Water Research 84 (2015) 1e10

Contents lists available at ScienceDirect

Water Research
journal homepage: www.elsevier.com/locate/watres

Inhibitory effect of natural organic matter or other background
constituents on photocatalytic advanced oxidation processes:
Mechanistic model development and validation
Jonathon Brame a, 1, 2, Mingce Long b, 2, Qilin Li a, Pedro Alvarez a, *
a
b

Rice University Department of Civil and Environmental Engineering, Houston, TX, USA
Shanghai Jiao Tong University, School of Environmental Science and Engineering, Shanghai, China

a r t i c l e i n f o

a b s t r a c t

Article history:
Received 22 April 2015
Received in revised form
24 July 2015
Accepted 26 July 2015
Available online 29 July 2015

The ability of reactive oxygen species (ROS) to interact with priority pollutants is crucial for efﬁcient
water treatment by photocatalytic advanced oxidation processes (AOPs). However, background compounds in water such as natural organic matter (NOM) can signiﬁcantly hinder targeted reactions and
removal efﬁciency. This inhibition can be complex, interfering with degradation in solution and at the
photocatalyst surface as well as hindering illumination efﬁciency and ROS production. We developed an
analytical model to account for various inhibition mechanisms in catalytic AOPs, including competitive
adsorption of inhibitors, scavenging of produced ROS at the surface and in solution, and the inner
ﬁltering of the excitation illumination, which combine to decrease ROS-mediated degradation. This
model was validated with batch experiments using a variety of ROS producing systems (OH-generating
TiO2 photocatalyst and H2O2-UV; 1O2-generating photosensitive functionalized fullerenes and rose
bengal) and inhibitory compounds (NOM, tert-butyl alcohol). Competitive adsorption by NOM and ROS
scavenging were the most inﬂuential inhibitory mechanisms. Overall, this model enables accurate
simulation of photocatalytic AOP performance when one or more inhibitory mechanisms are at work in a
wide variety of application scenarios, and underscores the need to consider the effects of background
constituents on degradation efﬁciency.
Published by Elsevier Ltd.
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1. Introduction
Photochemical and photocatalytic processes offer unique capabilities to treat many common water pollutants as well as recalcitrant contaminants of emerging concern, including pharmaceutical
products, endocrine disrupting compounds, and pesticides (Qu
et al., 2012; Chong et al., 2010; Klavarioti et al., 2009; Brame
et al., 2011). These advanced oxidation processes (AOPs) rely primarily on the strong oxidation potential of produced reactive oxygen species (ROS) such as hydroxyl radicals (OH; 2.8 V vs. SHE
(Klamerth et al., 2012)) or singlet oxygen (1O2, 1.1 V vs. SHE (Ahmad
and Armstrong, 1984)). Photocatalysis offers a potentially costeffective avenue for contaminant removal through extensive
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material reuse, use of solar illumination energy and utilization of
existing UV disinfection infrastructure to achieve more efﬁcient
treatment.
Photocatalytic processes must account for and overcome various
inhibition mechanisms in complex water matrices to enable
implementation as a viable water treatment technology. For
example, non-target organics can scavenge produced ROS, shade
the photocatalytic materials from incoming photons (inner ﬁlter
effect (Guillard et al., 2005)), and adsorb to the photocatalyst surface where they both displace adsorption of the target contaminants and potentially interfere with ROS production processes. We
recently developed an analytical model to account for the inhibitory effect of background constituents such as dissolved organic
matter and inorganic ions on the efﬁciency of homogeneous photoreactive AOP systems (Brame et al., 2014a). In this paper we expand
this model to consider more common heterogeneous photocatalytic systems, in which additional inhibition mechanisms may
interplay. Speciﬁcally, we consider ROS scavenging both in solution
and at the photocatalyst surface, competition for surface adsorption
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sites between target contaminants and background materials, and
light occlusion effects due to inner ﬁltering.
To accurately predict AOP inhibition in natural waters, models
must account for all of these processesdboth surface and bulk
phenomenadsince inhibitory mechanisms are likely to affect not
only bulk ROS concentration, but also surface concentrations and
generation mechanisms. However, existing models of photocatalytic processes are limited by assumptions of either bulk
degradation of contaminants by a steady state ROS concentration or
surface degradation following adsorption of the contaminant to the
photocatalyst surface (i.e., LangmuireHinshelwood kinetics,
(Konstantinou and Albanis, 2004)). Herein we develop a model to
account for both bulk and surface inhibition mechanisms simultaneously, allowing prediction of photocatalytic AOP inhibition due
to non-target compounds present in treatment water, such as
background natural organic matter (NOM). Validation of the model
was carried out using several different combinations of photocatalysts, ROS probes and inhibitory compounds, to investigate the
sensitivity of the model to variations in parameters such as
adsorption capacity, ROS generation rate, type (OH and 1O2) and
scavenging potential.
2. Materials and methods
2.1. Photo-reactive testing
Both homogeneous and heterogeneous photoactive systems
were used to validate the model and ensure its applicability to a
wide variety of photo-active AOPs. Hydroxyl radical-producing
materials used were titanium dioxide (TiO2) as a heterogeneous
system and UV-hydrogen peroxide (H2O2) as a homogeneous system. TiO2 was Degussa P25 with a nominal particle size of 30 nm
and surface area of 50 m2/g (Jafry et al., 2010). H2O2 (35 wt%) was
supplied by Fischer Scientiﬁc. Singlet oxygen-producing materials
used were functionalized fullerenes (heterogeneous system) and
rose bengal (RB; homogeneous system). The fullerene photocatalyst (SieC60) was an amine-functionalized C60 material covalently attached to a silica gel substrate by amide bonds. RB was
supplied by SigmaeAldrich. Photocatalyst loading (TiO2, SieC60)
was set at 0.5 g/L to simulate potential treatment conditions (Brame
et al., 2013; Lee et al., 2010), and homogeneous photosensitizer
concentrations (H2O2, RB) were chosen to match the steady state
ROS production of the photocatalyst materials (15 mg/L, and 25 mg/
L respectively). While other ROS species (e.g., super oxide) could be
generated by photo-reactive materials, electron paramagnetic
resonance (EPR) analysis showed that our systems primarily
generate OH and 1O2, respectively (Brame et al., 2014a, 2013; Lee
et al., 2010; Liao et al., 2013).
All photocatalytic tests were conducted using a box photoreactor described extensively in previous works (Brame et al., 2013;
Lee et al., 2010; Liao et al., 2013; Kim et al., 2012). Illumination was
provided by six 4 W bulbs with UV-A (TiO2, 350e400 nm), UV-C
(H2O2, 254 nm) or visible (SieC60, RB; 400e800 nm) illumination
spectra, with measured light intensities of 18 mW cm2 (Brame
et al., 2013), 165 mW cm2 (Lee et al., 2010), and 1.105 mW cm2
(Lee et al., 2011), respectively. Photo-reactive materials were stirred
vigorously at room temperature in the 50 mL quartz reaction vessel
with 1 mL sample aliquots taken at various time points for analysis.
Probe compounds used as representative target pollutants included
furfuryl alcohol (FFA, SigmaeAldrich) and 4-chlorophenol (4CP,
SigmaeAldrich) (Brame et al., 2014a; Lee et al., 2010, Lee et al. 2009;
Haag and Hoigne, 1986; Minero et al., 2000; Buxton et al., 1988;
Brame et al., 2014b). These probe compounds were chosen due to
their disparate properties (e.g., sorption, ROS reaction kinetics) to
validate the model under a wide range of degradation

