measured DOGralues Figure 5-2). Figure 5-3 contains a
comparison of the prediction of GRW concentrations correspgrtdithe different dilutiors
examined. The points identified by dashed circlEgyyre 5-2 and Figure 5-3) are the
predictions obtained outside the calibration range of AHA. All predictions, that correspond to
DOC values within the calibration range (6.5.0 mgDOC/L), show very good agreement
(Figure 5-2a-d). The maximum prediction error is in the order of 0.5-D@QC/L which
corresponds to approximately 10% of the total variation of the AHAewmation. Model
predictions are also quite accurate for the GRW equivalent DOC that fall within the

calibration ranggFigure 5-3). The maximum prediction error is in the order of 0.2-mg
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DOC/L which corresponds to approximately 5% of the total variaifdhe concentration of
GRW. Thesemaximum erras areonly occurrirg for a small percentage of the cases tested
Prediction errors of AHA and GRW concentrations in many instances do not exceed 5% and

3%, respectivelyof the total variation in concentration values within the calibration range.
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Figure 5-2 Predictions of the quantity of AHA mixed into GRW, diluted up to (a) 10%, (b)
25%, (c) 50% and (d) 75% of its original strength. Predictions outside the calibration range

are circled. The straight line thorough the points, represents a perfect matcerbétee
measure@nd predicted values.
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5.3.3 Model Predictions outside Calibration Range

Although the predictions are very accurate for points within the calibration range, the
accuracy degrades for conditions outside this raifge.maximum prediction error, inigh

case, is however under 22% and 8% of the total variation in concentration of AHA and
GRW, respectively Figure5-2a-d andFigure5-3). The AHA concentrations, that exceed

the upper limit of the calibration range, were under predicted for all dilution levels of GRW.
This reflects the fact that there is a Rlamear correlation present in the fluorescence data,
possibly due to inner filter effects, at higher AHA concentrations as manifested in terms of
under predictions beyond tlupper limit of the calibration range. A fadr discussion on this
nonlinear behaviour is presented in Supplementafgrmation §l) Section5.5.1 The PLS

algorithm used in this study can only generate efethat have linear combinations of LVs.

83



Therefore, t he cal i br at i elinear rhehdvur &een hene asb i |

generally acceptable.

In spite of theobservedshortcomings for concentrations outside of the calibration range,
predictionresults demonstrate that the calibration model, generated by PLS regression, was
able to differentiate and predict the individual AHA and GRW concentsatoth good
accuracy inside the calibration range. The model also showed good predictive abilities
considering the overlapping of the fluorescence EEM of AHA and GRW examined in this
study Figure 5-1a-c) which generally makes it rather difficult fredict their individual
contribution when these species are present in a mixture. The performance of the calibration
model, using DOC for two different sources of NOiMystratesthe potential of thiFSS
approach for fast and reliable quantification of NOM in water. The limitation of this model in
predicting concentrati@outside the calibration range may be improved by adopting & non
linear quadratic PLS algorithnWold et al, 1989. A nonlinear PLS wvould require a larger
number of calibration coefficients resulting in increased sensitivity to noisace $he
calibration range selected in this study covers typical DOC |évelsatural surface waters,

no effort was made to improve model predictionsside the calibration range

5.3.4 Physical Relevance of Latent Variables

The calibration model developed in this study is a linear combination of three LVs. The
predictor variables (spectral data) in the predictor data set (X) are linearly combined to form
each LV by assigning appropriate weight values (weight loadings) to all predictor variables.

This process therefore establishes a corresponding weight matrix (W) for each LV. Hence, by

84

t



examining W matrices, one could understand which original predict@bles in X space,

i.e. which combinations of excitation and emission wavelengths would be most important
within the LVs(Wold et al, 2001). Sincehigh weights are assigned to thariables in X
space that are highly correlated with Y variables (respdasa set), the weight loading
matrices can be used to understaviuch variablesin the X space i.e. intensities of the
fluorescence EEMat specific combinations of excitation and emission wavelengimain

most of the variabilityn Y spacei.e.the DOC measurements.
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Figure 5-4 Weight loading values plotted at their corresponding excitation/emission

wavelengths; (a) weight loading matrix on the first latent variable (LV1), (b) 3D

representation of weight loadings on LV1, (c) weight loading matrix on the second latent
variable (LV2) and (d) 3D representation of weight loadings on LV2.
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When the weight loading values of the first latent variable (LV1) were plotted (overlaid) on
the corresponding excitation and emission wavelengths of EEM, a weight loading peak (w1)
at EXEm ~ 320 nMd20 nm was observedFigure 5-4a & b). An identical weight loading

peak for LV1 was obtained when the same spectral data were correlated witlltf@Haét

and GRW) concentrations of the mixtures using PLS regression (results not shown).
Therefore it can be concluded that the peak) @nd consequently LV1 idominant in
explainingthe total DOC concentration of the sample mixture. The weight loa@ilugs of

the second latent variable (LV2), plotted following the same procedure, shows a peak (w
and a valley (%) at EXEm ~ 310 nm /380 nm and EXEm ~ 295 nm /525 nm respectively
(Figure 5-4c & d). The peak (w) and the valley (3 are situated in the corresponding
neighbourhoods of the main peaks observed for the individual spectra of GRW and AHA. In
addition, when the calibration model had only one LV (LV1), no differentiation of AHA and
GRW was possibleAs a result it can be oncluded that LV2 is responsible for
differentiating the concentrations of AHA and GRW from the concentration of the total
mixture by assigning large positive weights for the GRW region and large negative weights
to the AHA region of the fluorescence EEM.similar distribution of weights was seen in

the weight loading matrix of the third latent variable (LV3) with a peaj and a valley (¥)

at EX’Em ~ 280 nm /350 nm and Ex/Em ~ 310 B&b/nm, respectivelyrgsults not shown).

The inclusion of LV3 was ecessary to improve the model accurasydeduced from the
improvements observed in the root mean square errors of the model predictions with three
latent variables against two latent variables. Both root mean square error of calibration
(RMSEC) and crosyalidation (RMSECV) decreased as thember of LVs used in the

model was increased. The number of LVs was limited to three as the inclusion of the fourth
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LV caused the RMSECYV value in the prediction of GRW concentrations to increase (results

not shown).

5.3.5 Significance of the FSS Approach Compared to Other lkorescencebased

Methods
A similar PLSbased modealeveloped using the FRI approd€henet al, 2003) to quantify
AHA and GRW concentrations resulted imodel predictionghat weresignificantly less
accurate compared to theSSapproach $1 Section5.5.2). In addition, thecalibration model
developed using the FSS approach was found to be less sensitive to measurement noise than

a model obtained with the FRI method &ction5.5.2.

The fluorescence pegkcking method was unable tde-convolute the noitinearly
correlated EEM intensities of AHA and GRW and was therefore not suitable for
guantification and differentiation of AHA and GRW concentrations as demonstratdd in S

Section5.5.3

5.4 Conclusions

This study demonstrates how a calibration model developed using the FSS approach and PLS
regression was able to quantify and differentidde and FAlike NOM present iracomplex

natural water matrix. This was demonstrated by using AHA and GRW to represeahtiA
FA-like NOM, respectively in this study. In particular, this approach was suitable for

guantifying AHA and GRW concentrationshidifferent mixtureswith good accuracy for
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conditions within the limits of the calibration range. The lower accuracy of the model
predictions of AHA and GRW concentrations outsideupper limit of thecalibration range
was attributed tdhe nontlinear @rrelationpresent in the fluorescence data. Compared to
other available NOM characterizimgethodsthe FSS approach shows bettecuracy and is
less sensitiveéo noise. This proposed approach providagpromising methodology for the

guantification of N/ in natural water.
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5.5 Supplementary Information

5.5.1 The Nortlinear Behaviour of the Predictions at High AHA Concentrations
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Figure S- 5-1 An example of no#inear behaviour manifested in the predictions of AHA:
(@) prediction of AHA concentration represented as function of calculated AHA

concentration and (b) residual plot of model predictions. Predictions outside the calibration
rangeare ¢rcled.

The nonlinear behaviour present at higher AHA concentrations is further evident when
Figure5-2 in the manuscripts is closely examined. In particular, it could be shown that the
predicted AHA concentration can be represented as a second order function of estimated
AHA concentration for all GRW dilutions considerdéigure S- 5-1a demonstrates this
phenomenon with the model predictions for AHA mixed into GRW, diluted up to 25% of its
original strength. In addition, the residual pléigure S- 5-1b) which demonstrates the
prediction error against the model predictiaisAHA mixed into GRW, diluted up to 25%

of its original strength, shows ¥wothe prediction error is distributed randomly below the
upper limit of the calibration rangeetween 0.2 aned.2 mgDOC/L and how it generally

increases above the upper limit of the calibration range. Comparatively poor predictions in
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this range are atbuted to the absence of a quadratic term in the calibration model as
indicatedby the parabolic trend line drawn on the residual gagure S- 5-1b). Similar

observations were obtained for all other dilution levels of GRW (results are not shown).

5.5.2 Quantification of AHA and GRW using a Calibration Model Based on FRI
Approach

The physical relevance of LV2s related tothe differentiation of AHA and GRW

concentrations from the total mixture concentrations. To demonstrate this phenomenon in a

more practical perspective, the FRI approach (Céteal, 2003) was used to develop a

similar calibration model as presented liststudy using PLS and the full EEM spectrum.

Another objective of using the FRI approach was to compare the accuracy of the predictions

obtained using the fluorescerbased soft sensor approach with the FRI approach.

In the FRI approach, the EEMs df AHA and GRW mixture samples were divided into two
regions (AHAregion and GRWregion) based on the established peak locations of AHA and
GRW as shown ifrigure S- 5-2a. The exact positions of this division were based on the line
that divides the peak and valley regions in the weight loading matrix of the LV2 as
demonstrated ikigure S- 5-2b. The quantification of AHA and GRW was then based on the
volume beneath the EEMs of AHA and GRW mixture samples using Equ&itiénl. Using

I( & @), the fluorescence intensity at each excitagamssion wavelength pair, the volume

(V) beneath region Ai o of the EEM can be cal
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é. a. 1(/ ex’/em) D/exD/ em (Si 5.1

ex em

wher gi seat he excitation wavel en gpytshthe enmssienr v a |
wavelength interval (taken as 1 nm). The volumes calculated under therdgit#a, the
GRW-region and the total EEM of each sample were correlated with the corresponding DOC

content of GRW and AHA to develop a calibration model using PLS regression.
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Figure S- 5-2 Two regions of the fluorescence EEM used in the FRI analysis. (a) EEM of
GRW and (b) weight loading matrix of LV2.

The model developed using the FRI approach was able to quantify AHA with reasonable
accuracy while the FRI model predictions of GRW coneginns were comparatively less
accurate in most casegaple S- 5-1). Nevertheless, the ability of the FRased model to
differentiate AHA and GRW emonstrates that the division which was based on the peak and
valley present in the weight loading matrix of LV2 was reasonable and further strengthens
the argument regarding the physical relevance of LV2. However;b&sdd model

predictions are significaly less accurate compared to the fluorescdrased soft sensor
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approach Table S- 5-1). This can be explained by the fact that the latter appraaalyses

every datgoint (smallest suegion) of the EEM capturing most of the variability present in

the fluorescence spectra while the FRI approach only lumps the information of large regions
into one independent variable thus losing some of the ioom contained in the data.
Therefore the FRI approach is only able to capture the variability present in the data to a

limited extent.

Table S- 5-1 Comparison of model prediction error in terms of thil variation in DOC
concentration for GRW and AHA between fluorescebased soft sensor and FRI
approaches.

Prediction error (%)

Fluorescencebased soft senso FRI
AHA GRW AHA GRW
Inside calibration range
Maximum error 10 5 24 22
Error inmost cases <5 <3 <12 <18
Outside calibration range
Maximum error 22 8 36 20

In addition, the sensitivity of both methods to measurement noise was examined by
introducing random 5% artificial measurement noise for fluorescence EEM intedities
randomly selected samples covering the entire validation data set (Xv). When these
fluorescence data with artificial measurement noise were used for predictions, thaseRlI
method performed poorly compared to the fluorescérased soft sensor methadthin the
calibration range. In particular, with the fluorescebesed soft sensor method, the
maximum prediction error of AHA and GRW concentrations did not change significantly

from the values given iffable S- 5-1. However, with the FRbased method, the prediction
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accuracy of AHA and GRW concentrations was greatly affected (results are not shown).
Therefore it can be concluded that the fluorasedased soft sensor method is less sensitive

to measurement noise compared to the-lfd&dled method.

