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A novel fluorescence-based approach is proposed for modeling, predicting, and opti-
mizing different fouling dynamics in an ultrafiltration (UF) process for drinking water
treatment. Principal component analysis (PCA) was used to extract information in
terms of principal components (PCs), related to major membrane foulant groups, from
fluorescence excitation–emission matrix measurements captured during UF of natural
river water. The evolution of PC scores during the filtration process was then related
to membrane fouling using dynamic balances of latent variable values (PC scores).
This approach was found suitable for forecasting fouling behaviors with good
accuracy based solely on fluorescence data collected 15 min from the start of the
filtration. The proposed approach was tested experimentally through model-based opti-
mization of backwashing times with the objective of minimizing the energy consump-
tion per unit amount of water produced during the filtration process. This approach
was also useful for identifying fouling groups contributing to reversible and irreversi-
ble fouling. VVC 2011 American Institute of Chemical Engineers AIChE J, 58: 1475–1486, 2012
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Introduction

Membranes are widely used in drinking water applications
to achieve improved removal of colloidal/particulate matter,
pathogenic organisms, natural organic matter (NOM), and
salinity in water. Different types of membrane systems such
as microfiltration, ultrafiltration (UF), nanofiltration, and
reverse osmosis are being increasingly used individually or
in combination (hybrid mode) to accomplish these treatment
objectives and to produce drinking water with consistent
quality.1,2 Membrane-based technology also allows a smaller
footprint for the treatment facilities compared to conven-

tional treatment processes.3 However, membrane fouling,
which is the result of the accumulation of materials (fou-
lants) on the surface and/or in the pores of the membranes,
is a major constraint when considering both the adoption and
performance consistency of membrane-based treatment oper-
ations. NOM fractions, such as humic substances (HS), pro-
tein- and polysaccharide-like substances as well as colloidal/
particulate matter present in water, are mainly responsible
for membrane fouling in drinking water applications.4,5 In
practice, membrane fouling is controlled by implementing
cleaning operation schemes that include membrane back-
washing (also known as back-flushing)6 and chemical clean-
ing of fouled membranes.7

Fouling increases operational costs as a result of permeate
flux decline and/or increased energy consumption because of
higher transmembrane pressure (TMP) requirements needed
as driving force for the production of drinking water. In
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addition, frequent chemical cleaning of fouled membranes
leads to rapid deterioration of membrane performance, short-
ened service life, and increased costs. The efficient use of
fouling controlling strategies can reduce the energy demand
and other operational costs associated with fouling and
improve the sustainability of membrane-based drinking water
treatment operations to ensure high production of water.
This can be accomplished by optimizing the operation of
membrane filtration processes.8

Methods available for membrane fouling modeling

Optimization of a membrane filtration operation with
respect to different variables such as backwashing schedule
requires a model that is capable of predicting the extent of
reversible and irreversible membrane fouling for given raw
water feed. Many studies have focused on achieving this
objective by assessing and/or predicting membrane fouling
behavior using mechanistic modeling approaches.9–13 These
studies, however, focused mainly on dead-end and a few
cross-flow membrane filtration systems that did not involve
membrane backwashing cycles, which are typically applied
in drinking water treatment systems. Also, these modeling
approaches are not suitable for successfully predicting mem-
brane fouling in drinking water applications.

Modeling methods referred to as empirical or black-box
approaches such as artificial neural networks,14,15 empirical
models,16 and genetic programming17 have also been used to
correlate membrane fouling with long-term membrane feed
water quality parameters and operation data such as turbid-
ity, temperature, dissolved organic carbon content (DOC),
and TMP in pilot-scale filtration studies. As these variables
are not always clearly correlated to the evolution of fouling
over time, neither these models are able to capture the
changes in the different membrane foulant fractions in water
during the filtration nor they can relate different fouling
behaviors to individual membrane foulant fractions. As a
result, the successful implementation of optimization strat-
egies for fouling control based on these black-box models is
not always warranted. In addition, from a membrane
research standpoint that is geared toward improving mem-
brane fouling characteristics, the aforementioned black-box
techniques are not suitable for relating the degree of fouling
to the relative concentrations of NOM and other foulant
components present in water and, therefore, they are not
helpful in addressing remedies for controlling fouling.

Proposed fouling modeling and optimization approach

This study proposes a fluorescence-based modeling
approach that is capable of capturing the dynamic changes
of different membrane foulant fractions that occur during the
UF of natural water for the production of drinking water.
This model is developed based on fluorescence excitation–
emission matrix (EEM) measurements obtained during UF
operation to characterize different membrane foulant compo-
nents present in water.