circumstances. ROS (OH and 1O2) production was conﬁrmed previously using electron paramagnetic resonance (EPR) spectrometry,
with typical values of 5.5  1014 mg/L (OH) and 5.64  1013 mg/L
(1O2) (Brame et al., 2014a).
2.2. Analysis
Quantiﬁcation of FFA and 4CP concentration was carried out
with a Shimadzu Prominence HPLC (Shimadzu Corp., Columbia
MD) using a C18 column with acetonitrile and 0.1% (w/v) phosphoric acid as mobile phase solvents (70:30, FFA; 55:45, 4CP).
Pseudo ﬁrst order degradation rate constants (kA) were estimated
(±standard deviation) from a linear regression of observed exponential decay of compound concentrations as a function of time. To
avoid inﬂuence of degradation byproducts, rate constants were
calculated using only the early time data, representing the ﬁrst 30%
of degradation. All HPLC solvents were analytical-grade and obtained from SigmaeAldrich.
2.3. Inhibitory compounds
Two different compounds were used to probe inhibitory
mechanisms. Suwannee River NOM was used as a representative
organic material, and was obtained from the International Humic
Substances Society (St. Paul, MN, USA, (Hyung et al., 2006)). A
second inhibitory compound, tert-butyl alcohol (t-BuOH), was used
as a non-adsorbing comparison material, and was obtained from
SigmaeAldrich. Concentration ranges for inhibition compounds
were chosen based on preliminary studies (data not shown) and
previous ﬁndings (Brame et al., 2014a).
2.4. Kinetic model of ROS-mediated degradation
The initial ROS-mediated degradation of aqueous organic target
compound A in water (prior to degradation product formation) can
be modeled as a second order reaction:

dCA
¼ kA CROS CA
dt

(1)

Here CA represents the concentration of the target compound being
degraded (e.g., FFA), CROS represents the steady state ROS concentration in the system, and kA is the reaction rate constant for a
speciﬁc ROS compound reacting with target contaminant A in
water. Literature values of kA for a variety of compounds are
available for both OH (Buxton et al., 1988) and 1O2 (Wilkinson et al.,
1995).
When degradation takes place on the photocatalyst surface, the
same second order rate law is assumed with respect to the surfacebound concentrations of ROS and the target pollutant (CROS,S and
CA,S, respectively). CA,S is a ratio of the occupied surface sites
compared to the total number of surface sites, and is assumed to be
in instantaneous equilibrium with the bulk aqueous phase concentration CA, and is quantiﬁed using the Langmuir adsorption
equilibrium model, which assumes a limited number of surface
adsorption sites that can be ﬁlled to a monolayer of surface
coverage in instantaneous equilibrium with the bulk concentration
of the adsorbing compound (CA):

CA;S ¼ qA ¼

KA C A
1 þ KA C A

(2)

Where qA is the equilibrium surface loading of A and KA is the
Langmuir adsorption constant. Inserting eq. (2) into eq. (1) yields
an expression for ROS-mediated degradation at the surface of a
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photocatalyst, the LangmuireHinshelwood (LeH) equation (ElMorsi et al., 2000; Enriquez and Pichat, 2001; Zhang et al., 1998):

dCA;S kA CROS;S KA CA
¼
dt
1 þ KA C A

(3)