5.5.3 Significance of Fluorescencebased Soft Sensor Approach Compared to
Analyzing Only Major EXEm Peak Positions Peak-Picking Approach)

When only theEX/Em peak intensities of AHA and GRW were taken into account, the

intensity readings were not linearly correlated with the concentratiogaré S- 5-3a and

b). Hence, using major EX/Em peak positions, it is impossible to develop a calibration model

that could quantify the concentrations of the individual substances independently from a

mixture of GRW and AHA. PLS regression is able to solve thiblpro by deconvoluting

these nodinearly correlated EEM intensities captured using the fluoresdeased soft

sensor approach.
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Figure S- 5-3 Comparison of main peak intensities(@j AHA (Ex/Em: 270nm /460 nm)
and(b) GRW (Ex/Em: 320nm /415 nm) at different concentration levels for randomly
selected samples in the calibration set presentttsichapter
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CHAPTER 6

Fluorescencebased Rapid Identification of Different Natural
Organic Matter Fractions for Drinking Water Treatment

Applications

Overview

Rapid and accurate monitoring of natural organic matter (NOM) in drinking water treatment
and distribution systems is essenf@ maintaining efficient water treatment processes and
protectionof public health. The individual and combined contributiongdiffierent NOM
fractions such as proten humic acid, fulvic acid and polysaccharideke substances
present in natural water contribute to membrane fouling, disinfectigordgucts (DBP)
formation and undesirable biological growth in drinking water treatment processes and
distribution systems. Most of the NOM characterization methods that are available are not
suitable for differentiating all these NOM fractions and are not amenableidoaradyses. In

this research, a fluorescence excitatonission matrix (EEM)pased calibration model was
developed as a rapid NOM identification method. Partial least squares regression (PLS) was
used to develop this calibration model by correlating ftherescence intensities of water
samples that contained surrogate NOM fractions with their corresponding dissolved organic
carbon concentrations. Nat u rlactalboumin ane alginwat er |,
acid were used as surrogate NOM fractidosrepresent fulvi humic, proteir and

polysacchariddéike NOM fractions, respectively. The proposed approach was found to be
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suitable for accurately identifying changes of different NOM fractions for the water samples
used in this study. In additiothe feasibility of this approach for identifying the extent of
interaction between polysacchardmd proteidike NOM fractions was also demonstrated.
Hence, this proposed methodology could have applications in identifying/monitoring the
extent of the rative changes that occur in different NOM fractions in water and the
interactions between polysaccharided proteidike NOM in water treatment processes and

distribution systems.

Keywords: drinking water treatmentfluorescence spectroscopgatural organic matter,

membrane foulants, partial least squares regression.

6.1 Introduction

Rapid monitoring of natural organic matter (NOM) for various drinking water applications is
becoming increasingly important to ensure the reliability of water treatment processes and
distribution system performance in the context of maintaining watermesat process
efficiency and protection of public health. For example, NOM in water causes membrane
fouling in membrandoased drinking water treatment due to the accumulation of NOM on the
surface and/or in the pores of the membranes. As a result, tleasesrthe operational costs

due to increased pressure requirements and the cost associated with increased energy,
backwashing and chemical cleaning requirements. NOM also promotdssirable
biological growth indrinking waterdistribution systemsGhristy et al, 2000 andincreases

the potential for the formation ofdisinfection byproducts (DBP) during

disinfection/oxidation othe water (Marhabaet al, 1998).These negative effects may occur
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as a result of the individual and combined contributionsnajor NOM fractions such as
proteinlike, humic acidliike, fulvic acidlike and polysaccharidéke substancesHumic

acid- and fulvic acidlike NOM fractions have a gater potential for forming DBEompared

to protein and polysaccharideke NOM fractions (Marahabaet al, 2000). Also, the
interplay between the major NOM fractions could lead to different membrane fouling

behaviour during the production of drinking water (Jermeatred., 2007).

Unpredictable rainfall and snow melting patterns that vaig due to shoterm changes in
weather conditions can often be the source for rapid changes in NOM composition and
concentration levels. Rapid and accurate monitoring tools that could be used to identify the
changes in different NOM fractiorsse requied for the development and the implementation

of strategiesto mitigate the negative effects of NOM for drinking water treatment and

distribution systems.

The methods available for rapid monitoring of water treatment (drinking and wastewater
treatment) gstems such as conductivity, total organic carbon (TOC) content and,
transmembrane pressure for membrane filtration systems (Hendstrs&bn 2009) do not
provide detailed information related to the changes in the characteristics of NOM in water.
Most available NOM characterization methods (Hudteal, 1992; Heret al, 2003;Gray et

al., 2007) are neither suitable for differentiating thajoan NOM fractions nor can they be

used for rapid analysis. Furthermore, these methods are generally expensive and lack the
sensitivity to provide direct and accurate analyses of very low NOM concentrationdsvels

found in nanofiltration (NF) permeatéPeiris et al, 2009) In this context, fluorescence
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spectroscopy is gaining significant attention for the characterization of NOM and shows good
potential for online or rapid offline monitoring, as minimal sample pir@atment and
preparation is needed high instrumental sensitivity is availalfféobleet al, 1990; Peiris

et al, 2008).

Various fuorescencepectroscopitechniquedave been used siudy NOMcharacteristics

in water(Cobleet al, 1990; Baker, 2001; Chest al, 2003; Heret al, 20, Sierraet al,

2005; Hudsonet al, 2007; Hendersonet al, 2009. Fluorescence excitatieemission
matrices (EEM)f natural watecontain specific fluorescena@aformationthat corelatewith

humic, fulvic- andproteinlikes pe ci e s 6 cintarmseohfluoreacenceointessitiat
different excitation wavelength (Ex) and emission wavelength (Em) combinafibadight
scattering regions present in thi@orescence EEMs can also provide information related to
the particulate/colloidal matt@resent in wateWyatt, 1993 Stramskiet al, 2005; Peiriget

al., 2010). Unlike the fluorescence single scan approach (i.e. collecting data for only the
maximum fluorescence peak), fluorescence Efroachhas been shown to be capable of
capturing thesubtle changes that occur in the NOM content of water over a wide range of
dissolved organic carbon (DOC) concentrations that arise due to seasonal effects or other

changes, without prdilution or preconcentration step®éiriset al, 2009).

Most of tre reported fluorescence EEbAsed techniques for NOM characterization have
consideredonly major fluorescence peak positions (pgatking method) out of the entire
fluorescence spectrum that contain thousands of waveledegéndent fluorescence
intensitydata points Chenet al, 2003. These techniqudsave been founthcking in their

ability to capture the heterogeneity of the different NOM fractions in water and thefore
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not provide accurate characterization of specific NOM fractigdso, the u® of the full
fluorescence EEM as opposed to usiogly the main peak positionprovides better
sensitivity in terms of identifying the changes that occur in different NOM fractions and
particulate/colloidal matter in water (Peirgs al, 2010). Some repded characterization
techniques, such adubrescenceregional integration (FRI) Chenet al, 2003 and the
PARAFAC approach(Stedmonet al, 2003, do take into accourdll the data points in the

full fluorescence EEMand are therefore better suited fdOM characterization in water.
However, these methods do not characterize all the above mentioned\i@®&jbfractions

especially the polysaccharitike NOM or the interactions between different NOM fractions.

In this study, a ltiorescenceEEM-based approach is proposed thas suitable for

differentiating the major NOM fractions in water and for estimating the extent of relative
changes in these NOM fractions that occur for different water treatment processes. The
advantage of the approach takenrehisrthat it can be used to acquire this information quickly
and to characterize polysaccharlde NOM and its interactions with protelike NOM.

The proposed approach could serve as a rapid monitoring tool for estimating the relative
changes in NOM fretions present in water, which would be very helpful for researchers,
plant operators and engineers who are interested in studying the effects of NOM in drinking
water treatment applications and distribution systems, and for developing monitoring and

contmol strategies to better manage these systems.

This approach is based on earlier work for acquiring reproducible fluorescence spectra for

NOM at very low concentrations (Peirez al, 2009). In the current study, a calibration
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model was developed by celating fluorescence spectroscopic data with independent DOC
measurements for four different surrogates representingdper fractiors found in NOM.

The interactions between the major NOM fractions are also discussed. Radtatjliares
regressior(PLS), a multivariate statisticaéchnique was used for developing the calibration
model which correlates the intensities captured within the full fluorescence EEMs of water
samples containing different concentration levels of NOM fractions with thegsmnding

DOC concentrations. The use of PLS is justified by its ability to handle the high collinearity
present among fluorescence intensity measurements captured across tiE|&ieveefet

al., 2009.

6.2 Methods

6.2.1 Experimental Approach and Rationale

Surogates were selected that represent the four major NOM fractions found in natural water.
GrandRiver water(GRW) (Souttwestern Ontario, Canada; collectedJume22, 20(B) was
selected to represent fulvikke NOM in water as river water sources have besgorted to
contain predominantlyfulvic acidlike NOM (Huck, 1999; Sierreet al, 2005) Aldrich

humic acid (AHA) obtained from Sigma Aldrich Inc(St. Louis, MQ batch #: 04013JD,
humic acid, sodium s3jtwas choserio representiumic acidlike NOM in naturalwater.

Even though AHA is largely a sdilased substance (Malcolm and MacCarthy, 1986), it is
reasonable to assume that humic dikid NOM present in natural water takes its origin from

the soil closer to the water sources. To represent prltkei and polysaccharidike NOM

fract i on sactalbuminv(@Al) and alginid acid (AA), respectively were selected. AL,
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a major whey protein, was donated by Davisco Foods International, Inc., (LeSueur, MN; Lot

#: JE 0073-921). AA was obtained fra Sigma Aldrich Inc., $t. Louis, MQ Lot #:
100K0219 alginic acid, sodium salt GRW, AHA and AL demonstrated similar
fluorescence spectral properties to that of fulike, humiclike and proteidike NOM,
respectively that are present in natural wétesults discussed in detail later). AA does not
fluoresce, and hence does not have a specific fluorescence signature. AA has often been used
as a surrogate polysacchardes NOM in water research (Kweaet al, 2005; Jermanet

al., 2007). Its selectio could be further justified by examining iiguid chromatography

organic carbon detection (LC-OCD) chromatograms (results discussed latBifferent
amounts ofAHA, AL and AA were then spiked at different concentration levels of GRW

(made by dilutiohto prepare calibration drvalidation sample sets as explained below.

The rationale in using this approach is that when the concentrations of surrogate NOM
fractions change within each sample, spectral properties captured in the fluorescence EEM
also dange in relation to the changes in the individual NOM concentrations. Since surrogate
NOM fractions used in this study demonstrate similar properties to the NOM fractions found
in natural water, it could be expected that the calibration model that rélates spectral
changes to the changes in the DOC content of surrogate NOM fractions could be used as a

model to identify and estimate the changes in the NOM fractions that occur in natural water.

6.2.2 Sample Preparation.
Stock solutiors of AHA, AL and AA, eachaboutl g/L, weremade by dissolving g eachof

AHA, AL and AA, in Milli-Q (Millipore) water ¢esistivity = 18.2 MW cm). For sample
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preparation, these stock solutions were subsequently diluted inQWillater to prepare 20

mg/L AHA, AL and AA solutionsAll the samples withdrawn from the stock solusdo
preparethesediluted AHA, AL and AA solutonswer e f il tered using
Acrodisc type syringe filters to remove particulate matter. For the same reason, GRW was

alsofilterel t hr ou g h -6MetdcBI® typea 47@¥ disc filters.

6.2.3 DOC and LC-OD analyses

The DOC conterst(mg/L) of GRW, AHA, AL and AA solutionswererecorded using an Ol
Analytical TOC analyzer (Model 1010, College Station, T)nga wetoxidation method
asdescribed in Standard Methods (2005) 53100-OCD analyses were performed on a

DOC-Labor, Dr Huber (Karlsruhe/Germany) system (Huber and Frimmel, 1992).

6.2.4 Fluorescence Analysis

The fluorescenceEEMs of each sample was recorded using a Vafiamy Eclipse
FluorescenceSpectrofluorometer(Palo Alto, CA) collecting 301 individual emission
intensities (Em: 300 600 nm) at sequential 10 nm increments of excitation wavelengths
between 250 and 380 nrV-grade polymethylmethacrylate (PMMA) cuvettes with four
optical windows (path length: 10 mm) were used in the analyssfiument parameters
photomultiplier tube (PMT) voltage = 800 V, scan rate = 600 nm/min and
excitation/emission slit width = 10 nm each were maintained during the fluorescence signal
acquisiton. These parameter settirfgms/e been previously identified agtimal for obtaining
reproducible fluorescence signals, especiétly low NOM concentratioa (Peiriset al,

2009) Caorrections forinner filter effects were not applied as inner filtering is unlikely to
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occur at thelow concentration levels examined in this stutjudsonet al, 200§. To
eliminate water Raman scattering and to reduce other background noise, fluorescence spectra
for Milli -Q water, obtained under the same conditiopmgere subtracted fromll spectra.

During the course of the fluorescence analysesRtman scattering peak intensigcorded

for Milli -Q waterat EXEm ~ 348 nm/396 niwas less than 1%, confirming thaetk was no
significant fluctuations in the performance of gpectrofluorometelamp or other hardware.

The samples aremaintained at room temperature 45 °C) during the analyse3he pH of

all the samples was adjusted to ~ 8.2 to match the pH of @G&tig high purity 0.1 M HCI

acid (99.999%) and 0.1 M NaOH (99.998 %) before fluorescence analysis.

6.2.5 Calibration Set

Four sets of sample mixturesvith 15 samples in each setvere made with eacket
containing differenamounts ofAHA, AL and AA and afixed amount of GRWDifferent
concentratioa of GRW for a givensetwere obtainedy dilution of GRW (10%, 25%, 50%
and 75% of the original strength or 0.65, 1.63, 3.25 and 4.8B@1Q/L, respectively).The
concentration of AHA, AL and AA of each sampileadll four sets were varied to achieve the
concentration levels illustrated in the experimental cube design (EEIgQré 6-1). The
DOC content of GRWAHA, AL and AA in each sample wasalculatedfrom the DOC
content (mgDOC/L) of the original GRWAHA, AL and AA solutions used for sample
preparations To examinethe reproducibility of the sample preparation method, sample
triplicateswere made from ea&cset that had AHA, AL and AA concentration combinations

corresponding to the centre point of the EEyure6-1).
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Figure 6-1 Experimentalcubedesign(ECD) used in the sample preparation for calibration
and validation sample sefBhree factors: Aldrich humic acid (AHA), alginic acid (AA) and
( Alhctalbumin) AL are shown here. The fourth factora® River water (GRW), not
shown, has concentration levels0065, 1.63, 3.25 and 4.88 AyOC/L.