Previous studies by the authors have shown that the fluo-
rescence EEM method captures specific fluorescence features
that correspond to HS- and protein-like materials18,19 as
well as particulate/colloidal matter20,21 present in water. The

fluorescence EEMs capture a large number of intensity read-
ings recorded at different combinations of excitation and
emission wavelengths for natural water samples. Compared
to other available NOM membrane foulant characterization
methods,22–24 this approach is capable of differentiating the
major membrane foulant fractions and is suitable for
performing rapid, direct, and accurate analysis with high
instrumental sensitivity.25,26

In our previous studies, principal component analysis
(PCA) was successfully used to deconvolute spectral infor-
mation captured within fluorescence EEMs into principal
components (PCs) that were related to HS-, protein-like, and
colloidal/particulate matter present in natural water.20,21 As
such this PC score-based approach was used as a fault-
detection tool for rapid monitoring of the performance of a
membrane-based drinking water treatment system. A PCA-
based approach was, therefore, used in this study to generate
PC scores that correspond to the fluorescence EEMs cap-
tured over the course of the UF filtration operation that con-
tained cycles of permeation and membrane backwashing.
The novelty of this work as compared to the previous study
is that the latent variables corresponding to these PC scores
were then used as states within a system of differential equa-
tions representing approximate mass balances of the main
foulant groups, that is, HS-, protein-like, and colloidal/partic-
ulate matter that may be present in water. Thus, the resulting
mathematical model can be viewed as a hybrid one where
dynamic mass balances are performed over latent variables,
whose values are the scores obtained using PCA of experi-
mentally obtained fluorescence EEM data. Based on the UF
fouling dynamics predicted by this modeling approach, an
optimization strategy is proposed for the estimation of the
optimal membrane backwashing scenario that minimizes
energy consumption per unit of water produced. The proposed
modeling approach is able to forecast/predict membrane foul-
ing behavior ahead of time based on fluorescence measure-
ments obtained earlier during the filtration process and, thus,
it is useful for the optimization of membrane filtration opera-
tions. This study also demonstrates that this approach can also
serve as a membrane research tool by providing an under-
standing of how major membrane foulant fractions contribute
to reversible and irreversible fouling behavior.

Materials and Methods

Grand River water (GRW; Southwestern Ontario, Canada)
was filtered using a 200-lm filter (038A-2080; Keller Prod-
ucts, Acton, MA) and used as the feed in UF experiments. The
DOC of the feed ranged from 3.9 to 6.5 mg/L and its turbidity
values were in the range of 1.2–3.8 nephelometric turbidity
units (NTU) during the experimental period (March–Novem-
ber 2009). GRW was stored at 4�C before the experiments and
always used within 48 h of the collection time.

Bench-scale membrane filtration set-up

UF experiments were conducted at constant TMP using
a bench-scale flat sheet cross-flow set-up as shown in
Figure 1. The membrane cross-flow cell holder (Sterlitech
CF042; Sterlitech Corporation, Kent, WA) used in this study
had an effective membrane area of 42 cm2. Flat sheet UF
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membranes with a molecular weight cut-off size of 20 kDa
(polysulfone, YMEWSP3001; GE Osmonics) and 60 kDa
(polyethersulfone, YMPWSP3001; GE Osmonics) also from
Sterlitech Corporation were used. Contact angle measure-
ments performed on virgin 20 and 60 kDa membranes were
72 � 2� (n ¼ 6) and 80 � 1� (n ¼ 6), while the initial pure
water fluxes at TMP ¼ 15 psi (103.4 kPa) were �1.6 and
�2.4 L/(min m2), respectively. A new membrane was used
for each filtration run and prior to the start of each experi-
ment, the membranes were compacted at 15 psi using Milli-
Q water until a stable permeate flow was achieved.

Feed water to the membrane set-up was maintained at 0.6
L/min (cross-flow rate) with a TMP of 15 psi. Retentate was
circulated back to the feed tank which contained 22 L of
water that was maintained at �25 � 1�C using a tempera-
ture controller. This recycle arrangement was used to avoid
the need for large amount of water for experimentation. The
permeate water was continuously removed and its weight
and its corresponding flux values were recorded using a bal-
ance connected to a computer using a LabView-based (Lab-
View 8.0; National Instruments, Austin, TX) interface. The
filtration consisted of a two-step operation cycle: (1) permea-
tion period and (2) backwashing for 20 s. For comparison
purposes, an operation with nonoptimized conditions was
used where the permeation period was 1 h while for the opti-
mized backwashing operation the permeation period was
determined according to the solution of an optimization
problem as will be discussed later. The total filtration time
was 267 min for all experiments. During the experimental
period, the final flux recorded ranged between 0.66 and 0.78
L/(min m2) for 20 kDa membranes and 0.70 and 1.22 L/
(min m2) for 60 kDa membranes. Backwashing of the mem-
brane was implemented by forcing the permeate (which is
the liquid in the permeate pipe and permeate channels of the
membrane cell holder) through the membrane toward the
retentate side using nitrogen gas at 10 psi (68.9 kPa). During

the backwashing, feed flow was maintained over the
membrane surface to induce shear force on the membrane
surface, thus, assisting in the removal of foulants. For the
purpose of model calibration, fluorescence EEMs of both
retentate and permeate were recorded at 15-min intervals
during the course of the filtration.