3. Results and discussion
3.1. Model development
To determine the overall inhibitory effect of non-target materials on photocatalytic degradation of a speciﬁc target compound,
we adopt a mass-balance approach that accounts for ROS-mediated
degradation in the bulk solution, adsorption interactions at the
photocatalyst surface, and degradation by ROS and/or photogenerated holes at the photocatalyst surface. By examining these
processes for both the target contaminants and inhibitory compounds, we can model interactions that inhibit degradation of the
target material. Since surface concentration (qA) and bulk concentration (CA) are interdependent through equilibrium adsorption,
degradation reactions both at the surface and in the bulk solution
will inﬂuence contaminant concentrations and therefore reaction
rates both at the surface and in solution. To express this interplay,
we can describe the mass transport of compound A and ROS between the solution and the photocatalyst surface and degradation
in the bulk solution and at the photocatalyst surface (Fig. 1).
The LeH equation (eq. (3)) is frequently used to describe surface
photocatalytic reactions. Most other mechanistic photocatalytic
reaction models developed from primary photocatalytic processes
can be simpliﬁed to a similar form (Minero, 1999; Emeline et al.,
2000), therefore the LeH equation was deemed suitable for the
proposed model. Our model considers both surface and bulk reactions between the target contaminant and ROS (at steady state
concentrations). The model assumes that the organic solute is
adsorbed on the photocatalyst surface prior to reactions, while the
bulk reaction rate is described by a second order bi-molecular reaction model. This model only requires bi-molecular reaction rate
constants for the ROS-contaminant system, and the Langmuir

3

adsorption isotherm parameters, which can all be determined
independently without data ﬁtting.
3.1.1. Assumptions
The model assumes that the inhibitory compound decreases
the target compound degradation rate through three independent
mechanisms: scavenging of ROS, competitive adsorption on
photocatalyst surface and inner ﬁltering of incident illumination.
We also assume that adsorption equilibrium of both target and
non-target compounds to photocatalyst surfaces can be described
by the multi-solute Langmuir model (Turchi and Ollis, 1990), and
that the Langmuir adsorption constant KA is independent of
irradiation. Next, it is assumed that the concentration of ROS at
the photocatalyst surface and in the bulk (CROS,S and CROS,B,
respectively) are at steady state. This is a common assumption due
to the short lifetime of ROS in aqueous solutions and the lack of
ROS buildup observed in photocatalytic systems (Wilkinson et al.,
1995; Tachikawa and Majima, 2009). CROS,S in our model is
assumed to include all oxidation species active at the surface of
the photocatalyst, including photo-generated holes and surfacebound ROS. This simpliﬁcation allows use of a single term for
ROS generation and for ROS emediated degradation kinetics
regardless of the speciﬁc ROS species responsible for the degradation reaction.
We also assume a bi-molecular, second order reaction between
ROS and the compound being oxidized (FFA, NOM, etc.), so one ROS
molecule is consumed for every molecule that is oxidized. Since
oxidation of reaction byproducts can further decrease the ROS
concentration, the model is limited to initial degradation rates (ﬁrst
20 min, generally) before signiﬁcant byproduct formation. Lastly
we assume an average ROS diffusion distance based on ROS diffusion coefﬁcients (Tachikawa and Majima, 2009) to determine the
ROS concentration gradient for Fickian diffusion. The diffusion coefﬁcients used were for ROS compounds in water, but could be
modiﬁed to include the effect of target and inhibitory compounds
for increased accuracy.
Note that this model does not consider non-photocatalytic
degradation processes such as photolysis or direct photooxidation. In many cases (including the validation studies presented), the pollutants targeted for photocatalytic degradation are
sufﬁciently recalcitrant to preclude these peripheral photodegradation processes, which should be conﬁrmed using control
experiments without photocatalyst (Figure S1, SI).
3.1.2. Degradation without inhibitory compounds
A mass balance for compound A in a photocatalytic system with
no inhibitory compounds reveals that there are two sinks: degradation in the bulk aqueous phase (eq. (1)) and at the surface (eq.
(3)) (Fig. 1, pathways 1 and 3, respectively).

kA CROS;S KA CA
dCA
¼ kA CROS;B CA 
dt
1 þ KA C A


CROS;S KA
¼ kA CA CROS;B þ
1 þ KA C A

Fig. 1. Mass transport pathways during photocatalytic degradation. Pathway 1 represents bulk-phase degradation of the target compound by ROS. Pathway 2 represents
reversible adsorption onto the photocatalyst surface. Pathway 3 represents degradation on the surface by ROS and photo-produced holes. Pathway 4 represents the
transport of ROS from the photocatalyst surface into the bulk solution.