6.2.6 Validation Set

In addition tothe calibration set, four sets of sampld® samples in each $etereprepared

with each set having one of the four dilutievels of GRW that ereused in the calibration
samplesAHA, AL and AA concentration levels of each sample in each set were determined
by the center points at the edges of the EEQure6-1). The total DOC (i.e. DO®f AHA,

AA, AL and GRW) in bothcalibrationand validatiorsample set were vaed from ~0.6571

10 mgDOCI/L to cover the typical DOC levefsund in natural surface wate(dhurman,
1985. The individual concentration ranges of AHA, AL and AA were selected to cover
typical concentration levels of humic adikle, proteinlike and polysaccharidike NOM

found in natural water@ hurman, 1985Hallé et al, 2009).
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6.2.7 Analysisof Variance (ANOVA) of Fluorescence EEMs

To understand how the fluorescence EEM intensities are affected due to the changes in
different NOM fractions in water, analysis of variance (ANOVA) was performed on the
fluorescence EEM intensity data. For thisgmse, fluorescence EEMs captured within'a 2
factorial design which contained two concentration levels each of GRW, AHA, AL and AA
were used.For each of the two concentration levels of GRW (1.63 and 3.2B@1Q/L),
concentrations of AHA, AL and AA wereavied according to the levels illustrated by the
closed circles in the ECD iRigure6-1. The fluorescence EEM intensity data of the samples
that corespond to the center point of the ECBigire 6-1) were used to calculate

experimental error that was rsal in the ANOVA analysis.

6.2.8 Model Developmentand Validation

The fluorescence EEM of each sample contained intensity readings at 4214 excitation and
emission coordinate points (i.e. 4214 spectral variables). All of these intensity reaflings
each EEM were rearranged to generate data rows of intensity \eudastrated in the
supplementary information (SI) sectioRigure S- 6-1). This procedure generated6@ x
4214data matrix(Xc) from the calibration sample sahd a 48 x 4214 data matrix\Xfrom

the validation sample sdtach rowof these data matrices corresponded to a sample and the
intensity values of the corresponding EBM&&re arranged over 4214 columns. The DOC
values of AHA, AL, AA and GRW for each sample of the calibration sample set was also
arranged into a 60 x 4 data matrixcf¥vith each row containing the DOC values of AHA,

AL, AA and GRW.
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The Xc and Yc data maticeswere then used as the predictor data set and the response data
set respectively to develop a calibration model using PRIS-igure S- 6-1). PLSanalysis is

a well-known techniquefor developing calibration models which can be used to correlate
between multiple explanatory variablsach as fluorescence spectral variables maKXd
multiple response variablesich as NOM concentrations measurementsdnPLS is also

able to handle problems associated with the noise and collinearity present among these
fluorescence spectral variabldsighereefet al, 2006) Essentially, PLS analysextracs a
smaller set ofunderlying new variables that are uncorrelated, mutually independent
(orthogonal) and mathematically represented by linear combinations of original predictor
variables. These linear combinations, referred to as latent variables (LVs), are calculated to
account foras much of the manifesbvariance as possibleetweenpredictor dataset (Xc)

and the response data $¥tt) (Qin et al, 1992. Both Xc and Yc data sets were mean
centeredbefore PLSanalysis.The optimumnumber of LVsand the goodness of pretons

(Q?) were determined by the leavaeout crossvalidation algorithm(Erikssonet al, 2001;

Wold et al, 200). The wlidation data setXv) was subsequently used on the developed
calibration model to validate the accuracy of model predictiédis.computations were
performed using”LS Toolbox 3.5 (Eigenvector Research, Inc., Manson, WA) within the

MATLAB 7.3.0 computational environment (MathWorks, Natick, MA).
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6.3 Results and Discussion

6.3.1 LC-OCD Characterization of Major Surrogate NOM Fractions

Comparison of Grand River water against the surrogate NOM fractions used in the
development of the calibration model are showRigure6-2. The LGOCD chromatogram

of GRW has two main peaks that correspond to humic substances (HS) and biopolymers at
elution times of 50 and 40 minutes, respectivi@igure 6-2a). These were found to be
similar to most LEGOCD chromatograms reported for natural water (Halléal, 2009;
Zhenget al, 2009. Because HS have a lower molecular weight (MW) than the biopolymers,
the elution time is longer{gure 6-2a). HS consists of fulvic acitlke and humic acidike

NOM but the LCOCD approachis not able to differentiate these two NOMs. The
biopolymers found in rtaral water are comprised of polysaccharide and prditeanNOM,

and as with HS, LECD is also not suitable for differentiating these compong@fitgire

6-2a).
(@) (b)
16 16
—GRW
Humic subst
0" umic substances 0
E T
£ c
2 2
[ T8
Q . Q
0 Biopolymers 0]
(polysaccharide-like
4 1 andprotein-like) 4
0 0 -

30 40 50 60 70 80 90 30 40 50 60 70 80 aC
Elution time (min) Elution time (min)

Figure 6-2 LC-OCD chromatograms of (a) Grand River water and (b) surrogate NOM
fractions used in the developmenttloé fluorescencébased calibration model
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AHA and AA are situateat the same locations of the elution profile as heagid like and
polysacchariddéike NOM in GRW (igure6-2a). This corroborates that AHA and AA have a
similar MW distribution to that of humiacid like and polysaccharidike NOM. The
average MW of AL, on the other hand, appears talite lower than the proteiiike NOM

and closer to HS present in natunalters as demonstrated by the-OCD peak position of
AL in Figure6-2b. This is however expected as the MW distribution of prdikenmatter
presen in naturalwaters can also include the upper limit of the MW distribution of HS

(Jiang, 200Y.

6.3.2 Fluorescence EEMs of Surrogate NOM
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Figure 6-3 Fluorescence EEMs of (a) GRW and GRW spiked with (b) AHA, (c) AA and (d)
AL. Second order Réeigh scattering (SORS) regions in the fluorescence EEMs are
indicated using dashedircles.
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In the fluorescence EEM of GRW, the fulvic atike NOM surrogate Kigure 6-3a) showed

a peak ( U9 326nm/L2& rn, vithioh corresponds to the range reported H&
(Coble et al, 1990) and specifically for fulvic aciike NOM (Sierra et al, 2005).
Additional peaks were also observed includingezondaryp e a k that é&ppeardo be
present in the form of a shalgrto peak 0 yaroundEx/Em = 270nm/460 nm (Figure 6-3a)

which is related to the presence of more huauitl like NOM (Sierraet al, 2005). The
deviations of the fluorescence EEM contours seen in the region (EX/Em: 280 nm/330 nm)
indicated byl is considered to be due to the presence of priterNOM in the water. The
existence of a fluorescence EEM peak around the same ragidmag been previously
observed for proteitike substances (Baker, 2001; Chetnal, 2003; Heret al, 2003).The
proteinlike NOM peak in thal region is not clearly visible due to the very low concentration
levels of proteinlike substances present in GRWigure 6-3b provides the fluorescence
EEM of a mixture in which 3 m@pOC/L of AHA was spiked into 3.25 mDOC/L GRW.

As a result of spiking of AHA the intensitiespals U, b andti increasedMostimportantly,

unlike in the fluorescence EEM of GR(Wigure6-3a), peakh appeared as a con
peak (i . e. not a shoulder to peak U) demons:
for the apparance ofaclear humieacid like peak. Thisupports the suitability AHA as a
surrogate for humiacidlike NOM in natural waters. Addition of AA (1 mBOC/L) into

GRW did not significantly change the fluorescence spectral properties of GR@£ai

Figure 6-3c. Thisis expectedsince AA i a surrogate polysaccharidée NOM, does not
fluoresce(SI Figure S- 6-2). When AL (1 mgDOC/L) was added to GRW, the pe@k
appeaed as a distinct pealfFigure 6-3d) supporting its use as a surrogate for preliks

NOM in water. In addition to these fluorescence regions, the second ordgeigh
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scattering(SORS)regiors were also significantly affeied due to the addition of AHA, AL

and AA into GRWas discussed later.

Figure 6-3ai d illustrate that the changes in the fluorescence EEMs of GRW\Votiturred

after the addition of AHA and AL are due to inherent fluorescent spectral properties of AHA
and AL. These changes which have unique signatures served as the basis for identifying the
changes that occur in theumic acid, fulvic acid and progin-like NOM in water. The
addition of AA into GRW however did not show significantly visible spectral changes.
However due to the expected potential interactions between polysacdilerideatter
(Imesonet al, 1977; Zhacet al, 2009), subtle changes in the spectra were expected to occur.
Therefore, a systematic ANOVA statistical study was performeednderstand how the
fluorescence EEM intensities are affected by changes in the different NOM fraction
surrogates at different noentrations and taletermine whethethere were significant
interactiors betweenthe different NOM surrogates using a factorial experimental desig
(Table6-1). The main findings of this analysis are summarized here whereas a more detailed

version of the results can be founddnTable S 6-1.

1. Both peak () and peakf) intensities are significantly affected by the presence of
AHA and GRW as indicated by the very lowRIue (< 0.01) Table6-1).

2. In addition to these main effects, the pefakiftensity is also significantly affected
by the presence of interactions between pretaimd polysacchariditke NOM
surrogate as denoted by AL x AATiable6-1 (P-value < 0.05).

3. Peak (), is significantly affected by the presence of AL, GRW and the interactions

between AL and AA.
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4. Presencef AA alone doesiot affectfluorescence intensitiesf peaksU, b andui.

5. SORS peaks on the other hand aréeeted by the presence of athur NOM
surrogate. The interactios between AL and AA are also significant in t8BERS
region (Table6-1).

6. Nonlinear behaviour that is present in the fluorescence EEM is mainly due to the

AL T AA interactions that were found to bignificant Table6-1).

Table 6-1 Resultsof the ANOVA thatillustrates the effecdof NOM fraction surrogats on
fluorescence EEM intensities.

EEM peakfiegion ] b U Second order
Rayleigh scattering
Ex (nm)/Em (nm): 320/420 270/460 280/330 (SORS) peaks

Main effects

Aldrich humic acid (AHA) Fkk *okok Kook
Ulactalbumin(AL) Hokk Kook %
alginic acid (AA) Hokok [
GrandRiver water (GRW) ok *kk Hokok *okk
Interactions

AL x AA * * *kk

*** _ highly significant P-value <0.01;* - significant 0.01<P-value <0.05

6.3.3 Model Predictions
The spectral differences seen in the fluorescence EEMs of the miaurdsgferent
concentration®f AHA, AL, AA and GRW were used tdevelop a calibration model to

estimate the DOC content of samples containing different NOM fractions (Séc#dh
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PLS analysigesulted in a regression modek calibration modelwith sevenstatistically
significant LVs. This calibration model withsevenLVs demonstrated a goodness of
prediction (@) by cross validation of abo®8%, capturing 98.3% of the variance in the Xc
matrix and 98.8%f thevariance m the Yc data matrix. The rest of the variability is assumed

to be due to experimental error and instrument noise. The model prediction results
demonstrate(Figure 6-4a - d) how the calibration model performed in estimating the
individual DOC values oAHA, AL, AA and GRWfor an independent validation dataset

(matrix X,).

Figure 6-4a i d shows comparisons betweethe model predictionsand the individual
measured DOC values of all the samples, with different combinations of AHA, AL, AA and
GRW concentrabns, in the validation sample set. These individual DOC measurements
were obtained based on tleiginal DOC measurements of GRW, AHA, AL and AA
solutions used for sample preparatioiedtion6.2.5. All predictions show very good
agreement with the individual measured DOC concentrations demonstrating that the
fluorescencébasel calibration model was suitable for identifying the individual changes in
the concentrigon levels of AHA, AL, AA and GRW in the validation dataséihe maximum
prediction error (MPE) for AHA was about 0.21 mBOC/L which corresponds to
approximately7% of the total variation athe AHA concentration The MPE values recorded

for AL, AA and GRW wereapproximatelyl13%, 15% and 4%, respectively tie total
variation oftheir correspondingoncentratios. These maximum erros only occurred for a

small percentage of the cases tesir@diction errorgor the fraction concentrations in most
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instances i not exceed 3%bH%, 10% and 10%andof the total variation for GRW, AHA,

AL and AA, respectively.
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Figure 6-4 Comparisons between the model predictions and the individual measured DOC
values of (a) AHA, (b) AL (c) AA and (d) GRW in water samples in the validation sample
set. This validation sample set contains different concentration combinations of AHA, AL,
AA and GRW. The error bars represent the maximum error at 95% confidence for the
predictions at each predicted concentration level.
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6.3.4  Significance of the Approach for Identification of Major NOM Fractions

Conventional fluorescendeased NOM characterization techniques such as fluorescence
peakpicking or singlescan methods are not able to effectively capture thelinear
behaviour that was observed in the fluoresceBEM intensities Table 6-1). Since the
spectral variables in fluorescence EEMs are highly correlated, conventional regression
methods such as multivariate least squares lack the ability to identify and distinguish the
changes that occur for different NOM fractions in water. The PLS analysis of full
fluorescence EEMs addressed these issues effectively and thus the major NOM fractions
could be characterized as demonstrated by the predi¢togsre 6-4ai d). In addition to

the NOM fractions that fluoresce, this approach was also suitable for characterizing non
fluorescent polysaccharidiée fractions by utilizing thechanges in fluorescence EEM
regionsthat resulted due to interactions between prdikenand polysaccharidike NOM

fractions.