Fluorescence analysis

The fluorescence analysis procedure explained in Peiris
et al.20 was used in this study to record fluorescence EEMs
using a Varian Cary Eclipse Fluorescence Spectrofluorometer
(Palo Alto, CA). A detailed description of the fluorescence
EEM analysis procedure, methods used in fluorescence sig-
nal correction, and the selection of the spectrofluorometer
parameter settings used in this study for obtaining reproduci-
ble fluorescence signals are found in Peiris et al.20,26,27

During the course of the fluorescence analyses, there were
no significant differences in Raman scattering peak inten-
sities recorded for Milli-Q water at Ex/Em � 348 nm/396
nm (i.e., difference was less than 2%), confirming that there
were no significant fluctuations in the performance of the
spectrofluorometer lamp or other hardware. The temperature
of the water samples were maintained at room temperature
(�25�C) during the analysis. The pH of all the water sam-
ples did not change significantly (pH 7.8–8.4) during the
experiments and no pH adjustment was made prior to the
fluorescence analysis as the fluorescence EEMs are not sig-
nificantly affected due to small pH differences.28

Other analytical methods

The methods used for obtaining DOC, turbidity, and membrane
contact angle measurements are as previously described.21,26

Fluorescence data pretreatment and
principal component analysis

The fluorescence EEM of each sample contained intensity
readings at 4214 combinations of excitation and emission
wavelengths. The fluorescence intensity values corresponding
to all 4214 spectral variables of each EEM were rearranged
following the fluorescence EEM data rearrangement proce-
dure described by Peiris et al.20 This resulted in a n � 4214
fluorescence data matrix, with each row containing fluores-
cence EEM data of the retentate and permeate for each water
sample; n represents the total number of samples composed
of both retentate and permeate samples obtained during the
UF experiments as described above. This procedure was fol-
lowed to generate two data matrices referred to as matrix
X60 and matrix X20 for UF experiments performed with 60
and 20 kDa membranes, respectively. Then, the X60 and
X20 data matrices contained 525 and 560 fluorescence
EEMs from 15 and 16 different UF experiments, respec-
tively. PCA was performed on matrix X60 and X20 sepa-
rately to generate PC scores as explained by Persson and
Wedborg,29 and Peiris et al.20

PCA is generally used to extract a smaller set of underly-
ing new variables that are uncorrelated, mutually independ-
ent (orthogonal), and that can be mathematically represented
by linear combinations of the original variables in the X
matrix (X60 or X20 matrix in this case). These new

Figure 1. Bench-scale ultrafiltration cross-flow set-up.
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variables, referred to as PCs or latent variables are able to
describe major trends in the original spectral datasets21 of
X60 and X20. PCA decomposes the data matrix X as the
sum of the outer product of vectors si and pi plus a residual
matrix E as presented in Eq. 1.

X ¼
Xn
i¼1

si � pi þ E (1)

The si vectors are known as scores (i.e., latent variables’
values) on the PCs (i.e., new variables) extracted by PCA.
The pi vectors are known as loadings and contain
information on how the variables (fluorescence variables in
this case) relate to each other. 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 by each PC. A detailed description about PCA
can be found elsewhere.30,31 Before performing PCA
analysis, both X60 and X20 matrices were autoscaled by
adjusting the columns to zero mean and to unit variance by
dividing each column by its standard deviation. To
determine the number of PCs that were statistically
significant in capturing the underlying features in the X60
and X20 datasets, the leave-one-out cross-validation meth-
od31 was implemented. All computations were performed
using the PLS Toolbox 5.2 (Eigenvector Research, Manson,
WA) within the MATLAB 7.8.0 computational environment
(MathWorks, Natick, MA).

Theoretical basis

The statistically significant PCs calculated as explained
above were found to be correlated to different membrane
foulants such as HS-like, protein-like, and particulate/colloi-
dal matter present in water (explained later). Thus, the evo-
lution of these PC scores (si) corresponding to the PCs is
representative of the concentration of the foulant fractions
present in water and it can be related to the membrane foul-
ing behavior as demonstrated by Peiris et al.20,21 The PC
scores (si) associated with the retentate and permeate of UF
processes were, therefore, used to formulate a model of the
fouling behavior experienced by 60 and 20 kDa membranes
as explained in the following section.

Principal component-based modeling
of membrane fouling

As it is currently impossible to quantify each of the indi-
vidual species in natural water that contribute to fouling it
was proposed instead to perform a dynamic balance on the
PC scores which were found, as stated above, to be represen-
tative of the concentrations of different groups of foulants,
that is, HS-like, protein-like, and colloidal/particulate. Thus,
the accumulation of membrane foulants on the surface and
in the pores of the membrane was calculated based on the
PC score balance for a given group of foulants. These mass
balances, performed on the control volume of the solution
occupied by the membrane, were formulated as a way to
account for the mass balances of the individual foulant spe-
cies present in the water. Accordingly, the accumulation of
the membrane foulant (j) that contributes to fouling can,
therefore, be represented as follows

dsj;M
dt

¼ 1

kVM

ð1� wÞA DP
lRt

ðsj;R � sj;PÞ � wLj

� �
(2a)