(4)

Since the ROS concentration at the surface and in the bulk
aqueous phase are different, we denote them as CROS,S and CROS,B,
respectively. We can also perform a mass balance on ROS in the
system, which is assumed to be at steady state. Production of ROS
(PROS) takes place at the photocatalyst surface, and ROS is
consumed in reactions with A either in solution or at the surface,
while transport of ROS between the photocatalyst surface and solution is a diffusion ﬂux (JROS, area normalized) (Fig. 1, pathways 1, 3
and 4, respectively):

4

J. Brame et al. / Water Research 84 (2015) 1e10

dCROS;B
¼ JROS  kA CROS;B CA ¼ 0
dt

(5)

dCROS;S
kA CROS;S KA CA
¼ PROS  JROS 
¼0
dt
1 þ KA C A

(6)

Since there is no accumulation or depletion of ROS in solution
¼ 0), the transport of ROS (JROS) from the surface into the
bulk is equal to the bulk degradation term in eq. (5), which can then
be substituted into eq. (6) to solve for PROS:
dCROS;B
( dt

PROS ¼ kA CROS;B CA 

kA CROS;S KA CA
1 þ KA C A

(7)

The ROS concentration at the surface and in the bulk are related
by Fick's ﬁrst law, JROS ¼ D0 *DCROS (D0 is the diffusion coefﬁcient [D]
(Buxton et al., 1988; Tachikawa and Majima, 2009) normalized per
unit diffusion length), which enables eq. (4) to be restated in terms
of only the surface ROS concentration.



JROS ¼ D0 CROS;S  CROS;B

CROS;S

(8)

kA CROS;B CA
J
¼ CROS;B þ ROS
¼ CROS;B þ
0
0
D
D


k C
¼ CROS;B 1 þ A 0 A
D

CROS;B ¼

CROS;S

(9a)

D

dCA
1
KA
¼ kA CA CROS;S
þ
kA CA
dt
1
þ
KA CA
1þ 0

!
(10)

D

Eq. (10) incorporates the LeH equation to describe the photocatalytic degradation rate for a single probe compound accounting
for degradation both at the surface and in solution. In cases where
adsorption is negligible (KA << 1), eq. (10) reduces to eq. (1), with
CROS replaced according to eq. (9b). When bulk degradation is small
(kA C0 A [1), eq. (10) reduces to eq. (3), which is the LeH model for
D
surface-mediated degradation. CROS,S and/or CROS,B for a given
photocatalyst material and treatment scenario can be determined
experimentally for a given photocatalytic system using simple
probe compounds (Brame et al., 2014a).

KN is the Langmuir adsorption constant for the inhibition compound (N) adsorbing onto the photocatalyst surface and CN is the
equilibrium concentration of compound N in solution.
The mass balance on ROS in the system is adjusted to account for
scavenging of ROS by the inhibitory compound both in bulk and at
the surface. These reactions are identical to eqs. (1) and (3) with the
subscript A replaced by N. Following the same derivation as for eqs.
(8)e(10), we can determine the steady state production of ROS in
the system:

PROS ¼ kA CROS;B CA þ kN CROS;B CN þ

3.1.3. Degradation in the presence of inhibitory compounds
When an inhibitory compound such as NOM is present, there is
competition for ROS in solution and at the surface, and for
adsorption sites on the photocatalyst surface. Although NOM is a
very complex combination of humic acids and other organic materials, we model it is a simple molecule for purposes of sorption
and reaction interactions. For competitive adsorption, degradation
follows a simple, multi-solute Langmuir equilibrium model
(Abdullah et al., 1990):

The system mass balance on compound A then becomes

kA CROS;S KA CA
1 þ KA CA þ KN CN

kN CROS;S KN CN
þ
1 þ KA C A þ KN C N


CROS;S KA
¼ kA CA CROS;B þ
1 þ KA CA þ KN CN


CROS;S KN
þkN CN CROS;B þ
1 þ KA C A þ KN C N

(13)

¼ CROS;B ðkA CA þ kN CN Þ

We can again use eq. (8) to relate CROS,B to CROS,S; however, in
this case JROS at steady state is equal to the sum of bulk degradation
of both A and N (adding the degradation of compound N to eq. (5)).

kA CROS;B CA þ kN CROS;B CN
J
CROS;S ¼ CROS;B þ ROS
¼ CROS;B þ
0
0
D
D


k C þk C
¼ CROS;B 1 þ A A 0 N N
D
(14a)
CROS;B ¼

CROS;S
1 þ kA CA þk0 N CN

(11)

(14b)

D

Inserting eq. (14b) into eq. (13) yields:

PROS ¼
1þ

kA CROS;S KA CA
dCA
¼
dt
1 þ KA C A þ KN C N

(12)

CROS;S
ðk C K þ kN CN KN Þ
þ
1 þ KA CA þ KN CN A A A
(9b)

1 þ kA C0 A

kA CROS;S KA CA
dCA
¼ kA CROS;B CA 
dt
1 þ KA C A þ KN C N


CROS;S KA
¼ kA CA CROS;B þ
1 þ KA C A þ K N C N

CROS;S
ðk C þ kN CN Þ
kA CA þ kN CN A A
D

0

CROS;S
ðk C K þ kN CN KN Þ
þ
1 þ KA C A þ KN C N A A A
"
1
¼ CROS;S
ðk C þ kN CN Þ
kA CA þ kN CN A A
1þ
0
D
#
1
þ
ðk C K þ kN CN KN Þ
1 þ KA C A þ KN C N A A A
CROS;S ¼

1

k C þk C
1þ A A 0 N N
D

(15)

PROS
ðkA CA þkN CN Þþ 1þKA C1A þKN CN ðkA CA KA þkN CN KN Þ
(16)

Combining eqs. (14b) and (16) back into eq. (12) and simplifying
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yields an expression for overall degradation rate of the target
compound (A) in terms of the ROS production rate and concentration of inhibitory compound.