The analysis$ection6.3.2 demonstrated that the presence of AA in the water significantly
changed thdluorescence EEM intensitieg water samplesT@ble 6-1). The calibration
model was able to capture theses changes and relate them tdahges in AA
concentrations. This could be confirmed by examining gbasitivity spectra of the
calibration model.Sensitivity spectra (Boeh¢t al, 2003) of the PL&$ased calibration
modelsare used to understand the areas in the fluorescence EEMsairthatlevant for
predicting the AHA, AL, AA and GRW concentrations. For each predictor variable (i.e.
DOC content of AHA, AL, AA and GRW)a sensitivity spectrumconsising of the scaled

regression coefficients that correspondexhwavelength combinain in the modelwas
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generatedWhen the sensitivity spectra of predictor variables AHA, AL, and GRW were
examined, the peak of each sensitivity spectrum demonstiatiede resemblance to their
corresponding fluorescence EEM pg8kFigure S- 6-3a, band d) The ®nsitivity spectrum

of the predictor variable AA contained peaks in the regions correspondB@R8 region,
peak 6 ) penkd() of the fluorescence EEMEI Figure S- 6-3c). These EEM regions
were found to be significantly affected by the presence of AA in the sample (Se&ian
and Table 6-1) confirming thatthe model was able to jgre changes that occurred in the

fluorescence EEMs due to the presence of AA.

6.3.5 Characterizing the Interactions between Proteirlike and Polysaccharidelike

NOM Fractions
The PLSbased calibration model performed well in predicting all four surrogat& NO
fractions even with the nelmear behaviour displayed for the fluorescence EEM intensities.
It is reasonable to assume that this-tinear behaviour, which was manifested in terms of
interactions between AL and AA, was captured in the calibration motl@s means that if
the interaction between AL and AA (i.e. AL x AA; indicates multiplication of AL and AA
concentrations) is included as an additional output variable during the PLS model calibration,
the resulting model should be able to predicinges of the interaction between AL and AA
as it did for individual surrogate NOM fractions. When this was implemented by including
AAL x AAO as a new predictor wvariabl e, [
earlier in the PLS calibration, theew calibration model was able to predict the interaction
between AL and AA with good accuradyiure6-5). The MPEwasapproximatelyl2% of

thetotal variation in the scakexamined with MPE not exceeding 10% in most instances
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< Predictions

AL X AA (mg-DOCIL)?, predicted

0.0

_0.5 T T T
0.5 0 0.5 1 1.5

AL X AA (mg-DOC/L)?, estimated

Figure 6-5 Comparsons between the model predictions and the estimated values for
interaction between AL and AA based on measured DOC. The error bars represent the
maximum error 95% confidence for the predictions at each predicted concentration level.

6.3.6 Potential for Process Monitoring and Other Applications

This study demonstrated that the proposed fluorescenceliESbti NOM characterization

was able to identify changes in individual surrogate NOM fractions with good accuracy.
Since this approach was developed basedswurrogate NOM fractions that have similar
properties, as confirmed by EOCD and fluorescence analyses, to the NOM fractions in
natural water, it is proposed that this approach could serve as a rapid NOM characterization
method for identifying the changein different NOM fractions that may occur during
different stages in a drinkingvater treatment process. This approach could be used to
monitor water treatment processes where very low NOM concentration levels are observed
such as membrane processes disthfection stages or to identify the contaminations that

may occur in drinking water distribution systems. In contrast, most other reported NOM
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characterization techniques require-pamcentration steps prior to the analysis of water with

low NOM concetrations, thereby increasing the chances for higher measurement noise.

The capability of this approach in characterization of the interaction between polysaccharide
like and proteidike NOM present in water, is very promising for the monitoring of
membane fouling in drinking water treatment applications. Interplay between
polysacchariddike and proteidike NOM could lead to different membrane fouling
behaviour as indicated in many studi@aulé@risamet al, 2007; Zhenget al, 2009) and
therefore the characterization of such interactions would provide an opportunity to enhance

our fundamental understanding on how these interactions relate to membrane fouling.

The fluorescence EEMs obtained during this study were obtainedy usifline
measurements, and the signal acquisition time for each EEM was about 5 min. Therefore,
this approach could be readily used in rapidlioi analysis at low cost. Further studies
directed at minimizing the number of intensity readings needeetoecorded without
compromising the accuracy of the approach would be helpful in reducing signal acquisition

time. An approach is proposed in Secttb.1to this end.

6.4 Conclusions

This study focused on developing a fluorescevased calibration model that could identify
the changes in the four major NOM fractions: fulvic acidumic acid, protein and

polysacchariddike, in natural water. Thillowing conclusions can be drawn:
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The fluorescencéased calibration model predictions demonstratecrg good
agreemenwith themeasured DOC concentrations based on measuredf@Qke
surrogate NOM fractions used in this study.

The maximum prediabin error(MPE) recorded for AHA and GRW was less than
7%, while the MPE of AL and AA were higher, reaching %3 and 15%,
respectively.

Factorial ANOVA performed on the fluorescence EEM intensities of surrogate
water samples revealed that fluorescencensities were affected not only by the
presence of fluorescing NOM fractions but also by the presence dfunvascing
polysacchariddike NOM in water.

Significant nonrlinear interaction was seen to be present in the fluoresdedls

of the surrogate ater samples. This ndmearity appeared to be linked to
interactions between polysaccharlde and proteidike NOM present in water.

The ability to rapidly characterize polysacchasiite NOM and interactions
between polysaccharidd&e and proteidike NOM is novel and possibly of
considerable practical value.

The benefit of this approach is related to the capability of the calibration model to
capture significant spectral changes that occurred in the florescence EEMs due to

the presence of AA apolysacchariddike NOM.
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6.5 SupplementaryInformation

Step-1
Rearrangement of fluorescence EEM
intensity values to a row

Emission (nm)

Excitation (nm)

Al | Bl | C1 [ DI | El | FI M1 | N1

A2 | B2 | C2 | D2 | E2 | F2 M2 [ N2

A3 B3 C3 | D3 E3 F3 M3 [ N3
I Lo I
I Lo I
AZSB2S0)C230|D25S|E2S0(F250 MM2S0MN2S0
(AZST|B2S1|C251|D251|E251(F251 pA251N2S]

|

.

Alphabetic characters A to N represent columns (excitation)
and numbers represent rows (emission) of EEM

L

Each column of the EEM is transposed
and arranged into single row

Y — - - 4 R

| Al A2 A351| Bl ‘ B2 B251| C1 2 | CES]l N2

Step-2

The same procedure is followed

for every sample to develop a

predictor data set (X)

Sample # X

S-1 Al | A2 A251| B1 | B2 B251( C1 [ C2 (C251 p2ST| N1 | N2 N251
S-2 Al A2 - A251[ BI B2 - B251( C1 2 - (251 - M5 W1 N2 - MN251
5-3 Al [ A2 - A251( B1 | B2 - B251( C1 [ C2 - (C251 - PZS1| W1 | N2 -
S-n Al | A2 | o |,\25] Bl l B2 ‘ B B251( CI | c2 - |F'251 T A251) N1 | N2 o N251

Step-3
PLS
regression

Response data set (Y)

Y (mg-DOC/L)

AHA AL AA  GRW
Y1y Y2, Y3 Y4
Yi_2 Y22 Y3 2 Y4 2
YI1_3 Y2 3 Y3 3 Y4 3

| Yi_n [ Y2 n Y3 n [ Y4 _n |

AHA — Aldrich humic acid; AL — a-lactalbumin; AA — Alginic acid; GRW — Grand river water

Figure S- 6-1 Steps involved in generatirige fluorescencéasel calibrationmodel
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Figure S- 6-2 Fluorescence EEM dginic acid (20mg/L), which demonstrates thaginic
acid does not fluoresce.
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Table S- 6-1 Results of theANOVA that illustrates the effect of surrogate NOM fractions on fluorescence EEM intensities.

-~
~

EEM peakfregion U b v

Secondorder scattering

Ex (nm)/Em (nm): 320/420 270/460 280/330 250/500 260/520 270/540 280/560 290/580 300/600

Main effects

Aldrich humic acid (AHA) ~ *** *kk *kk ok *kk Kokk
Ulactalbumin(AL) *kk * *kk *kk *kk * *
alginic acid (AA) * * * * *kk *kk
GrandRiver water (GRW) ~ *** *okk ok *kk * *kk * * *
Interactions

AL xX AA * * *k% *kk *kk * * *
AHA x AL x AA *

*** _ highly significant: Pvalue < 0.01%* - significant: 0.01 < Rralue < 0.05
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Excitation(nm)

Figure S- 6-3 Sensitivity spectra of the PEHSased calibration model that illustrate areas in
the fluorescence EEMs which are relevant for predicting the AHA, AL, AA and GRW
concentrationsSensitivity spectra of predictor variables (a) AHA, (b) AL, (c) AA and (d)
GRW are closely linked with their corresponding fluorescence EEM peaks.

6.5.1 Optimum Scanning Path Approach for Fluorescence Signal Acquisition

This section proposes a fluorescence scanning approach to minimize the fluorescence signal
acquisition time as discussed 8ection6.3.6 Figure S- 6-4 illustrates a fluorescence
scanning path identified based on the sensitivity spectra of predictor variables AHA, AL, AA

and GRW. The rationale for using thisdrescence scanning path was that it covered the
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regions containing sensitivity spectra peaksHi§lure S- 6-3a, b, c and d) of these predictor
variables. The sensitivity peaks consist of scaled regression coefficients of higher magnitude
compared to othewavelength combinatianin sensitivity spectra. Therefore, it is reasonable

to conclude that fluorescence excitatemissionwavelengthcombinatiors corresponding to

these sensitivity peak regions have a larger contribution to the model predictions. The
number of fluorescencexcitationemissionwavelength combinatieused in this proposed
optimum scanning approach was derived by triadl amror that involved considering
wavelength combinatiarelated to sensitivity peak regions. This resulted in 266 optimum
excitationemission wavelength combinations that are indicated by the solid lines in the

optimum scanning path presentadrigure S- 6-4.

1 —— S s
e g
SRS I 1
= : ; i | ;
S 450 0
w
2 0.3
E 400t
w y ; . : : -1
3SD i :"'i'_'.:-"' i "'“:F""'"":'"""" _15
==
300 1 - g ——— ] | |
260 280 300 320 340 360 380

Excitation (nm)

Figure S - 6-4 Optimum scanning path that was used to minimize the fluorescence
acquistion time. Solid lines indicate the optimum excitatemission wavelength
combinations scanned.

The fluorescence intensity data obtained from these 266 exci@timsion wavelength

combinations (i.e. optimum scanning path) for all the samples icalitwation set were used
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to generate a PL-Based calibration model as explaireatlier Section6.2.8. Fluorescence
intensity data obtained from the same approach for the validation sample set were used to
obtain model predictions. Compared to the fluorescence EEM approach used in this study,
the model predictions obtained with the proposed optimum scanning approechess
accurate. The maximum prediction errors recorded for AHA, AL, AA and GRW were ~ 9 %,
17.2 %, 19.3 % and 7.1 %espectively,of the total variation in the scalexamined.
Although this indicates that it is possible to minimize the fluorescenceadgtasition time

by using a smaller number of excitatiemission wavelength combinations, this will

however diminish the model prediction accuracy.
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CHAPTER 7

Assessing Nanofiltration Fouling in Drinking Water Treatment

Using Fluorescence Fingerprinting and_.C-OCD Analyse§

Overview

The natural organic matter (NOM) components causing fouling of nanofiltration membranes
used in drinking water applications consists in a complex mixture of humic and fulvic acids,
proteins, and carbohydrates of various molecular size and functional giéngerstanding

the characteristics of NOM fractions such as humic substances (HS) and biopolymers
(proteins and polysaccharides) as foulants is of paramount importance to develop fouling
control strategies. Fluorescence spectroscopy is becoming an ingheg®pular method

for characterizing NOM and shows good potentialdiedine monitoring, agninimal sample
pre-treatment and preparation is required, high instrumental sensitivity is available and the
technigue is nowlestructive in nature. In this eErch an innovative approach involving both
fluorescence and LLOCD analyses is used to identify and to charamesrganic membrane

foulant.

* Peiris, B. R. H., Hallé, C., Haberkamp, J., Legge, R, Peldszus, S., Moresoli, C.,
Budman, H., Amy, G.Jekel, M., Huck, PM. 2008. Assessinganofiltration fouling in
drinking water treatment using fluorescence fingerprinting andCD analyses. Water Sci.
and Technol.: Water Supp8/(4), 459465
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Keywords: drinking water treatment; fluorescence speciopyec LC-OCD; membrane

foulants; nanofiltration

7.1 Introduction

The use of nanofiltration (NF) membranes to produce drinking water from surface water
sources is increasing; however, membrane fouling is the main limitation to this technology.
Fouling is causedy the deposition and accumulation of material on the surface of the

membrane or within the internal structure of the membrane. Fouling increases the hydraulic

resistance and operational costs.

Different types of fouling may occur during membrane praegshie main types are organic,
inorganic, colloidal and particulate, and biofouling. In drinking water NF applications,
natural organic matter (NOM) is a major membrane foulant. In general, NOM consists of a
complex mixture of humic and fulvic acids, pebts, and carbohydrates of various molecular
size and functional groups. The nature of the NOM in water can vary significantly
depending on the location, climate and hydrological conditions. Effluent organic matter from
upstream municipal wastewater tmeant plants can also be an important source of organic

matter.

Understanding the characteristics of NOM fractions such as humic substances (HS) and
biopolymers (proteins and polysaccharides) as foulants is of paramount importance to
develop fouling contriostrategies. Reported methods for the characterization of NOM have

mostly focused on traditional analyses such as light absorptivity, dissolved organic carbon
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(DOC) concentration and aromaticity due to the difficulty of detailed structural analysis (Her
et al.,, 2003). More advanced methods for analysing the structural characteristics of NOM
such as nuclear magnetic resonanc€ (NMR) spectroscopy, infrared (IR) spectroscopy,
differential thermal analysis, modulated differential scanning calorimetry, ysys@as
chromatography/mass spectrometry and Fourier transform infrared spectroscopy (FTIR) have
also been reported\(ilson et al, 1999; Smeulderst al, 2000; Leeet al, 2006; Grayet al,

2007). Most of these characterization metholdsyever, reque concentration and/or
fractionation of NOM to accommodate challenges associated with measuring the low NOM

concentrations found in raw water (Crou€, 2004).