Lj ¼ _mwash effje
�qjRt sj;M for j ¼ 1; 2; 4;…;N and w ¼ 0 or 1

(2b)

where sj is the PC score related to the jth membrane foulant at
time ¼ t. N is the number of PCs generated by PCA which are
statistically significant and deemed to be important for
capturing the information related to the major groups of
foulants. Subscripts R, P, and M denote retentate, permeate,
and the membrane, respectively. VM is the volume of the
solution occupied by the membrane and k is a parameter that
specifies the active portion of VM (i.e., actual portion of VM

that participates in the filtration). The effective membrane
surface area, TMP, and the water viscosity are represented by
symbols A, DP, and l, respectively. _mwash is the volume flow
rate used for periodic membrane backwashing, w is a binary
variable that models permeation through the membrane (w ¼
0) or backwashing (w ¼ 1). effj represents the efficiency at
which the jth foulant fraction (i.e., foulant fraction related to
jth PC) was removed during the backwashing. qj is a parameter
describing the decay of efficiency in backwashing over time
due to irreversible fouling caused by the jth membrane foulant.
Irreversible fouling is attributed to the accumulated membrane
foulant material that cannot be removed by membrane
backwashing. Rt is the membrane resistance at time ¼ t,
which is given in terms of the scores as follows

Rt ¼ R0 þ
XN
j¼1

bjsj;M þ bintersprotein;M � scoll:=partic:;M (3)

R0 is the initial membrane resistance before fouling occurs.
bj, j ¼ 1, 2, 3, …, N are the model parameters. binter is also a
model parameter related to the interaction between protein and
colloidal/particulate matter (represented by Sprotein,M and Scoll./
partic.,M, respectively) that contributes to membrane fouling.
The existence of this interaction was found to be significant in
a separate correlation analysis study (results not shown) and
found to be very important for improving the model
predictions in this study. The significance of incorporating
this interaction in the model will be discussed later. It should
be noted that while the values of the scores (i.e., sj values)
change with time as per the differential Eq. 2a, the bs are
regressed off-line and do not change with time.

Also, the processes involved in the transfer of membrane
foulants from the retentate to the membrane or vice versa
are quite complex involving deposition of foulants due to
attractive forces and removal due to shear stresses acting on
the foulant layers. Detailed modeling of these phenomena is
difficult. Therefore, it was assumed that the net amount of
foulant transfer from the retentate to the membrane is equal
to the accumulation of foulants on the surface and in the
pores of the membrane as follows

Djðsj;R � sj;MÞ ¼ DP
lRt

ðsj;R � sj;PÞ (4)

where Dj is the effective diffusivity coefficient of the jth
foulant fraction. Dj is a lumped parameter that combines all
possible mass transfer mechanisms involving the transfer of
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membrane foulants from the retentate to the membrane or vice
versa as mentioned above.

The permeate water flux through the membrane at time ¼
t is as follows

Jt ¼ DP
lRt

(5)

The general rationale behind Eqs. 2a and 2b is that if the
fluorescence intensities would be related linearly to the com-
positions of the individual foulant species, these equations
would constitute actual dynamic balances for each species.
Moreover, if the fouling resistance would be constant for all
species and the PCs would capture the majority of foulants
present in the water, the combination of Eqs. 2a and 2b will
result in an overall mass balance of foulants for the mem-
brane. However, as the combination of Eqs. 2a, 2b, and 3 is
nonlinear with respect to the scores, the model above is only
an approximation to an actual mass balance of foulants.
Thus, ultimately the model has to be calibrated by input–out-
put data as explained in the following section to result in
accurate predictions of fouling resistance with respect to the
PCs information based on fluorescence.

Model calibration and validation

Experimental permeate water flux data obtained by UF
runs performed using GRW with different DOC content and
turbidity values within the ranges as indicated above were
used to calibrate the state space model given by the system
of Eqs. 2a, 2b, 3, and 5. The model calibration involved the
estimation of the model parameters k, b1, b2, b3, …, bN,
binter., eff1, eff2, eff3, …, effN and q. This was achieved by
minimizing the sum of squares error (SSE) between experi-
mental and model estimations of permeate water flux by
using the MATLAB function ‘‘ga,’’ a genetic algorithm code
available within the MATLAB 7.8.0 computational environ-
ment. Model parameters, estimated in separate model cali-
brations for 60 and 20 kDa UF membranes, are listed in the
Supporting information Table S-1. It should be noted that
this calibration involved 140 permeate flux measurement
data points recorded over the duration of filtration per each
filtration run considered. Five filtration runs, each for 60 and
20 kDa UF membranes corresponding to different fouling
behaviors were used for calibration. The model calibration
results can be found in Supporting information. The model
estimations were generated using the PC scores of retentate
(sj,R) and permeate (sj,P) that correspond to fluorescence
EEM measurements, obtained every 15 min during the
course of UF. These scores were used as inputs to Eqs. 2a
and 2b whereas the output was the corresponding score
value of the accumulated foulant fraction j at the membrane,
sj,Mcalculated from Eq. 2a. The MATLAB ordinary differen-
tial equation (ODE) solver ‘‘ode23’’ was used in solving the
above state space model. Model validation was achieved
using additional experimental permeate water flux and fluo-
rescence EEMs data that were not used in the calibration.
UF experimental data with low, medium, and high fouling
events involving data from a total of nine and 10 experi-
ments for 60 and 20 kDa UF membranes, respectively, were
used for model validation. The high and low fouling situa-

tions correspond to the highest and lowest flux decline
recorded (at the end of the filtration) during the experimental
period. The medium-level fouling events correspond to
experiments where the flux decline was at an intermediate
level between the highest and lowest fouling events. It
should be noted that feed water with high DOC content and
turbidity generally resulted in high fouling situations for
both membranes. These feed water quality parameters are
reported in our previous work.21