dCA
PROS
¼
ðFþKN SÞ
dt
1 þ kkN CCNðFþK
SÞ
A

Where F ¼

A

(17)

A

1

kA CA þkN CN
0
D

1þ

; S ¼ 1þKA C1A þKN CN

Equation (17) is a general expression for steady state ROSmediated photocatalytic degradation of compound A in the presence of NOM or any other ROS-scavenging material.
3.1.4. Light absorption
In addition to the changes in degradation discussed above, the
addition of inhibitory compounds can also alter the ROS production
rate (PROS) by absorbing light, thus reducing illumination available
for ROS production. This inner ﬁlter effect due to light attenuation
can be accounted for using the BeereLambert law, in which PROS
will be attenuated by the factor 10m[CN , where m is the speciﬁc
absorption coefﬁcient of the material and [ is the optical path
length of the incoming light (Brame et al., 2014a; Bezares-Cruz
et al., 2004).

PROS
¼ 10m[CN
PROS;0

(18)

The subscript 0 on PROS indicates the ROS production rate
without light attenuation. Plugging the modiﬁed ROS production
rate into eq. (17) we can model the total decrease in degradation
due to scavenging, competitive adsorption and light attenuation.

PROS;0
dCA
¼
10m[CN
ðFþKN SÞ
dt
1 þ kkN CCNðFþK
SÞ
A

A

5

reviews in the Journal of Physical and Chemical Reference Data
providing kinetic parameters for myriad chemical compounds
reacting with OH (Buxton et al., 1988) and 1O2 (Wilkinson et al.,
1995). When rate constant values were not available from literature sources, they were estimated using EPI Suite, or measured
independently using a known ROS concentration in ultrapure water
(Brame et al., 2014a). Sorption parameters (KA, KN) were measured
for this study using Langmuir adsorption isotherms, or taken from
literature sources using identical photocatalytic materials
(Martínez et al., 2011). Finally, the inner ﬁlter constant was calculated by measuring the absorbance of the NOM at each wavelength
according to the BeereLambert law, following the method derived
previously for homogeneous photoreactions (Brame et al., 2014a).
Validation compounds were chosen with wide variation in these
parameters to show the ﬂexibility of the model. For example, one of
the probe compounds used (4CP) signiﬁcantly adsorbs to the
photocatalyst materials, while the other (FFA) does not (KA << 1);
and, since OH are much more easily scavenged by NOM than 1O2,
OH -based degradation reactions are more inhibited than 1O re2
actions in the presence of NOM (kN for 1O2 z 0) (Brame et al.,
2014a). Similarly, the inhibitory compounds provide further differentiation. NOM absorbs light strongly in both the visible and UV
spectrum and adsorbs to photocatalysts' surfaces, while t-BuOH
neither absorbs light (m[ << 1) or adsorbs to the photocatalyst
(KN << 1). Figs. 2e4 show the ability of the model to predict
degradation rates for these various photocatalytic treatment parameters including treatment with TiO2 (Fig. 2), SieC60 (Fig. 3) and
homogeneous photo-sensitizers RB and H2O2 (Fig. 4). In all cases
tested, the model predicts the degradation rates with a high degree
of accuracy (r2 > 0.88, p < 0.05). These results validate the proposed
model, and show its capability to predict degradation for a wide
variety of possible photocatalytic water treatment scenarios.

(19)

A

Since m is a function of wavelength for each inhibitory material
and [ is a function of reactor geometry, the combined factor m[ can
be obtained by numerically integrating absorbance and illumination path-length over the relevant wavelength range and reactor
geometry, as shown previously (Brame et al., 2014a; Bezares-Cruz
et al., 2004).
3.2. Model validation
To validate this model we used a variety of photocatalytic materials, probe compounds and inhibition compounds to survey the
effect of various adsorption and kinetic properties between the
reacting materials. We then compared the measured degradation
rates in these conditions to the degradation rates predicted by the
model developed above. Photocatalytic materials tested included
Degussa P25 TiO2, which produces primarily OH, and aminofunctionalized fullerenes attached to a silica gel substrate, which
produce primarily 1O2. For further validation, we also evaluated the
proposed model using data from previously published homogeneous photo-reactive systems (UV/H2O2 and rose bengal (Brame
et al., 2014a)) to ensure that this more general model is capable
of predicting inhibition in a wide variety of AOP systems. Calibration of the model was accomplished by measuring the production
of ROS in the absence of inhibition compounds (PROS), which provides a baseline for comparison as CN increases. Note that since the
model predicts relative degradation rates (normalized to degradation in absence of inhibitory compounds), the PROS term cancels,
enabling the model to be validated independently.
Modeling parameters are given in Table 1. Degradation rate
constants (kA, kN) and diffusion constants (D) were taken from