High performance size exclusion chromatograpH?$EQ can be used to determine the
molecularsize distribution of the dissolved NOM. Moreover, HPSEC coupled with UV and
DOC detectors can be used to determine the specific nature of the N&Mt(al, 2008).
HPSEC has various advantages including small injection volumes and minimal sample pre
treament but the analysis is expensive, requires sophisticated equipment and is not suitable
for online application. In this context, fluorescence spectroscopy is becoming an
increasingly popular method for characterizing NOM (lgeral, 2003) and shows gdo
potential for onrline monitoring, as minimal sample pteeatment and preparation is
required, high instrumental sensitivity is available and the technique isl@sbructive in

nature.

This paper demonstrates the feasibility of using fluorescence spectroscopy to detect the

differences in permeates from two NF membranes that exhibited different fouling rates and
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how the differences in fluorescence spectra can be helpful in interpreffieigeml rejection
characteristics of NF membranes.-0CD analyses were used as an independent method to

complement and validate the findings.

7.2 Methods

7.2.1 Water Samples and NFSet-up

Grand River water (Southwestern Ontario, Canada) was used as feed watgthdsiistudy.

The river is impacted by urban runoff, agricultural activity and wastewater effluent.
Characteristics of Grand River water (GRW) during the experimental period (August to

September 2007) are presentedable7-1 (column 2).

Table 7-1 Characteristics of Grand River water for the period August to September 2007.

Grand River Biofilter XN45 TS80

Parameters
water Effluent permeate permeate

Temperature (°C) 17 -22 20 26 26
pH 7.50 - 8.00 8.48 7.72 8.5
Turbidity (NTU) 2.78 -27.2 0.53 0.45 0.11
TOC (mg/L) 6.8-8.1 7.3 1.3 0.3
DOC (mg/L) 6.3-8.0 6.7 0.8 0.4
SUVA (L/mg-M) 24-40 3.0 0.7 1.2
Conductivity (mS/cm) 540 - 588 607 491 94
ca* (mg/L) 54 - 62 60 46 12
Mg®* (mg/L) 19-23 18 16 0

GRW was first filterecthrough a roughing filter to lower the turbidity level of raw water
prior to biofiltration. The roughing filter was constructed of PVC piping and the diameter of

the column was designed to provide @ufl{dmedia Of 10. The column was 1.5 m in height
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with a diameter of 0.2 m. The column was filled with three layers of gravel with decreasing
media sizes from bottom to top. The roughing filter was operated in an upflow mode at a rate
of 1.1 m/h using a constant head tank. The biofilter was operated imfl@ewnode fed by

the roughing filter effluent at a flow rate of fb/h. It consisted of a dual media filter
(anthracite and sand) over a gravel support layer. The empty bed contact time of the filter
was 14 minutes. The biofilter underwent an acclimatienoal of two months prior to the

experiments described here.

Nanofiltration experiments were performed with a bench scale module (GESEEFI)

using flat sheet membranes as illustratedFigure 7-1. Two different flat sheet NF
membranes (XN45 and TS80) from TriSep Corporation (California, USA) were used for this
study. The active layer of both NF membranes is made of polyamide and the molecular
weight cut off (MWCO) provided by the manufacturer was 200 Da for both membranes. The
hydrophobicity is determined by contact angle measurement and a large contact angle is
representative of a hydrophobic surface. The contact angle of both TS80 and XN45 is
57°+1°. The average roughness of the active layas 8.8 nm and 21 nm for TS80 and
XN45, respectivelyas measured by atomic force microscdp¥M, diMultiMode, Veeco,

US). The nominal surface area of both membranes was 0.014TheNF experiments with

the XN45 and TS80 membranes were operated at a constant pressure of 8.2 bar and 12.4 bar,
respectively. The pure water permeability of XN45 and TS80 were 10.4 LMH/bar and 10.0
LMH/bar, respectively. The initial recovery was 2% for both membranes. The initial
permeate flux of XN45 and TS80 membranes was 85.7 LMH and 124.2 LMH. Prior to the

experiments, the virgin membranes were compacted usHned (DI) water until stable
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permeate flow was achieved. Following the compaction period the DI water wasddraine
from the feed tank and 20 of feed water (biofilter effluent) was introduced into the tank.
Throughout the experiments the temperature was kept constant at 25°C + 2°C through the
use of a chiller. The experiments were performed in a recycle mode; drutbntrate and

permeate were returned to the feed tank. The duration of the experiment varied between 72h

and 144h.
Batch experiment
/’i Permeate
Gear
E pump Concentrate
]
= E Pressure
oo 412 gauge O
£ = '
—ucn c% Flow Cross flow cell
g T meter
vaass
Grand River @
water

Figure 7-1 Schematic of the nanofiltration experimental st

7.2.2 Analytical Methods

The concentration of total organic carbon (TOC) and dissolved organic carbon (DOC) were
measured using an @lnalytical TOC analyser (Model 1010, College Station, TX) with a
wet-oxidation method as described in Standard Methods (2005) 5310D. Turbidibe of t
water samples was measured using a turbidity meter (Hach 2100P) following the Standard
Method (2005) 2130. Conductivity was measured using a conductivity meter (Hach 44600)
following the Standard Method (2005) 2510. Size exclusion chromatography withuemis

organic carbon detection (LOCD) was performed with a DQCabor Dr. Huber
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(Karlsruhe/Germany) system (Huber and Frimmel, 1992). The system uses a Toyopearl HW

50S SEC column (Tosoh Bioscience, Tokyo/Japan).

7.2.3 FluorescenceAnalysis

The fluorescerne excitation/emission matrix (EEM) of each sample was collected using a
Varian Cary Eclipse Fluorescence Spectrofluorometer (Palo Alto, CA) by scanning 301
individual emission spectra (300600 nm) at sequential 10 nm increments of excitation
wavelength btween 250 nm and 380 nm. kade polymethylmethacrylate cuvettes with

four optical windows were used in the analyses. The instrument parameters (photomultiplier
tube (PMT) voltage = 800 V, scan rate = 600 nm/min and excitation/emission slit width = 10
nm each) were maintained during the fluorescence signal acquisition. These parameter
settings were identified as optimum instrument settings for obtaining reproducible
fluorescence signals, especially for the low concentrations seen in NF permeates, in a
seqrate study. To eliminate water Raman scattering and to reduce other background noise,
fluorescence spectra for MH (Millipore) water, obtained under the same conditions, were
subtracted from all fluorescence spectra. The temperature of all wateresampb
maintained at room temperature (25°C) during the analyses. Data processing was performed

usingMATLAB 7.3.0 software (The Mathworks Inc., Natick, MA).

7.3 Results and Discussion

The fluorescence EEM of wuntreat e dOn@RSm( RW)

(Figure 7-2a), which corresponds to the range reported for HS (Sedria, 2005. The
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presence of HS in GRW can also be independentlyircosd by examining the LOCD
spectra of the same water samgtegy(re 7-2b). LC-OCD spectra of RW also reveal that HS
is the most plentiful fraction f NOM i n GRW. Il n addition to t|

secondary peak (b) whi c hetah R0O95) appears to besppesentd st

in the form of a shoulder at EX'Ea270nmA50nm Eigure7-2a).

(a) (b)
600 — 16
—RW
= 14 Humic
550 ,; ) substances . RF
T \ = o Biofilter effluent
e 500 iofilter effluen
< 1 - 10
~ il [} Low molecular
S 450 2 8 weight acids
S 4004 Low molecular
L B 4 T T / weight neutrals
350 2 \
= = o P
300 =
260 280 300 320 340 360 380 20 40 60 20 100 120
Excitation (nm) Elution time (min)

Figure 7-2 Fluorescence EEMs of (a) GRW (RW) compared with (b) corresponding LC
OCD spectra.
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Figure 7-3 Fluorescence EEMs for (§RW filtered through the roughing filter (RF) and (b)
biofilter effluent.
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The fluorescence EEMs of GRW (RW3RW filtered through the roughing filter (RF), and

biofilter effluent (BF) appear to have similar spectral characteristiigule 7-3).
Nevertheless, difer ences i n the fluorescence intensi:
position (ExX/Em: 280nm/330nmgorresponding to proteilike substancesHer et al, 2003)

of RW, RF, and BF suggest some removal of NOM by the roughing filter and biofidtble(

7-2).

The removal of HS, in these stages, is substantially less on a percentage basis than the
removal of biopolymers. The above observations canobérmed through the comparison
of both LGOCD spectra and fluorescence peak intensities of corresponding NOM

components in RW, RF and BFigure7-2b andTable7-2).

Table 7-2 Fluorescence intensities at reported peak positions for HS and dikeein
substances. The values given within brackets

Intensity (a.u.)

Peak (U): Peak (
Ex/Em: 320/415 ExX/Em: 270/450 Ex/Em: 280/330
(HS) (HS) (protein-like)
RW 904.0 694.6 201.9
RF-effluent 858.5 617.5 161.2
BF-effluent 849.4 606.3 152.6
NF-permeates
88.5
XN4S (103.00 @ Ex/Em: 320/390 41 44.2
TS80 11.6 20.9 45.6

(22.17 @ Ex/Em: 320/380)
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The NF membranes XN45 and TS80 used in this study achieved significant levels of NOM
removal, as would be expected. The fluorescence peak intensities of HS are reduced about
tenfold or more, compared to the peak intensities of RW, depending on the ty{fe of
membrane used. Fluorescence peak intensities that correspond to-lketsimbstances

were, however, seen to be less affected on a percentagdTadis7-2) . The peak (b)
HS, observed in the form of a shoulder in the EEMs of RW, RF, and BF, appears as a
complete peak in the permeate streamgyre 7-4c and d). The very weak, virtually
nonexistent L&OCD signals for the permeates of XN45 and TS80 NF membranes confirm

the extent of NOM rejectio(Figure7-4a).

Even though both XN45 and TS80 membranes had similar MWCO and contact angle
characteristics, the TS80 membrane demonstrated a substantially faster fouling rate with the
same feed water. fler 72h of operation the XN45 and TS80 membranes had a flux
equivalent to 72% and 5% of the initial flux, respectively. Higher levels of TOC and DOC,
conductivity, calcium and magnesium concentrations observed for the XN45 permeate
indicate different retation properties Table 7-1). Different fouling rates therefore suggest
different fouling mechanisms and/or different foulant material as well astj@bteifferences

in membrane properties.
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Figure 7-4 Fluorescence EEMs of the membrane feed (b) and the permeaties Wi
membranes; XN45 (c) and TS80 (d) and the correspondir@CD spectra (a).

Unlike the weak LE&OCD signals, fluorescence EEMs for the permeates of NF membranes,
with very low levels of NOM (between 0.30 mg/L and 1.30 mg/L), contained many spectral
details demonstrating the sensitivity of the technique at low concentrations. FeCDC
signals of both XN45 and TS80 permeates do not show any significant sign of the presence
of HS in the permeatd-igure7-4a). The fluorescence EEMs of XN45 and TS80 permeates,
on the other hand, display very different spectral characteristics. For example, the intensities

of peak (U) and p e aekten( db the presehce of HS, cire sveaker ib e
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TS80 permeates compared to the XN45 permediasi€ 7-2). Especially, the fluorescence

EEM peak rqtthe tha pajoe peak in XN45 permeate, whereas the same peak is
significantly weaker in TS80 permeatEidure 7-4c and d, andlable 7-2). In addition,
fluorescence peak (b) and {like esubgtaecaskare tmora t co
clearly noticeable in TS80 permeate than in XN45 perm@iese differences indicate that

the composition of NOM in the permeate of the TS80 membrane is different than in the
permeate of XN45. Therefore it is reasonable to assume that the different rejection properties

of the two NF membranes, as indicatedlable 7-1, have likely contributed to the above

differences in the permeates.

Moreover, EEMs of XN45 and TS80 permeates indicatdashift(i.e., a peak shift towards

a | ower wavelength) in the position of peak
HS. The new positiUBns aafe pecaukn d( )t (Epxe aEkm: 3
320/380 for XN45 and TS80 permeates, respegtifieigure 7-4c and d). This shift may

have resulted from preferential rejection of a certain fraction of HS by both NF membranes.

The difference inth posi ti ons of peak (Ud) bet ween t|
correlates with the different rejection (or retention) properties of the two NF membranes.
These different rejection properties of the membranes appear to have played significantly

differentroles in the fouling of XN45 and TS80 membranes as discussed above.

Subsequently, in five more NF experiments which were limited to XN45 membranes due to
the rapid fouling rates of the TS80 membranes, permeates with similar characteristics were

producedeven with measurable variation in raw water quality over a 3 month period. The
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similarities in XN45 permeate quality were confirmed by three approaches (results not
presented for reasons of space): (i) comparison of parameters such as TOC, conductivity,
calcium and magnesium; (iBbsence of any significant LOCD spectra and (iii) almos
identical fluorescence EEM$hese results suggest that the characterization of the permeates
from the NF experiments as carried out in this study is reproducible antiuibr@scence
spectroscopy can be used to obtain reproducible information that may be useful for
assessment of NF foulinglote though that fluorescence EEM is limited to the detection of
macromolecules containing a fluorophore (e.g., proteins and hulvstasices); whereas LC

OCD is capable of measuring organic based macromolecules such as polysaccharides in
addition to proteins and humic substances. However, fluorescence EEM displayed a higher

sensitivity than LGOCD for the molecules it detected in tbtsidy.