Generation of model predictions

The model given by the system of Eqs. 2a, 2b, 3, 4, and

5 was then used to obtain model predictions based solely

on the fluorescence EEMs of retentate and permeate cap-

tured at time ¼ 15 min after the start of the UF experi-

ments. PC scores (sj,R_15 min and sj,p_15 min) that are related

to these fluorescence measurements were used for the esti-

mation of the predicted permeate water flux into the future

along a total time horizon of 4 h. During the calculations

of model predictions, the PC scores related to the retentate

were assumed to be constant and equal to the values

obtained at time ¼ 15 min during the prediction period

(i.e., sj,R ¼ sj,R_15 min in Eq. 4). This assumption was based

on the very small changes (\5% increase in most cases) in

the PC scores of retentate observed during the UF experi-

ments. Also, the initial estimations of the effective diffusiv-

ity coefficient Dj (j ¼ 1, 2, 3, …, N) was calculated using

Eq. 4 based on PC scores corresponding to the fluorescence

EEMs of retentate and permeate captured at time ¼ 15

min. These initial estimations were subsequently updated

according to the following empirical recursive function (Eq.

6) during the calculation of model predictions to account

for the change of Dj resulting from membrane fouling over

time. The recursive updating of the Dj were not based on

any other subsequent fluorescence EEM measurements

obtained at time [15 min.
This was deemed to be necessary for approximating the

evolving fouling conditions over time; without this approach
for updating Dj, model predictions deviated significantly
(prediction error[20%) from the experimental values.

Dj;t ¼ z1Dj;intþ z2Dj;t�Dt for J ¼ 1; 2; 3;…;N (6)

where Dj,t is the effective diffusivity coefficient of the jth
foulant fraction at time t ¼ t, Dj,int ¼ is the initial estimate of
Dj and Dj t �Dt is the value of Dj at time t ¼ t � Dt. Dt is the
constant time step length (Dt ¼ 1 s) used by the ODE solver.
Z1 and Z2 are parameters that were estimated by minimizing
the SSE between model predictions and measured permeate
water flux using a genetic algorithm approach as mentioned
above. It should also be noted that Eq. 6 does not necessarily
cause Dj to increase over time. As the accumulation of
foulant content in the membrane increases, the removal of
foulants from the membrane to the retentate becomes
significant, causing Dj to decrease as per Eq. 4. The
prediction ability of the model was also validated with
additional experimental permeate water flux and fluorescence
EEM data that were not used in estimating the Z1 and Z2
parameters (model validation data will be presented and
discussed later).
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Optimization of the ultrafiltration process

The predicted permeate water flux can be used to under-
stand the extent of fouling of the membrane and the reduced
permeate water flux occurring over time for constant TMP
operations (as demonstrated in this study). On the other
hand, if constant permeate flux is desired, the TMP should
be gradually increased to compensate for the increasing re-
sistance as a result of fouling. In both situations, membrane
fouling results in an increase in the energy requirement per
unit amount of drinking water produced.

In this study, the UF membrane backwashing times were
used as optimization variables to optimize the UF process so
that the energy requirement per unit amount of drinking
water produced was minimized. This optimization approach
was implemented by minimizing the following objective
function (OF) with respect to backwashing times (Eq. 7)
subjected to the constraints listed in Eqs. 10 and 11.

min
t1;t2;t3;t4

OF ¼ energy consumption

water production

� �
(7)

where energy consumption and the water production for time
duration ¼ Dt is given by

Energy consumption ¼ A DPð Þ2Dt
lRt

(8)

Water production ¼ JtADt (9)

1 �1 0 0

0 1 �1 0

0 0 1 �1

0 0 0 1

2
664

3
775

t1
t2
t3
t4

2
664

3
775 �

�tw
�tw
�tw

tF � tw

2
664

3
775 (10)

t1 � td (11)

where t1, t2, t3, and t4 are the times at which the backwashing
of the UF membrane was implemented. The number of
backwashing cycles was limited to four for the purpose of
demonstrating the application of the proposed approach. On
the other hand, the number of backwashes represent another
parameter that could be included in this optimization approach
but this will be addressed in future research. Also, tw ¼ 180 s
is the sum of the time needed for backwashing (20 s) and the
time required to connect and disconnect the nitrogen gas
supply for backwashing and for adjusting the TMP of the UF
membrane cell holder (160 s), which were performed
manually. The total filtration time is indicated by tF (¼ 267
min), and td (¼ 15 min) is the time at which the first set of
fluorescence EEMs of the retentate and permeate for UF

operation were collected. This information was required for
the model predictions as explained before. The minimization
of the OF (Eq. 7) subjected to the constraints (Eqs. 10 and 11)
were performed by using the MATLAB function ‘‘ga.’’