3.3. Sensitivity analysis
A sensitivity analysis was performed to discern the most inﬂuential variables and determine which coefﬁcients are most susceptible to compounding error within the model. Parameter values
from eq. (19) (Table 1) were varied by ±50% using a one-factor-at-atime (OAT) method (Saltelli et al., 2005) to compare the point
elasticity of the predicted degradation rate (dCA/dt). Point elasticity
is a measure of how sensitive the system is to a given parameter
and it is deﬁned as the percent change in the dependent variable (in
this case degradation rate) divided by the percent change in an
independent variable (Gomez et al., 2008). A point elasticity value
of 1 for a given parameter indicates that a 10% change in that
parameter will result in a 10% change in the modeled degradation
rate. Table 2 shows the individual point elasticity values for the
parameters from eq. (19) for each of the photo-reactive systems
described in Figs. 2e4. Some of the parameters in these individual
cases have no point elasticity because their values are small/zero.
To account for this, we have also calculated the average point
elasticity (Table 3), using parameter values depicted in Table 1.
The most sensitive parameter was the photocatalyst ROS production rate (PROS,0). The elasticity value of 1 is intuitive from eq.
(19), where PROS,0 is directly proportional to the modeled degradation rate. PROS,0 is effectively a scaling factor describing the ability
of the photo-reactive material to generate ROS, and the amount of
ROS produced affects degradation through each of the pathways
described in sections 3.2e3.3. Analysis of other sensitive parameters, including degradation rate constants, inner ﬁlter coefﬁcients,
and adsorption constants, yields insight into the relative importance of the mechanisms considered by the model.
The inhibitory compound reaction rate constant (kN) and sorption constant (KN) were the next most sensitive parameters with
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Table 1
Parameters used in this model.
Photo-material

TiO2

ROS type

OH

Probe compound (A)

a

t-BuOH

NOM

1.5  108

d

1.3  104

a

b

7.7  105

1.1  105

1.3  104

14  10

3

b

7.7  105

d

1.1  105

NM

NM

14  10

FFA
NOM

a

b

1.2  106

c

3.4  108

c

3.4  108

1.3  104

b

NM

NM

NM

e

8.8  104

e

8.8  103

NM

NM

d

N/A

N/A

d

5.7  10

3

h

3

20  10

h

11  10

17a-ethynylestradiol

t-BuOH

d

d

OH

Diclofenac
NOM

NM

0.15

NM

1.5  108

d

g

3



1.3  104

0.17
d

FFA
NOM

NM

8.8  104

NM

FFA

1.2  106

TiO2

O2

NOM
b

d

a

d

5.9  107

d

NM

d

t-BuOH

RB
1

OH

O2

4CP

NOM

H2O2

1

FFA

Inhibitory compound (N)
Reaction rate constant
(A) (kA, L/g s1)
Reaction rate constant
(N) (kN, L/g s1)
Langmuir adsorption
constant
(KA, L/mg)
Langmuir adsorption
constant
(KN, L/mg)
Diffusion coefﬁcient
(D, m2 s1)
Inner ﬁlter constant
(m[, L/mg)

SieC60

1.1  105

a

3

d

NM

3

d

1.3  104
f

1.1  105

d

b

7.7  105

NM

a

0.17

14  10

2.5  108

NM

d

a

c

f

NM

0.17

NM

t-BuOH

2.5  108

8.8  104

a

0.17

14  10

7.7  105

NOM
c

3

0.17

NM

NM ¼ Not Measureable, z0.
a
(Buxton et al., 1988).
b
(Wilkinson et al., 1995).
c
EPI Suite.
d
This study.
e
(Martínez et al., 2011).
f
(Frontistis et al., 2012).
g
(Skovsen et al., 2005).
h
(Brame et al., 2014a).

average point elasticity values of 0.96 (Table 3) and several individual point elasticity values >0.84 (Table 2). The large elasticity of
parameters relating to the inhibition compound is indicative of the
importance of ROS scavenging and competitive sorption in photocatalytic processes, conﬁrming that the presence of background
organics could have signiﬁcant effects on the efﬁciency of AOP
systems.

The inner ﬁlter effect (average point elasticity: 0.51) is another
parameter not often accounted for in photocatalytic studies, but
which could signiﬁcantly decrease the efﬁciency of photocatalytic
AOPs (Brame et al., 2014a). For example, individual point elasticity
values >0.80 (Table 2) show the strong inﬂuence of NOM on UVTiO2 systems. Background materials that absorb light could seriously impede illumination within a reactor system, and thereby

Fig. 2. Measured and modeled relative degradation rates (degradation rate divided by rate without inhibitor) as a function of inhibitor concentration for the degradation of FFA (A
and B) and 4CP (C and D) by TiO2 photocatalyst producing OH. The model (eq. (19)) ﬁts the data with an r2 value of 0.98 (A), 0.88 (B), 0.91 (C) and 0.96 (D) (p < 0.05). [FFA]0 ¼ 25 mg/
L, [4CP]0 ¼ 2.5 mg/L, [TiO2]0 ¼ 0.5 g/L.
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Table 2
Point elasticity of target compound degradation rates (dCA/dt, eq. (19)) for each
parameter for the cases discussed in Figs. 2e4.