7.4 Conclusions

This study demonstrated how fluorescence spectroscopy can be used to assess the NF fouling
in drinking water treatment. The two NF membranes used in this study (XN45 and TS80)
provided different levels of NOM removal. The @CD speata that were collected in
parallel at different stages of the process also confirmed these findings. The fluorescence
EEMs of XN45 and TS80 permeates indicated that the composition of NOM for the two NF
membrane permeates is different. These differencagtued by fluorescence EEMSs,
appeared to have a correlation with the fouling behaviour observe@QIwas however,
comparatively less sensitive in capturing these differences. THOC chromatograms of

both NF membranes showed essentially completectien of biopolymers and humic
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substances, which offered little help in understanding the reasons for the different fouling
rates observed. Further work should be directed at relating the fluorescence EEMs of NOM

to the rejection properties of the meml@suifior predicting and mitigating membrane fouling.
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CHAPTER 8

Identifying Fouling Events in a Membranebased Drinking Water
Treatment Process using Principal Component Analysis of

. . . . . *
Fluorescence ExcitatiorREmission Matrices

Overview

The identification of key foulants and the provision of early warning of high fouling events
for drinking water treatment membrane processes is crucial for the development of effective
countermeasures to membrane fouling, such as pretreatment. Primcifzaltd include
organic, colloidal and particulate matter present in the membrane feed water. In this
research, principal component analysis (PCA) of fluorescence excitatimsion matrices
(EEMs) was identified as a viable tool for monitoring the penéince of prdreatment
stages (in this case biological filtration), as well as ultrafiltration (UF) and nanofiltration
(NF) membrane systems. In addition, fluorescence #&abkd principal component (PC)
score plots, generated using the fluorescence E&iitEned after just 1 hour of UF or NF
operation, could be related to high fouling events likely caused by elevated levels of

particulate/colloidike material in the biofilter effluents. The fluorescence EEdMed PCA

* Peiris, R.H., Hallé, C., BudmanH., More®li, C., Peldszus, S., Huck, ., Legge, RL.
2010. Identifying fouling events in a membraesed drinking water treatment process using
principal component analysis of fluorescence excitagionssion matrices. Water Re#4
(1), 185194.

138



approach presented here is sensitive enough to be used atdamic carbon levels and has
potentialasan early detection method to identify high fouling events, allowing appropriate

operational countermeasures to be taken.

Keywords: principal componentanalysis, fluorescence spectroscopy, membrane fouling,

drinking water treatment; nanofiltration; ultrafiltration

8.1 Introduction

Membrane treatment of surface and ground water by means of ultrafiltration (UF) and
nanofiltration (NF) is increasingly being ws@s an option for the production of drinking
water. However, implementation of these membiasged processes for drinking water
treatment is often constrained due to fouling, which may be caused by organic, inorganic,
colloidal and particulate matter. brinking water UF and NF applications, natural organic
matter (NOM) is considered to be the major membrane foulant (S&taaia2006; Jermann

et al, 2007). NOM consists of a complex mixture of humic and fulvic acids, proteins, and

carbohydrates of veous molecular size and functional groups (eteal, 2003).

Characterization of membrane foulant fractions in NOM such as humic substances (HS) and
biopolymers (protein and polysaccharides) is indispensable for understanding membrane
fouling and for he development of fouling control strategies (Amy, 2008). Application of
fluorescence spectroscopy as a tool for characterizing NOM is well documented éCoble
al., 1990; Baker, 2001; Chest al, 2003; Heret al, 2003; Sierraet al, 2005; Hudsoret al,

2007; Hendersonet al, 2009). Compared to other available NOM characterization
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techniques, this technique offers rapid and consistent analyses with high instrumental

sensitivity (Peiriget al, 2008).

In this study, the fluorescence excitatemisson matrix (EEM) analysis method was used

for characterization of NOM and the associated fouling events in UF a+imhdée drinking

water treatment processes, as this method is able to capture specific fluorescence features that
correspond to humic and peat-like materials in a single matrix in terms of fluorescence
intensities. The light scattering regions captured in the fluorescence EEMs can also be used
to provide information related to the particulate/colloidal matter present in water (Wyatt,
1993; Stamskiet al, 2005). In addition, unlike the fluorescence single scan approach (i.e.
scanning only at the fluorescence peak location), the fluorescence EEM method provides a
basis for capturing subtle changes in the fluorescence spectra of the water that may occur due
to seasonal effects or other changes. The ability of this approach to characterize natural water
NOM with a wide range of dissolved organic carbon (DOC) concentrations (i.e. 8.0 DOC
mg/L for raw water to 0.4 DO@g/L for NF permeate) without piilution or pre

concentrations steps has also been demonstrated @eitj2008).

Most reported techniques examine fluorescence EEMSs intensity data points at a few
excitationremission coordinate pairs (i.e. main peaks) from fluorescence spectra that may
contan thousands of wavelengttependent fluorescence intensity data points. These
techniques lack the ability to capture the heterogeneity of the different NOM fractions in
water. The importance of analyzing the full fluorescence EEMs as opposed to individual

main peak positions has therefore been highlighted in several studies (Persson and Wedborg,
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2001; Cheret al, 2003; Stedmort al, 2003; Boehmeet al, 2004). Due to these reasons,

full fluorescence EEMs of the water samples were analyzed in this $twdlyariate data
analysis methods such as principal component analysis (PCA) (Persson and Wedborg, 2001,
Boehmeet al, 2004) and parallel factor analysis (Stednedral, 2003) have been used to
analyze the full fluorescence EEMs to characterize watempkes obtained from different
sources/sampling locations. In contrast to these studies, the objective of the present study was
to deconvolute the spectral information to identify major foulants present, and thereby to
assess the performance of differdaed water prdreatment stages and the subsequent
UF/NF stages. Since this objective could be satisfactorily met with PCA, this was the only
datamining technique used in this study. The application of this approach as a potential tool

for early detectiorof high membrane fouling events is also described.

8.2 Materials and M ethods

8.2.1 FeedWater and Pre-treatment

Water from the Grand River (Southwestern Ontario, Canada) was used as the feed water for
UF and NF experiments conducted between August 2007 and tA2@@08. Typical Grand

River water (GRW) quality parameters recorded during the experimental period are

presented iMable8-1.
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Table 8-1 Grand River water quality parameters from August 208nigust 2008.

Grand River
Parameters

raw water
Temperature (°C} 1-23
pH 7.30 - 8.40
Turbidity (NTU) 1.45- 67
DOC (mg/L) 5-9

Conductivity (m5s/cm) 500 - 1200

Figure 8-1 demonstrates a process flow chart of the experimentaipsased in this study.
GRW was first filtered through a roughing filter to lower the turbidity level of raw water
(RW) prior to biofitration. The roughing filter was operated in anflgsv mode at 1.1 mh

More details about the roughing filter can be found in Petra. (2008). The roughing filter
effluent (RF) was then processed through one of the two parallel biofilters winisisteal of

dual media filters (i.e. anthracite and sand) over a support layer of gravel. The biofilters were
operated in a dowflow mode at 5 mi. The empty bed contact times (EBCT) of the two
biofilters were 5 min (BF1) and 14 min (BF2), respectivelyrtirer details on biofilter
design are available (Halkt al, 2009). The effluents of BF1 (B1) and BF2 (B2) were then
used as the feed for both UF and NF experiméerdable S- 8-1 and Table S- 8-2 under
Supplementarynformation (Sl)summarizes when B1 and B2 were used as the membrane
feed for dfferent UF and NF experiments. These tables also identify which UF and NF
experiments experiencethigh fouling events The biofilters operated continuously,

independently of whether the membranes units were in operation.
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Bio-Filters Membrane filtration

RW Roughin e
m— /L /L
® UF feed @ Permeate (UFp)
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EBCT = 5 min, UF @ Concentrate (NF_C)
EBCT = 14 min.
Permeate
(NFp)
BF1 BF2 NF feed o
-------- » Tank
NF
° B2 NF.tank
e [ B

Figure 8-1 Pilot scale membrane filtratiorxgerimental setp. Circles indicate the sampling
points for water samples. The acronyms represent the following: BFfilter with empty
bed contact time (EBCT) of 5 min; BFiofilter with EBCT = 14 min; RW- raw GRW,
RF - roughindfilter effluent; BX effluent of BF1; B2 effluentof BF2; UFp - UF permeate;
NF_C- concentrate of NF; NF_tankvater in the NF feed tank; NFPNF permeate

8.2.2 Pilot-scaleMembraneFiltration Set-up

8.2.2.1 Ultrafi ltration Membrane

A bench scale UF membrane module made of commercial holloenfiembranes was used
for this study (ZeeWeed 1 by GEZenon, Oakville, Canada). The membrane consisted of
PVDF and had a MWCO of 200 kDa. The membrane module had a suracef &r.04 717,
operated in outsidin mode and was mounted in a cylindrical holder of 1.6 L. The membrane
was operated in a deahd filtration mode at constant flux. The permeate flux was
temperature adjusted to correspond to 57.5 LMBOAE, and the nmbrane was operated at

a recovery of 94%. The fowstep operation cycle was automated and consisted of:

(1) permeation for 1 h, (2) back pulsing with air sparging for 20 sec, (3) draining 0.4 L from
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the tank, and (4) filling the tank for 9 min. Each expent was conducted for a 5 d period
during which the UF unit was continuously fed by one of the biofilters. Themnansbrane
pressure (TMP) was measured using pressure transducers. Under high fouling conditions
(identified later), the TMP required toammtain the preset flux, exceeded the recommended
operating range for the UF module and as a consequence, the permeate flux declined. A
schematic with a more detailed description of the UF membrangsstavailable elsewhere

(Hallé et al, 2009).

8.2.2.2 Nanofiltration Membrane

NF experiments were performed using a bench scale module (GE"'$EFAN). The system

setup and operational conditions are described elsewhere (Eteals 2008). XN45 and

TS80 flat sheet membranes from TriSep Corporation (CalifoldisA) were used. The
active layer of the membranes was polyamide and the MWCO provided by the manufacturer
was 200 Da for both membranes. XN45 and TS80 are hydrophobic membranes each with a
contact angle of 57 + 1°. Membrane hydrophobicity was charaeteiz terms of sessile
drop contact angle measurement by placing
membrane surface. The measurement was performed using a VCA2500 XE instrument
(AST). Each contact angle was measured three times and an averagevaalcalculated.

Prior to the experiment, the membranes were compacted using deionized water until stable

permeate flow was achieved.
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8.2.3 Fluorescence Aalysis

Fluorescence EEMs of the water samples, obtained thee sampling points indicated

Figure 8-1, were acquired using a Varian Cary Eclipse Fluoresc&paxtrofluorometer

(Palo Alto, CA) collecting 301 individual emission intensity val&ithin the 306G 600 nm
emission range) at sequential 10 nm increments of excitation wavelengths between 250 nm
and 380 nm. Disposable Uytade polymethylmethacrylate (PMMA) cuvettes with four
optical windows were used in the analyses. The PMMA cuvettesd in this study,
gradually filter the emission signals captured below the excitation wavelength (Ex): 285 nm
and therefore the fluorescence intensities at emission wavelength (Em) range8@Dam
captured below Ex: 285 nm were seen to be lowar #mission intensities captured using
quartz cuvettes at the same conditions (results not shown). This approach provides sufficient
spectral information necessary to distinguish different fluorescent elements of the NOM and
reduces the risk of cuvette cantination asa source of error (Peirigt al, 2008). The
following instrument parameters were maintained during the fluorescence signal acquisition:
photomultiplier tube (PMT) voltage = 800 V; scan rate = 600 nm/min and
excitation/emission slit width ofGLnm each. These parameter settings were identified in a
separate study as the optimum instrument settings for obtaining reproducible fluorescence
signals, especially for low NOM concentration levels (Peitial, 2009). To eliminate water
Raman scatteng and to reduce other background noise, fluorescence spectra fe@QMilli
(Millipore) water, obtained under the same conditions, were subtracted from all spectra. The
temperature of the samples was maintained at room temperature®@y @%ing the
analyss. Since the pH of all the water samples did not change significantly (pH 843

no pH adjustment was made prior to the fluorescence analysis. A separate study
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demonstrated that there is no significant difference in the fluorescence EEM intersities (
2%) of GRW captured in the above pH range (results not shown). This is in agreement with
the previously published data (Speneerl, 2007). Following this procedure, fluorescence
EEMs of 128 samples drawn from 15 different UF experiments and 192esadrpivn from

15 different NF experiments were recorded at different filtration time intervals (i.e. 1, 24, 48
and 96 h). During the course of these experiments and before fluorescence atiayses,
Raman scattering peak intensity recorded for Mjllwate at EX'Em ~ 348 nm /396 nm was
examined to identify any significant fluctuations in the performance tloé
spectrofluorometelamp or other hardware. No significant changes in this intensity reading
(less than 1%) were observed confirming that there wersignificant fluctuations in the

performance of thepectrofluorometeduring this study.

8.2.4 FluorescenceData Pre-treatment and PC Analysis

The fluorescence EEM of each sample contained 4214 excitation and emission coordinate
points. The fluorescence @risity values corresponding to all 4214 coordinate points
(spectral variables) of each EEM were rearranged to generate data rowssfyintalues

(Sl Figure S- 8-1). This procedure generated a 128 x 4214 data matrix from UF experiments
(Xup) and 192 x 4214 data matrix from NF experimentgsfXEach row of these data
matrices corresponded to each sample and the intensity values of the corresp&iMing E

were arranged over 4214 columns.