Results and Discussion

Typical fluorescence spectral features
of Grand River water

The fluorescence EEMs of GRW used in this study exhib-
ited fluorescence regions that are representative of the pres-
ence of major membrane foulants such as HS- (at excitation
wavelength (Ex) �320 nm and emission wavelength (Em)
� 415 nm) and protein-like (at Ex/Em � 280 nm/330 nm)
NOM.20,21 These results are also consistent with fluorescence
EEM data published elsewhere.18,23,25,32,33 The presence of
HS- and protein-like matter in GRW was also previously
confirmed by liquid chromatography-organic carbon detec-
tion (LC-OCD) analysis.20,25 In addition, Rayleigh scattering
(RS) regions observed in the fluorescence EEMs of GRW
can also provide information related to the particulate/colloi-
dal matter.20 Typical fluorescence EEM spectra of GRW—
similar to the ones recorded in this study—that indicate the
aforementioned regions have been previously reported20,26

and are, therefore, not presented here but are included in
Supporting information Figure S-2.

Principal component analysis of fluorescence data

PCA of X60 and X20 matrices generated four and three
statistically significant PCs, respectively, capturing nearly
90% of the total variance present in the original spectral
variables obtained from 60 and 20 kDa UF experiments
(Table 1). These PCs were found to be related to different
membrane foulant fractions present in water as shown in Ta-
ble 1. This was verified by examining the loading plots cor-
responding to each PC (generated from the loading values,
i.e., pi values) as demonstrated by Peiris et al.21 The loading
plots of each PC corresponding to 60 kDa UF experiments
are shown in Figure 2a–d. For example, the loading peak
regions a0 and b0 of PC-1 appeared in the same location
where the fluorescence EEM regions related to HS-like
NOM. Similar observations were made with the loading
peak regions (RS0) for PC-2, peak d’ for PC-3, and loading
peak regions (RS0) for PC-4 in relation to the foulant frac-
tions they represent as indicated in Table 1. Comparable
loading plots were also seen for each PC corresponding to
20 kDa UF experiments and can be found in Supporting in-
formation Figure S-3. The remaining variance (�10%) in
each case was considered to be due to the combination of
unexplained variance by these PCs and the instrumental

Table 1. Variance Captured in the PCA of the X60 and X20 Matrices

Principal
Component

X60 Matrix (60 kDa UF Spectral Data) X20 Matrix (20 kDa UF Spectral Data)

Variance Captured (%) Related Membrane Foulant Variance Captured (%) Related Membrane Foulant

1 63.0 Humic substances 75.0 Humic substances
2 16.4 Colloidal/particulate 9.6 Colloidal/particulate
3 5.5 Protein-like 6.1 Protein like
4 4.7 Colloidal/particulate – –
Total 89.6 90.7
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noise (determined to be less than 5% of the intensity
readings) in the fluorescence measurements. Although it is
possible to capture the remaining variance by generating
additional PCs, additional PCs were not found to be related
to any major membrane foulant fractions present in water
(see Table 1).

Model predictions and validation

Model predictions and the experimentally measured nor-
malized permeate water flux of selected 60 and 20 kDa UF
experiments that were not used in the model calibration/pa-
rameter estimation are shown in Figure 3. Permeate flux was
normalized with respect to initial pure water flux of the
membranes. These experiments correspond to low, medium,
and high membrane fouling situations. The sudden increases
in permeate flux occurring immediately after the exponen-
tial-type flux declines of the permeation steps correspond to
the membrane backwashing steps. The model predictions for
these experiments were obtained using only the fluorescence-
based PC scores of retentate and permeate obtained at time
¼ 15 min from the start of the UF as explained earlier. The
permeate flux prediction results indicate that the model was
able to successfully predict different membrane fouling
behaviors experienced by both UF membrane types. The
root mean-squared error between predictions and experimen-
tal values for high, medium, and low fouling situations were
0.004, 0.016, and 0.021, respectively, for 60 KDa UF opera-
tions and 0.005, 0.013, and 0.010, respectively, for 20 kDa
UF operations.

These results indicate that the proposed fouling modeling

approach can be used for forecasting different fouling behav-

iors corresponding to changes in the membrane feed water

quality. Hence, this modeling approach can be used to predict

the evolution of fouling well in advance and, thus, appropriate

model-based optimization measures can be implemented.

Significance of interaction between protein and
colloidal/particulate matter in model predictions

Our previous work that involved fluorescence analysis of
permeate and retentate samples, obtained during the UF of
GRW, indicated possible existence of colloidal/particulate–
protein interactions.21 In addition, Susanto et al.34 indicated
that polysaccharide-like matter contained in the colloidal/par-
ticulate fraction of water can interact with protein-like matter
and contribute synergistically toward membrane fouling.
Because of these reasons, the impact on model predictions by
the interaction between colloidal/particulate and protein-like
matter was examined. This interaction was represented in the
model in the form of ‘‘Sprotein,M � Scoll./partic.,M’’ as described
earlier. As a result of including this interaction term in the

model, model predictions improved for all fouling situations,

with most considerable improvements observed for high foul-

ing situations. Figure 4a and b demonstrates the model predic-

tions for high fouling situations obtained with and without

incorporating Sprotein,M � Scoll./partic.,M in the model for 60 and

20 kDa experiments. When the interaction between colloidal/

particulate and protein-like matter was considered, better

model prediction for the normalized permeate water flux was

Figure 2. Three-dimensional illustrations of the loading matrices of (a) PC-1, (b) PC-2, (c) PC-3, and (d) PC-4 gener-
ated by the PCA of 60 kDa filtration data.