Fig. 3. Measured and modeled relative degradation rate (degradation rate divided by
rate without inhibitor) as a function of NOM concentration for the degradation of FFA
by SieC60 photocatalyst producing 1O2. The model (eq. (19)) ﬁts the data with an r2
value of 0.90 (p < 0.05). [FFA]0 ¼ 25 mg/L, [SieC60]0 ¼ 0.5 g/L.

limit treatment effectiveness. However in some casesdsuch as tBuOH with UV light (point elasticity ¼ 0, Table 2)dinner ﬁltering
has no effect because the wavelength of light absorbed by the
inhibitory compound does not align with the excitation wavelength
of the photocatalyst. A more complete understanding of inhibition
mechanisms provided by this model could, for example, help
inform an AOP user if pre-treatment to remove background, lightattenuating compounds would markedly improve degradation kinetics. This highlights the signiﬁcance of identifying, understanding and characterizing the inhibition mechanisms likely to occur in
a photo-reactive system to overcome potential efﬁciency barriers.
3.4. Mechanistic insights
The proposed model allows insight into the relative importance
of multiple inhibitory mechanisms, and can be used to help inform
process and photocatalyst design for photo-reactive systems. For
example, this model can enable quantitative prediction of inhibition processes that have previously been only described qualitatively, such as inhibition of degradation of persistent organic
pollutants in the presence of NOM (Lee et al., 2011; Doll and
Frimmel, 2005a; Zhang et al., 2014) or in wastewater treatment
(Lee and von Gunten, 2010; Doll and Frimmel, 2005b; Arslan et al.,
2000). These inhibitory effects depend signiﬁcantly on the properties of the target compound, the inhibitory compounds and the

Photo-active material

TiO2

Probe compound

FFA

Inhibitory compound

NOM

t-BuOH

NOM

kA
kN
PROS,0
KA
KN
D0
ml

0.88
3.11
1.00
0.00
0.00
0.00
0.82

0.27
0.24
1.00
0.00
0.00
0.00
0.00

0.76
0.84
1.00
0.76
0.84
0.00
0.80

SieC60

H2O2

RB

FFA

FFA

FFA

t-BuOH

NOM

NOM

NOM

0.83
1.00
1.00
0.83
1.00
0.00
0.00

0.00
0.00
1.00
0.00
0.00
0.00
0.32

0.12
0.12
1.00
0.00
0.00
0.00
0.54

0.00
0.00
1.00
0.00
0.00
0.00
0.29

4CP

Table 3
Average point elasticity of parameters with respect to target compound degradation
rates (dCA/dt, eq. (19)), determined using characteristic parameter values from
Table 1.
Parameter

Parameter value

Average point elasticity

kA
kN
PROS,0
KA
KN
D0
ml

1.5  108 L/g s1
1.3  104 L/g s1
0.2 min1
8.8  104 L/mg
1.1  105 L/mg
0.15 L/mg
10  103 L/mg

0.81
0.96
1.00
0.81
0.96
0.00
0.51

ROS-generating photoactive materials, as reﬂected by the modeling
parameters (Table 1). A comparison of OH -generating and 1O2generating photo-reactive processes shows that NOM exerts a
greater inhibitory effect in OH -mediated systems than in those
that produce 1O2. Figs. 2A, B, C and 4Bdall of which are OH
-producing systemsdeach show a >75% decrease in degradation
rate in the presence of background materials (25 mg/L NOM,
150 mg/L t-BuOH), while degradation rates in 1O2-producing systems decreased by less than 15% (Figs. 3 and 4A). This is consistent
with previous ﬁndings that show singlet oxygen to be a much more
selective oxidant, and therefore much less susceptible to scavenging by non-target contaminants such as NOM (Brame et al.,
2014a).
Although the inhibitor t-BuOH has a much higher reaction rate
constant than NOM (7.7  105 vs 1.3  104 L/g s1), the higher
adsorption afﬁnity of NOM onto the TiO2 surface makes NOM a
stronger inhibitor (Fig. 2A, C vs. 2B, 2D). However, target substrates
with higher adsorption propensity (e.g., 4CP) can counteract

Fig. 4. Measured and modeled relative degradation rates (degradation rate divided by rate without inhibitor) as a function of NOM concentration for the degradation of FFA by RB
(A) and H2O2 (B). The model (eq. (19)) ﬁts the data with an r2 value of 0.90 (A) and 0.97 (B) (p < 0.05). [FFA]0 ¼ 25 mg/L, [H2O2]0 ¼ 15 mg/L, [RB]0 ¼ 25 mg/L. Modiﬁed from Brame
et al. (2014a).
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Fig. 5. Degradation rates as a function of inhibitor compound (NOM-A; t-BuOH-B) predicted by the model (eq. (19)) for two emerging contaminants, diclofenac and 17a-ethynylestradiol (EE2).

inhibition by NOM to a certain extent through competitive
adsorption. Fig. 2D is an important case of this mechanism, wherein
the strong adsorption of 4CP to the TiO2 surface substantially
counteracts the strong ROS scavenging of a OH emediated system.
Overall, these results show the ability of the model to accurately
predict photocatalytic AOP performance for a wide variety of
possible implementation scenarios, which is important to support
the design and operation of robust treatment systems. For example,
Fig. 5 shows model simulations for the photocatalytic degradation

of two pollutants of emerging concern, diclofenac and 17a-ethynylestradiol (EE2). Sorption constants onto TiO2 were obtained
from the literature, while OH degradation rate constants were
estimated from structureeactivity relationships using EPI Suite
(Table 1). These two compounds provide an interesting theoretical
comparison because they have similar degradation kinetics, but
different sorption properties (KA,diclofenac >> KA,EE2). In the presence
of a strongly adsorbing inhibitor (NOM), predicted EE2 degradation
falls off dramatically, while predicted diclofenac degradation