The Xur and Xy data matrices were then separately subjected to PCA. PCA is-kneelh

techniquefor data compression and information extraction from a large number of variables.
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Essentially, PCA extracts a smallegt of underlying new variables that are uncorrelated,
mutually independent (orthogonal) and mathematically represented by linear combinations of
original variables in the X matrix @ or Xyr matrix in this case). These new variables,
referred to as prinpal components (PCs), are calculated to account for much of the variance
present in the X matrix (Woldt al, 1987; Erikssoret al, 2001) and therefore are able to
describe major trends in the original spectral data sgtsald Xy=. PCA decomposethe

data matrix X as the sum of the outer product of vegansdp; plus a residual matrix E as

presented in Equatidhl.

X=8 5 +E (8.1)

i=1

Where k is the number of samples in the X data setsTVectors are known as scores (i.e.
values) on the PCs (i.e. new variables) extracted by PCA.pllectors are known as
loadings and contain information on how the variables (spectral varialiias itase) relate

to each other (Woldt al, 1987; Erikssort al, 2001). The scorgs) generated by PCA can

be interpreted as projections of the fluorescence spectral variable to a new space spanned by
the PCs (i.e. when the fluorescence spectrables are transformed to PCs, each spectral
variable in the X matrix is projéed on to the PC space). Theoodinates in this PC space

are the scores. The set of scores corresponding to a particular PC can be plotted against
another set of scores corregpdong to another PC and such plots are called score plots.
Generally, the score plot is built on the basis of the first two principal components since these
explain most of the variability in the data. The PCs in the PC space are related to the spectral

variables in the X matrix (i.e. original variable space) by loadings (Persson and Wedborg,
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2001). By examining the loading values related to each PC, it is possible to understand which

original spectral variables in the X matrix are better explained byR@ch

Before performing PCA analysis, bothyp@nd Xy data sets were austaled, i.e. adjusted

to zero mean and unit variance by dividing each column by its stam@aidtion. To
determine the number of principal components that are statisticallyisagmifn capturing

the underlying features ing€ and X data sets, a leax@neout crossvalidation method
(Eriksson et al, 2001) was implemented. All computations were performed using PLS
Toolbox 3.5 (Eigenvector Research, Inc., Manson, )W#ithin the MATLAB 7.3.0

computational environment (MathWorks, Natick, MA).

8.3 Results andDiscussion

8.3.1 Typical Spectral Features in theFluorescence EEM of GRW

The fluorescence EEM 6cBRW (i . e. RW) shows a peak (U) at
(Figure8-2), which corresponds to the range reported for fulike HS (Cobleet al, 1990;
Sierra et al, 2005). The presence of fulvike HS in GRW was also indepdently
confirmed by examining the LLOCD spectra of the same water sample (Petra, 2008).
I n addition to the primary peak (U), another

(Sierraet al, 2005 Peiriset al, 200§ appears to be preséantthe form of a shoulder around
ExX/Em = 270 nm/460 nmF{gure 8-2). The HS in GRW can be expected to comprise
predominantly fulvic acidype matter ompared to humic acitype matter as reported in

other natural waters (Huck, 1999; Siegtal, 2005). The deviations of the fluorescence
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EEM contours seen in the region (Ex/Em: @80'330 nm) indicated bw are believed to be

due to the presence of protdike substances in the water. The existence of a fluorescence
EEM peak around the same regiom) (has been previously observed for protéie
substances (Baker, 2001; Chatral, 2003; Heret al, 2003) The proteidike peak in thdi

region is not clearly visible due to the very low concentration levels of the piiin
substances present in GRW. The light scattering regions (first ordéeida scattering
region and second order YRaigh scatteringegion) observed in the fluorescence EEM are
also important areas that provide information related to the particulate/colloidal matter

present in water as will be discussed later.
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Figure 8-2 Typical fluorescence features seen in the (a) fluorescence EEM for GRW and (b)
3D view of the same EEM. First order yaigh scattering (FORS) and Second order
Rayleigh scattering (SORS) regions are indicated using dakhesl

8.3.2 PCs thatSummarize the Total Variance Captured in the Fluorescence EEMs
PCA analyses were performed separately @a ahd Xy matrices to generate new and

fewer numbers of variables or PCs tapture any systematic trends present in the 4214
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original spectral variables of both,Xand Xy matrices. The first three PCs alone, generated

in this way, were able to capture nearly 90% of the total variance present in the original
spectral variables of yr and Xyr matrices separatelyréble8-2). The remaining variance (~

10%) is due to the combination of unexplained variance by the first three rfeiCthe
instrumental noise in the fluorescence measurements. The instrumental error was however
determined to be generally less than 5% for the intensity readings captured by fluorescence
EEMSs. It is possible to capture this remaining variance by genenaiong PCs. However,

additional PCs were not examined in detail for the reasons explained below (8eXBpn

Table 8-2 Variance captured by the first three principal components.

UF spectral data NF spectral data
Principal  Variance Cumulative Variance Cumulative
component captured variance captured captured variance captured
(%) (%) (%) (%)
1 66.6 66.6 77.5 77.5
2 12.9 79.5 6.5 84.0
3 8.4 87.9 54 89.4

8.3.3 Physical Significance of the PCdGenerated by PCA

PCA assigns loading values for each original spectral variable in the X nTdtigxprocess
therefore establishes a corresponding loading matrix forR&cH he loading values of each

PC denote the relative importance of the fluorescence variables (i.e. exaftaigsion
wavelength combinations) so that the fluorescence varialilehigherintensity values (e.qg.
fluorescence EEM peaks) of the X matrix are associated with large loading vnes, by
examining loading matrices, one can understand which original spectral variables in the X
matrix, i.e. which combinations of ekation and emission wavelengths, would be most
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dominant withinthe PCs Persson and Wedborg, 200E)gure8-3a, b and ¢ demonstrate the
loading valus of PCi 1, PCi 2 and PCi 3 that are plotted at their corresponding
fluorescence excitation/emission wavelength coordinates. Similar loading plots were
generated in the PCA ofyX and Xy but for brevity only the loading plots generated from

Xur are demonstrated here.
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Figure 8-3 Loading plos of (&) PC1 1 - related to the humic conter{b) PCi 2 - related to

the particulat&olloidal contentand (c)PC1 3 - related to the protein conteint water.PCA
assigned loading values for each original spectral variable in the X matrix. These loading
values are plotted here at thewmrrespondingluorescence excitation/emission wavelength
coordinates. FORS First order Raleigh scattering andORS- Second order Rdeigh
scattering regions are indicated using dadimed
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In the loading plot of PG 1, a mainloading peak  6af EX/Em ~ 320 nm/415 nm and
second loading pealb (6in the form of a shoulder around Ex/Em = 270 nm/460 ¢an be
observed Figure 8-3a). The presence of these loading pdals a atdhe §ade locations
where the fluorescence EEM peaks bf a n Eigurd 8-2) for HS are situated, therefore
indicates that PC 1 is mostly correlated with the HS content lre tvater; i.e. samples with
high HS content are associated with highiPCscores. The loading plot of RCQ2, on the
other hand, demonstrates an array of peaks at the same regions wHaylet theattering
regions (first and second orderyRagh scatteng) are situated in thiBuorescence EEM of
GRW (Figure 8-2). The intensity values of these light scattering regions increase with
increasing particulate/colloidal matter present in the watelence, samples with high
particulatécolloidal content are associated with high P@ scoresThe loading plot of PC

3 demonstrates a distinct valley the same region&Ex/Em: 280nm/330 nm)where the
fluorescence EEM peaks related to proféie substances occi€Chenet al, 2003; Heret
al., 2003) Figure8-2 also indicates the presence of pintike substances in GRW in terms
of the deviation in théluorescence EEM contours around the region highlighted. dyor
these reasons, it is reasonable to conclude that P& mostly associated with protdike
substances in water. The existeintea valley as opposed to a peak at Ex/Em: 28(B30
nm of the loading plot of PC 3, implies that PG 3 is inversely related to the protdike

content in the water.

The loading plots of additional PCs were found to contain largely random vartdtibe
loading values. Also, these loading plots did not contain regions that could be related to the

spectral regions in thBuorescence EEM of GRW demonstratedFigure 8-2. For these
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reasons, the first three PCs were deemed to be the only PCs that contained sufficiently

meaningful information and the rest of this discussion therefore focuses on these.

8.3.4 Performance of the Pre-treatment and UF/NF Stages asSummarized by the

Score Plots of PCs andPotential asPerformance M onitoring Tool.
The impact of the preatment on the subsequent UF stages was investigated by classifying
the filtration operating conditions as normal, when rapid permeate flux decline was
observed (i.e. minimal fouling), and as high fouling events when a decline in flux was
observed. Under normal filtration conditions, a total of 28, 28, 12, 16 and 28 samples of RW,
RF, B1, B2 and UFgFigure 8-1), respectively were considered. High fouling events were
observed for UF experiments denoted by UF8, UF9, UF12 and UF13. The set of score values
for each PC geneted by the PCA of the g matrix is illustrated irFigure8-4a (PCi 2 vs.
PC1 1) andFigure8-4b (PCi 3 vs. PCi 2) according to the sample location and specific
UF experiment. Note that each value in this score set is directly related to the fluorescence
EEM data of each sample in thgeXmatrix. The scores corresponding to samples of RW,
RF, B1, B2 and UFp formed groups (or clusters) and these groups are indicated by dashed
ellipses based on the 95% joint confidence regions (JCRs) of the scores in each group. The
calculation of these JCRs, basad the PC scores, was done to define regions related to
normal operating conditions of the filtration. The PC scores corresponding to the normal
operating conditions of the filtration (28, 28, 12, 16 and 28 samples of RW, RF, B1, B2 and
UFp, respectivelywere considered in the calculation of these JCRs. The horizontal and

vertical orientation of these confidence region ellipsdsgure8-4a and b is de to the PCA

met hodol ogy wher eby t he resul ting PCb6s ar
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mathematically zero covariance among them. The points denoted by UF8, UF9, UF12 and
UF13 indicate high fouling events captured by fluorescence EEMs aftef ilhrmembrane

operation.

It should be noted that when only the intensity of the peak maxima of the fluorescence EEMs
such as pe @)kaad the Ryeigh cdttgring peéaks were used in the PCA as
opposed to full fluorescence EEMs, the 95% JCRh®fabove mentionegroups were not
generally separable (i.e. more overlapping regions) unlike the case presefigulr&8-4a

and b Gl Figure S- 8-2). This is expected and explained by the reasoning provided in
previous studies (Chest al, 2003; Stedmoeet al, 2003); a smaller number of fltescence

EEM co-ordinates lack the ability to capture the heterogeneity of the different NOM fractions
in water. Thus, the use of the full spectra results in better sensitivity in separating the data
corresponding to normal operating conditions versus dé&a measured during fouling

conditions.
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Figure 8-4 Score plots: (a) PC 2 vs. PCi 1 and (b) PO 3 vs. PCi 2. PC scores are
grouped and named based on the sampling locations: RW, RF, B1, B2 arfBigiFp8-1).
These groups are indicated by daskbighses showing the 95% joint confidence regions of
the scores in each group. UF8, UF9, UF12 and URdigate high fouling events captured
within 1 h of UF membrane operation.
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The score plot PG 2 vs. PCi 1 (Figure 8-4a) demonstrates the possibility of defining
different regions, which can be considered as normal operating regions, for the roughing
filter, two biofilters and the UF step. This informationnclhe further investigated in the
context of specific NOM fractions and the correspondingtmatment and membrane
operation. The 95% JCRs of RW, RF, B1, B2 and UFp demonstrate a progressive shift
towards lower values (scores) of PCL and PCi 2. The small shift of PCi 1 indicates
limited removal of HS corresponding to a slight shift along the ACaxis while the more
pronounced shift along the HQ axis indicates a significant removal of particulate/colloidal
matter at each preeatment stage aray the UF step. It should be recalled that the treatment
steps are sequentiaFigure 8-1), except for B1 and B2 that operate in parallel, with B2
having the longer EBCT. The HS removal in thesetpgatment steps, however, can be
considered as significant due to the overlapping 95 % confidence intervals (ClIs) onithe PC
1 axis ofFigure8-4a. The limited HS removal deduced from the shift along thé P@xis is

also supported by LOCD analysesTable 8-3), and is consistent with the literature (e.g.
Holzalskiet al, 1995 Hallé et al, 2009). In particular, the average percentage HS removal
by these prdreatment steps, as calculated from-OCD measurement during this study,

was less tha10% during this study.
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Table 8-3 Comparison of typical TOC, DOC and turbidity values under normal filtration
conditions and the values recorded under high fouling events. These values were recorded
after one hour of membrane filtration.