Rayleigh scattering peak-like regions (RS0) are indicated in dashed circles. Variance captured by each PC is indicated within parentheses.
[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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obtained. The improvements in the root mean-squared error

between predictions and experimental values were from 0.08

to 0.004 and 0.012 to 0.005 for 60 and 20 kDa filtration experi-

ments, respectively, indicating the importance of incorporating

the interaction between colloidal/particulate and protein-like

matter in the model.

Optimization of ultrafiltration for
drinking water treatment

The proposed modeling approach was then applied for
the optimization of 60 and 20 kDa UF operations as
explained before. GRW obtained on October 25 and
November 23, 2009 was used in the 60 and 20 kDa experi-
ments, respectively.

Figure 3a and b demonstrates the model predictions of the
fouling behavior for UF of GRW (prefiltered) using 60 and
20 kDa membranes with backwashing at regular time inter-
vals of 1 h (i.e., before implementing optimal backwashing

intervals). When backwashing times were optimized using

the proposed optimization approach for the 60 kDa mem-

brane, the model predictions indicated energy savings of

3.7% with a 4.3% increase in the total volume of drinking

water production. The backwashing times generated by

the optimization approach were t1 ¼ 61 min, t2 ¼ 90 min,

t3 ¼ 118 min, and t4 ¼ 137 min. Applying the same

approach for the 20 kDa membrane, it was shown that it is

possible to achieve energy savings of 2.6% with a 3.1%

increase in the total volume of water production. The corre-

sponding optimum backwashing times for the 20 kDa

membrane were t1 ¼ 69 min, t2 ¼ 97 min, t3 ¼ 132 min,

and t4 ¼ 172 min. The optimal backwashing cycles were

implemented experimentally to test the validity of the opti-

mization results. The results of these experiments are shown

in Figure 5a and b indicating very good agreement between

experimental values and model predictions, thus, confirming

the optimization solution.

Figure 4. Model predictions (lines) and experimentally measured (symbols) normalized permeate water flux for (a)
60 kDa and (b) 20 kDa UF experiments of high membrane fouling situations.

Predictions obtained with (solid lines) and without (broken lines) incorporating the interaction between colloidal/particulate and protein-
like matter are denoted.

Figure 3. Model predictions (lines) and experimentally measured (symbols) normalized permeate water flux for
selected (a) 60 kDa and (b) 20 kDa UF experiments of low, medium and, high membrane fouling situations.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Although the optimization approach developed in this
study was limited to four backwashing cycles, it is possible
to further improve the energy savings and the water produc-
tion by using additional backwashing cycles with the
optimized conditions. For example, when two additional
backwashing cycles, for which backwashing times were
selected arbitrarily, were included as illustrated in Figure 5a,
the model predictions indicated an increase in the energy
savings and the volume of drinking water production up to
�8.0% and �9.8%, respectively. In general, it is expected
that the use of additional backwashing cycles will also limit
the high fouling behavior of the membrane that may occur
even when the optimized backwashing, as observed in this
study, was implemented toward the end of the filtration. In
addition, it is expected that optimal operation would further
extend the life span of the membrane and minimize the need
for chemical cleaning to recover flux decline caused by irre-
versible fouling.

In this study, the optimization of the filtration process was
limited to �4 h due to the practical and time constrains in
running the filtration experiment in a lab environment with
fresh natural water. The UF experiments were run at room
temperature and, thus, preservation of feed water for a lon-
ger period was not possible. Each filtration experiment
required additional 6 h for sample preparation (warming up
the water to room temperature after overnight storage in a
cold room and prefiltration), compaction of the new mem-
brane prior to the experiment, and fluorescence analysis of
the feed/retentate and permeate water samples. For these rea-
sons, filtration experiments with longer time periods were

not practically possible. This limited the time available for
optimization of the filtration operation to up to �4 h. How-
ever, in industrial filtration systems, these constraints could
be eliminated with the availability of using natural water as
the feed water directly from the source and by possibly
implementing in-line fluorescence measurements. In such sit-
uations, longer optimization periods become realistic and
additional backwashing cycles could be incorporated in this
proposed approach to maximize the energy saving and the
volume of drinking water production. To this end, current
research is investigating the number of backwashing cycles
as another optimization parameter, during a moving time
window, for the optimization of longer and continuous filtra-
tion operations.

The ability of this modeling approach to reasonably pre-
dict the reversible and irreversible fouling behavior experi-
enced by both membranes with backwashing time intervals
that are different to those used in the model calibration indi-
cate that the proposed approach is generally robust in model-
ing different—generally unplanned or infrequent—filtration
situations which are difficult to model. However, model pre-
dictions generally appeared to slightly deviate from the
experimental flux measurements toward the end of the filtra-
tion experiments. This was somewhat expected as the model
predictions are based on a single time interval of fluores-
cence EEMs measurement obtained at time ¼ 15 min from
the start of the UF experiments. This inaccuracy will be
addressed in future studies by using additional fluorescence
EEM measurements, obtained during past and current filtra-
tion periods (i.e., sampling time for fluorescence analysis \

Figure 5. Model predictions (lines) and experimentally measured (symbols) normalized permeate water flux
obtained for (a) 60 kDa and (b) 20 kDa UF operations with normal backwashing (BW) times (every hour)
and optimized backwashing times.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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time at which the model prediction are generated). This fre-
quently updated model would produce better predictions
over future time horizons.