Fig. 6. Inﬂuence of each model parameter on degradation rate (eq. (19)) with all other parameters held constant. The variation scale of each parameter (x-axis) was chosen to
extend beyond extreme high and low values for that parameter reported in the literature. The red circles indicate the value of that parameter held constant in each of the other
graphs (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.).
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Fig. 7. Inﬂuence of competitive adsorption (KA/KN) and ROS scavenging (kA/kN) inhibition mechanisms on degradation efﬁciency according to the model (eq. (19)). Relative
degradation rate represents the ratio of the degradation rate in the presence/absence of background materials. Inset shows several slices of the 3-dimensional graph with ROS
scavenging representative of a 1O2 system (Log kA/kN ¼ 5), a OH -producing system (Log kA/kN ¼ 2) and a system with extreme scavenging (Log kA/kN ¼ 2). The triangle and circle
on the graphs indicate dicloferan and EE2, respectively, in the presence of t-BuOH (Log kA/kN z 2; Log KA/KN ¼ 0.5 (dicloferan), 2 (EE2); see Fig. 5).

decreases much more slowly because it is able to compete with
NOM for adsorption sites on the TiO2 surface. Both compounds
should be less inhibited by t-BuOH, which does not adsorb strongly
to TiO2. In this case, the simulated degradation of diclofenac is only
slightly inhibited because the majority of degradation takes place at
the photocatalyst surface, while the model predicts EE2 degradation to be moderately inhibited due to scavenging of OH by tBuOH.
Understanding the inﬂuence of each of the model parameters on
degradation efﬁciency can also help inform system requirements to
overcome potential losses of efﬁciency due to inhibition. Fig. 6
shows the relative inﬂuence of each model parameter on overall
degradation efﬁciency when all other parameters are held constant.
Increasing values of kA, KA, CA and PROS,0 results in increased
degradation rate, as adsorption of the target pollutant, ROS generation and degradation kinetics are increased. Meanwhile increasing
values of kN, KN, CN and ml correspond to a larger inﬂuence of the
inhibitory compound and therefore more inhibition (decreasing
degradation rates).
In some cases, it is not the absolute value of a parameter, but the
parameter's value in relation to another parameter that inﬂuences
inhibition in the system. Of special interest is the ratio of the
adsorption constants of A and N (KA/KN), which indicates the inﬂuence of competitive adsorption, and the ratio of the degradation
rate constants of A and N (kA/kN), which indicates the inﬂuence of
ROS scavenging in the system. Fig. 7 shows a 3-dimensional plot of
the relative degradation rate (ratio of the degradation rate in the
presence/absence of background materials) as a function of both
the competitive adsorption (KA/KN) and ROS scavenging (kA/kN) in a
photocatalytic system. The regions of especially high and low
inhibitory effect are intuitive, corresponding to high and low
competitive adsorption and scavenging, respectively. However, the
shape of the graph indicates that to some extent, the presence of
signiﬁcant inhibition by either mechanism can be overcome by
engineering a system to minimize the effect of the other. For
example, a system with signiﬁcant inefﬁciency due to competitive

adsorption can avoid inhibition by using a photocatalytic process
that is highly selective, such as a 1O2-generating process. The two
emerging contaminants modeled in Fig. 5B are represented as a
triangle mark (diclofenac) and circle (EE2) on the graphs in Fig. 7.
Both of these compounds have similar scavenging potential (Log kA/
kN z 2), but diclofenac is much less prone to competitive sorption
inhibition than EE2 due to its higher adsorption capacity (Log KA/
KN ¼ 0.5, 2 respectively). By tracing these parameters on the 3D
graph of Fig. 7, we can estimate the degradation efﬁciency modeled
in Fig. 5B.
The inset chart in Fig. 7 shows several slices of the 3dimensional graph with kA/kN values representing 1O2 (kA/
kN ¼ 105), OH (kA/kN ¼ 102) and a case of extreme scavenging (kA/
kN ¼ 102). For a 1O2-mediated process, the inﬂuence of competitive adsorption is minimal, with no inhibition across several orders
of magnitude of KA/KN, including negative log values, which
represent cases where sorption of the non-target material dominates sorption of the target compound. Meanwhile, for OH systems
the adsorption constants must be at least comparable to avoid
signiﬁcant inhibition. In the case of excessive scavenging (e.g., a
very difﬁcult to degrade target compound with a small kA/kN), only
selective adsorption of the target compound can enable degradation without signiﬁcant inhibition. This suggests that even very
recalcitrant contaminants could be preferentially degraded in a
system engineered to selectively adsorb the target compound (e.g.,
functionalized substrates for compound-speciﬁc adsorption).
Further work is needed to explore this possibility.
4. Conclusion
This study reafﬁrms the importance of accounting for background NOM or other inhibitors during advanced oxidation, as
degradation rates can decrease by one order of magnitude or more
in the presence of such background water constituents. Our validated mechanistic model enables determination of these effects for
ROS-mediated advanced oxidation processes in a wide variety of
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implementation scenarios and source water characteristics. The
model points to competitive adsorption by NOM and ROS scavenging as the most inﬂuential inhibitory mechanisms. By providing
a novel analytical approach to simultaneously consider surface and
solution photocatalytic oxidation, this model can help inform
strategies to enhance the performance of AOPs, even in systems
with high levels of NOM or other background constituents.
Appendix A. Supplementary data
Supplementary data related to this article can be found at http://
dx.doi.org/10.1016/j.watres.2015.07.044.
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