TOC DOC Turbidity
(mgTOCIL) (mg-DOCIL) (NTU)
RW  Typical 7.4-6.0 7.1-55 60.2- 3.2
UF-8 5.8 5.8 5.7
UF9 6.6 6.2 2.7
UF-12 6.6 6.2 15.6
UF-13 5.6 5.4 7.5
NF-8 5.8 5.8 5.7
RF Typical 7.1-4.7 6.9-4.7 7.8-0.7
UF-8 5.7 5.4 1.2
UF9 6.3 6.0 1.7
UF-12 6.5 6.1 3.8
UF-13 5.9 5.5 3.8
NF-8 5.7 5.4 1.2
B1 Typical 7.0-54 7.0-55 2.1-0.1
UF-8
UF9 5.7 5.7 0.9
UF-12
UF-13 55 5.3 1.0
B2 Typical 6.7-4.1 6.5-4.1 1.7-0.0
UF-8 5.4 5.0 0.3
UF9
UF-12 5.7 55 2.2
UF-13
NF-8 4.9 4.9 1.2
UFp  Typical 7.7-5.2 7.7-55 0.3-0.0
UF-8 6.0 7.3 0.1
UF9 5.7 5.8 0.2
UF-12 5.3 5.4 0.4
UF-13 5.3 5.3 0.4
NFp  Typical 1.0-0.1 0.6-0.1 0.4-0.1
UF-8 0.3 0.3 0.4

Typical - denotes the normal filtration conditions; 8FUFR9, UR12, UR13 and NF8 are
the high fouling events.
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The significant removal foparticulate/colloidal matter at the preatment stages and by the

UF step deduced from the shift along theiPZaxis is also supported by the turbidity data
presented inrable 8-3. The 95% ClIs of RW, RF, B1, B2 and Ulgp the PCi 2 axis of

Figure 8-4a, are narrowenough to demarcate different operating regions for different
treatment stages, with the exception of a small overlapping region between the Clis of B1 and
B2, which could be expected. The wider 95% Cls of RW, RF, B1, B2 and UFp, manifested
on PCi 1 axis ¢ Figure 8-4a, could be due to the largeasonal variation in the humic
content in GRW during the study period; in general, higher humic concentletiels were
recorded towards the latter part of January 2008 and lower humic concerigadilsnwere

recorded in September 2007.

The score plot PG 3 vs. PCi 2 (Figure 8-4b) provides information on the reduction of
proteinlike matter (i.e. higher PT 3 scores), from RW to UFp, even though the 95% ClIs on
the PCi 3 axis ofFigure 8-4b overlap with each other. There is essentially no removal of
proteinlike matter by the roughing filter, as would be expected. BF2 shows superior
performance to BF1 as indicated by the JCRs of B2 and B1, whicimssstent with removal
interpretations and fouling data presented by Hatllél. (2009). The removal of proteiike
material by the ultrafiltration membrane step is consistent with fouling interpretations

provided by Halléet al.(2009) and Haberkam({2008).

When PCA was performed on the fluorescence EEMs obtained during the NF experiments
(i.,e. Xnr matrix), PCbased 95% JCRs with similar features to those obtained with UF

experiments were generatddgure8-5a and p. The calculation of these JCRs was based on

158



the PC scores related to normal operating conditions. The PC scores corresponding to a total
of 31, 31, 15, 16, 31, 31 and 31 samples of R¥, B1, B2, NF_tank, NF_C and NFp
(Figure8-1) respectively were considered in the calculation of these JCRs. In contrast to the
UF experiments, onlpne high fouling event (NF8) was recorded during NF experiments.
The shapes and the coordinates of these JEiBsré8-5a and b) are however disslari to

those of the JCRs obtained with UF experiments. This dissimilarity is due to differences in
the size of PC scales generated by PCA in both cases. As in the PC plots for UF, these JCRs
also indicated comparable trends in the HS, particulate/coll@ddl proteidike matter
removal by different prreatment stages located upstream of the NF membrane step.
Therefore for brevity, important interpretations of the NF experiments, as explained by PC

score plots for NF, are summarized here.

1. A significant level of HS and particulate/colloidal matter removal, as would be
expected (Heet al.2007), was seen in the pireatment and NF stages.

2.  NF was the main contributor to HS removal. Particulate/colloidal matter, on the
other hand, was removeéa a large extent by the pteeatment stages. The turbidity
data recorded during NF experiments also support this obser¢asibles-3).

3. NF permete quality was consistent in spite of comparatively larger variation in the
membrane feed.

4. Higher rejection levels of proteiike matter were demonstrated by the NF step
compared to the preeatment stages.

5. The rejection of HS and protelike matter wasgenerally higher with the TS80
membranes compared to XN45 membranes. The same observation was also made

in a related study (Peiret al, 2008).

159



(b)

PC - 2 (6.48 %)

PC - 3 (5.37%)

w
o

P RDNN
o o1 o O

10

RW A -NF8
NF8-RW - TS80
1 NF8-RF g
A R
NFs-tanl;:L\;,:,»"'
1 NFs CA Bl
| NF8-B2i,~ ™\
Yo . NF_C
|\Jseo \ N N
Ao B2 i A
" \ NFp NF_tank
-100 -80 -60 -40 -20 0 20 40 60 80
PC -1 (77.51 %)
TS80
X X X A - NF8
T NF
] S NP > - TS80
N'F8_p
f SB2 SO BIN e T
T RF™, RW™
NEC N nrsedh
N T Vi a
| O\ NF8_c /‘,ANFS_‘T\@!‘!‘___-/ A NFS.RF
T ANF8_RW
NF_tank
-20 -10 0 10 20 30

PC -2 (6.48 %)

Figure 8-5 Score plot: (a) PG 2 vs. PCi 1 and (b) PO 3 vs. PCi 2. PC scores are
grouped and named based on the sampling locations: RW, RF, B1, B2, NF_C, NF_tank and
NFp. These groups are indicated by dastiedes/ellipses showing the 95% confidence
regions @ the scores in each group. NF8 indicates a high fouling event captured within 1
hour of NF membrane operation. Scores of NFp corresponding to the NF experiments run
with TS80 are indicated by symbofi X 0 .
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8.3.5 Identifying High Fouling Events by PCA of Fluorescence EEMs

As indicated earlier, the JCRs kgure 8-4a and b were generated from the fluorescence
EEMs captured during UF experiments for normatragions, i.e. where incidents of high
fouling did not occur. Experiments UF8, UF9, UF12 and UF13, on the other hand, exhibited
very high fouling within 30, 60, 15 and 10 h of the start of membrane ultrafiltration,
respectively. Experiments UF8 and UF9 weerformed when HS contemas lower
(November 2007) as signified by RQ scores towards the lower end of the 95% CI for RW
(Figure8-4a). The HS ontent in GRW during experiments UF8 and UF9 varied between 3.3
and 3.5 mg C/L, based on EGCD determinations. In contrast, experiments UF12 and UF13
were conducted when GRW had a much higher HS content (February 2008) as indicated by
the high PQ 1 scoes inFigure8-4a. The HS content in GRW varied between 4.6 and 5.4
mg C/L during experiment UF12, and 4.9 and 5.2 mg C/L during experiment UF18,drase

LC-OCD determinations.

During these experiments, HS, particulate/colloidal and prditeermatter in the RF effluent

were similar to thoswithin the normal operating conditions of RE demonstrated figure

8-4a and b. This observation is also supported by TOC, DOC and turbidity measurements of
RF, recorded during thesexperiments Table 8-3). Nevertheless, the effluents of the
biofilters in experiments UF8, UF9, UF12 and UF13 had higheri PCscores than the
corresponding JCRs of B2 and B1 kigure 8-4a, indicating reduced particulate/colloidal
removal by both biofilters. It is evident that B2 was impacted more tharB&dause of
increased levels of particulate/colloidal matterthe UF influent, permeate colloidal levels

after the UF stage were alb@her as indicated by the much higher P2 scores for UFp,
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well outside the normal JCRFigure 8-4a). The reduced removal of particulate/colloidal
matter in the biofilters and UF stage were however not as clearly demonstrated by the
turbidity measurements recorded after one ladudF operation. Turbidity values recorded

for B1, B2 and UFp under these high fouling events fell within the general ranges recorded
during normal UF conditionsT@ble 8-3) indicating that turbiditys not a suitable parameter

to capture the reduced particulate/colloidal matter removal levels. In addition, the effluent
concentrations of proteilike matter from both biofilters, were not vedyfferent from their

RW values Figure 8-4b). Therefore the proteilike matter content of the UF permeate also

did not differ from the normal operating range. For these reasons, it is reasonable to conclude
that the high fouling incidents experienced during experiments UF8, UF9, UF12 and UF13
were due to the poor removal of particulate/colloidal matter during biofiltration pretreatment.
This poor performance was linked to the decrease in biofilter activityowat Water

temperatures (Hallét al, 2009).

Similar to the high fouling events during UF, poor removal of particulate/colloidal matter
seems to also have contributed to the only high fouling event (NF8) recorded during the NF
experiments. The biofilteeffluent of this experiment fell outside and above the JCR for B2

in the score plot of PC 2 vs. PCi' 1 (Figure8-5a) and hence indicated a lower thaormal

level of particulate/colloidal matter removal by BF2 (since the RW level was in the normal
range). Turbidity measurements, recorded after one hour of NF operation, did not provide an
indication of this poor removal level. Removal of protkke material, on the other hand,

seems to have been normiaigure8-5b).

162



The PC scored-{gure 8-4 andFigure 8-5) therefore clearly indicate a relationship between

high fouling events for both UF dnNF stages and reduced removals by the biofiltration
pretreatment. In particular, as mentioned earlier, it is reduced removals of
particulate/colloidal matter that contributed to the high fouling events observed in this
investigation. Removal of proteitke material by the biofilters was within the normal
operating range. The PC scores that demonstrate these deviations in the performance levels
of the biofilters and the subsequent membrane stages were generated by PCA of the
fluorescence EEMs obtained jugter one hour of filtration. The high fouling event for these
membranes however became evident only much later in terms of the increase in the TMP.
Therefore it is proposed that PCA of fluorescence EEM data could serve as an early detection

method to maoitor changes in the membrane feed that could lead to high fouling situations.

8.3.6  Potential for ProcessMonitoring and Intervention

In this study, PCA of fluorescence EEM was able to capture the differences in UF and NF
membrane feedwater that were resplolesfor changes in fouling rate. An important reason

for this capability is the scope of sensitivity: e.g., as discussed above, a higher sensitivity
than turbidity measurements for capturing differences in colloidal/particulate matter in the
biofilter effluents. Moreover, with the appropriate instrumermatameter settings, it is
possible to obtain reproducible fluorescence EEMs even for the NF permeatesetRairis
2008). This means that this approach could be used to monitor membrane permeate with ve
low NOM concentration levels. In contrast, most other reported NOM characterization
technigues require pi@ncentration steps prior to the analysis of water with low NOM

concentrations, thereby increasing the chances for higher measurement noise.
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Thefluorescence EEMs obtained during this study were made usiig®fineasurements,

and the signal acquisition time for each EEM was abauirb Therefore, as demonstrated
above, this approach could be readily used foting monitoring of membrane frition and

related prereatment processes with relatively inexpensive investments in a
spectrofluorometercomputer and related software. It is also possible that fibre optics or
robotic sampling could be used to develop anlim® approach. Since the tanframes
involved with membrane fouling in drinking water treatment applications would normally be
expected to be on the order of hours or more, the approach discussed here could be used for
near reaktime or rapid offine monitoring. A change in membmrarfeedwater quality

leading to accelerated fouling could then be detected in sufficient time that intervention

strategies to reduce fouling, such as reducing membrane flux, could be executed.

8.4 Conclusions

This investigation employed PCA of fluorescerfeEMs to quantify the impact of pre
treatment stages on the removal of foulants for UF/NF membranes. The following

conclusions can be drawn:

1. The performance of biofiltration piteeatment prior to membrane filtration stage
could be monitored, in terms of the removal levels of key membrane foulants such
as humic substances, protdike and particulate/colloidélke matter by examining

the prircipal components generated by the PCA.
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The necessary information could be captured by three principal components.
Scores on PC 1 and PG 2 were largely related to the humic substances level and
the particulatécolloidallike content respectively. Soes of PCi 3 were inversely

related to the proteilike content of the water.

The approach waableto provide early warning ofiigh membrane fouling events.

The fluorescence EEMased PC score plots, obtained just after 1 h of UF and NF
operation, werable to link the high fouling events seen in this study to reduced
removals by the biofilters ohigh influent levels of particulateolloidaltlike
material in certain runs. The turbidity measurements made at the same time did not

provide an indication ahese high fouling events.

The approach is very sensitive, as is evident by its ability to be used in analyzing

NF permeates containing low levels of organic carbon.

This method has the potentiallhe used aa monitoring tool for membrangased
water treatment and ptesatment operations, and as an early detection method to
identify high fouling events that may arise. This would allow membrane operational
changes to be made proactively. In contrast to chimgnaphic méhods, this o

line monitoringapproach allows for nearly reame monitoring.
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8.5 Supplementary Information

Table S- 8-1 Details of the ultrafiltration experiments

Season # Type of Permeate High fouling events
feed flux observedafter (hours)
(LMH)
UF5 B2 57 N. A.
Summer
2007 UF6 B2 57 N. A.
UF7 Bl 57 N. A.
Fall UF8* B2 57 60 hous
2007 yro* B1 57 30 hous
Winter UF12 B2 34 15hours
2008 yfp1z B1 40 10 hous
Spring UF14 B2 46 N. A.
2008 yf1s5 B1 47 N. A.
UF16 B2 57 N. A.
Summer
2008 UF17 Bl 57 N. A.
UF18 B2 57 N. A.

* -denotes high fouling events; M. - not applicable
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Table S- 8-2 Details of thenanofiltrationexperiments

Season # Type Type of High fouling events
of feed membrane observedafter (hours)

NF4 B1 XN45 N. A
TS80 N. A
summer NF5 B2 XN45 N. A
2007 TS80 N. A.
NF6 B2 XN45 N. A
NF7 B1 XN45 N. A

Fall NF8* B2 XN45 24 hous
2007 NF9 B1 XN45 N. A.
NF10 B2 XN45 N.A.

Winter NF11 Bl XN45

2008  NF12 B2 XN45 A
NF13  B1 XN45 N. A
Spring NF14 B2 XN45 N. A
2008 NF15 Bl XN45 N. A
2008  NF1ep B2 TS80 N. A

* -denotes high fding events; N.A- not applicable
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Figure S- 8-1 Steps involved in generating data rowsndénsity values for principal component analysis (PCA).

168
























































































































































































































































































