Role of membrane foulant components in
reversible and irreversible fouling

Another important aspect of the modeling approach
developed in this study is that it can be used to estimate the
accumulation of individual foulant components in/on the
membranes in terms of the PC scores (i.e., sj,M; where j is the
PC related to the jth foulant component) as illustrated in Eqs.

2a and 2b. These individual membrane foulant components

contribute differently to the increase in the membrane resist-

ance (Rt) and this relative contribution can be quantified by the

value of bjsj,M for each foulant component (j) in Eq. 3. There-

fore, by examining the evolution of bjsj,M (for j ¼ 1, 2, 3, 4),

one can assess how different membrane fouling components,

identified in this study, contribute to membrane fouling. Figure

6a–d illustrates the evolution of these estimates for the main

foulant components, such as HS-like, protein-like, and colloi-

dal/particulate matter for high, medium, and low fouling events

experienced by 60 kDa membranes. Similar observations were

made for 20 kDa membranes (results not shown for brevity).

The corresponding PCs are also indicated in Figure 6.
It should be noted that these estimates were calculated

using the PC scores related to fluorescence EEMs of reten-

tate and permeate obtained during the course of the UF

experiments using Eqs. 2a, 2b, and 3. Thus, these model

estimates obtained through Eq. 2a with actual fluorescence

data collected along the experiment are representative of the

foulant accumulation on the membranes during the course of

the 60 kDa UF experiments.

The cyclical drops in bjsj,M values in Figure 6a–d are cor-
related with the flux increase or alternatively fouling
decrease obtained after each membrane backwashing as
illustrated in Figure 3. Based on the relatively larger
changes observed after backwashing for PC-2 and PC-4, one
can conclude that colloidal/particulate matter accumulated
in/on the membranes was removed predominantly by back-
washing compared to HS- and protein-like foulants. As a
result, colloidal/particulate matter demonstrates a compara-
tively larger contribution to reversible fouling. HS- and pro-
tein-like foulants on the other hand are seen to be contribut-
ing significantly toward irreversible fouling (i.e., smaller
drop in b1s1,M and b2s2,M values after backwashes). These
observations are consistent with previous interpretations pro-
vided for reversible and irreversible UF fouling by river
water foulant extracts35,36 and model foulants.37,38 In addi-
tion, in a separate study that involved the same filtration
procedure, membranes and feed water samples, foulant com-
ponents that was deposited in the pores and/or on the sur-
face of the membranes were extracted and characterized
using fluorescence spectroscopy.21 This study also confirmed
the above model-based observations related to the fouling
behavior of HS-, protein-like, and colloidal/particulate mat-
ter. Therefore, it can be concluded that the proposed model-
ing approach allows identification of the type of foulant
components in the water that are contributing to reversible
and irreversible fouling eliminating the need to perform
membrane autopsy analyses which are often difficult and
time consuming. In addition to drinking water treatment-
related membrane applications, this approach could also
have application in other types of membrane-based treat-
ment or separation of substances that have fluorescence
properties.

Figure 6. The contribution of (a) humic substances (HS)-like (PC-1), (b and d) colloidal/particulate (PC-2 and PC-4)
and (c) protein-like (PC-3) matter on membrane resistance as calculated in terms of the accumulation of
individual foulant components in/on the membranes for selected 60 kDa UF experiments of low, medium,
and high membrane fouling situations.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Conclusions

The proposed fluorescence-based membrane fouling mod-
eling approach was found suitable for accurately predicting
different fouling situations for UF cross-flow treatment of
river water. Model forecasts/predictions along a prediction
horizon of several hours are based on the fluorescence EEM
measurements captured at time ¼ 15 min of the UF opera-
tion and this provides sufficient time for fouling optimization
strategies in terms of scheduling of backwashing and chemi-
cal cleaning (to recover membrane permeability due to
irreversible fouling) to be implemented. The approach is
especially important for forecasting high fouling events that
are often harmful for membranes or challenging for the effi-
cient production of drinking water to meet consumer
demand. The ability of this approach for process optimiza-
tion in terms of minimizing the energy spent per unit amount
of drinking water produced was demonstrated. In addition,
the proposed approach is also able to identify specific mem-
brane foulants that contribute to reversible and irreversible
fouling of membranes in drinking water applications and as
such, it is a useful tool for membrane research. The pro-
posed approach is significant in the context that most avail-
able approaches for modeling and prediction of membrane
fouling use typical feed water quality parameters and opera-
tion data such as turbidity, temperature, DOC, and TMP as
monitoring variables, which poorly correlate with the evolu-
tion of fouling over time and as a result are inadequate for
predicting fouling situations that result from abrupt changes
in the feed water quality.
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