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This study utilised design of experiment, and statistical and modelling tools to understand and optimise
photodegradation performance of an annular slurry photoreactor (ASP) system using a newly devel-
oped titania impregnated kaolinite photocatalyst (TiO,-K) for the degradation of Congo Red (CR). Using
a Taguchi orthogonal array of Lg (3)?, only 9 experiments were required, instead of 81 experiments in a
conventional one-factor-at-a-time approach, to optimise the operational factors of TiO,-K loading, pH,

IT(%'WWdS : aeration rate and CR concentration, and to determine their synergistic factor interactions in the ASP sys-
Clonzgo Red tem. The apparent first-order rate constants estimated from the Langmuir-Hinshelwood (L-H) model

were assigned as the output responses in the designed array. Analysis of variance showed that the CR
concentration appears to be the most significant factor, while pH is the least influential on the photodegra-
dation rate. The response surface model with Box-Cox power iterative procedure was used to model the
different output responses and determine the synergistic interactions between the system factors. The
optimal operating conditions obtained from numerical simulation were regressed to yield an empirical
predictive model for modelling the photoactivity in the ASP system. It is anticipated that this statistical
model can be used as an effective design tool for scaling up a photocatalytic process for water treatment.
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1. Introduction

Since its first inception on the water splitting phenomena in
1972 by Fujishima and Honda, semiconductor photocatalysis util-
ising titanium dioxide (TiO,) has attracted tremendous attention
across different research fields [1-4]. Water remediation utilising
semiconductor TiO, first began in 1983 with numerous reported
on its efficiency in degrading a wide range of organic contaminants
in the aqueous environment [2,4]. The major advantage associated
with the use of TiO, for organic degradation is the production of
carbon dioxide and water as final by-products. Most of the previous
researches, however, mainly emphasized on the photodegradation
mechanisms of different surrogate organic compounds. To date,
modest technical progress was made to develop a photocatalytic
technology for an industrial application for water treatment. One
of the technical barriers to scale up the photocatalytic technology is
the presence of a number of system factors that require rapid cover-
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age testings. In a photocatalytic reactor, system factors include but
not limited to the photocatalyst loading, pH, aeration or liquid recir-
culation rate, concentration of organic contaminants, temperature,
light photon flux and intensity and others [3,4].

Previous investigations usually adopted the conventional one-
factor-at-a-time approach to optimise the photocatalytic processes,
where each operational factor was optimised in sequence [5-8].
In this instance, the applications of the research findings will be
restricted. Synergistic interactions between the process operational
factors are possible. The desertion made by using the conventional
approach might affect the eventual understanding and operation of
the process performances. For instance, Chin et al. [7] investigated
the effects of pH, aeration rate, TiO, and bisphenol-A concentra-
tion in batch tests. They found that the optimal factors combination
of pH 4,0.5gL~1 TiO, and 0.5Lmin~! aeration rate for degrading
10 ppm bisphenol-A. Other factor combinations might have a pro-
found effect on the photodegradation efficiency. In this instance,
the synergistic interactions between the process factors can only
be determined in a preceding sequence, but not in a random com-
bination. A full coverage testing on the factor interactions through
the conventional approach involves the design of a vast number
of experiments. If four operational factors are investigated at three
different levels, for instance, a complete set of 34 =81 experiments
are required.


http://www.sciencedirect.com/science/journal/13858947
http://www.elsevier.com/locate/cej
mailto:bo.jin@adelaide.edu.au
dx.doi.org/10.1016/j.cej.2009.04.027

M.N. Chong et al. / Chemical Engineering Journal 152 (2009) 158-166 159

This paper presents a study using Taguchi design of experiment
(DOE) technique and other complementary statistical analyses to
optimise an annular slurry photoreactor (ASP) system using a newly
developed titania impregnated kaolinite (TiO,-K) photocatalyst for
the degradation of Congo Red (CR). Congo Red is a secondary recalci-
trant diazo dye that is commonly found in wastewater and usually
can be removed via complex and expensive treatment processes.
The highly stable diazo chemical structure, together with its molec-
ular weight and distinct colouring properties make the CR as a
surrogate indicator for simulation of ASP system in this study.

In this study, an orthogonal test array design of Lg (3)* with 9
standard experiments was used to determine both the most influ-
ential and relaxed process operating factors, and the synergistic
interactions between the process factors. Four key ASP operational
factors, including TiO,-K loading, water pH, aeration rate and initial
CR concentration were employed for the orthogonal array of appro-
priate order. The apparent first-order rate constants estimated from
the Langmuir-Hinshelwood (L-H) kinetic model were used as the
output responses in the orthogonal array analysis. Subsequent anal-
ysis of variance (ANOVA) was employed to determine the degree
of significance for each process factors. The response surface mod-
elling with integrated Box—-Cox power iterative procedure was used
to reveal best power-transformed response surface model for the
representation of output responses obtained. With the aid of a com-
puter simulation, a series of optimum factor combinations was
yield and further regressed into a predictive empirical correla-
tion for modelling the ASP system. This statistical-DOE approach
is expected to simultaneously reduce the cost and experimentation
efforts, and the developed correlation is expected to provide a better
understanding and process operation modelling for the develop-
ment of an industrial photocatalytic process for water treatment.

2. Materials and methods
2.1. Materials

Congo Red (C33Hy3NgNay0gS,, Labchem Ajax Finechem, Aus-
tralia) was manually prepared to the chosen concentrations by the
addition of double de-ionised water. Congo Red, a secondary diazo
dye, is a recalcitrant azo dye commonly found in wastewater and
thus considered to be a representative organic pollutant in wastew-
ater, in terms of its chemical structure, molecular weight and azo
bonding. The chemical composition and structure of the Congo Red
was described in detail by Chong et al. [9].

The TiO,-K photocatalyst was successfully developed in our pre-
vious study [9]. The TiO,-K photocatalyst was prepared by the
parallel hydrolysis and condensation of titanium (IV) n-butoxide,
clay heterocoagulation and subsequent firing processing. The exact
preparation procedures was proceeded in two-steps before the fir-
ing processing, where the titania sol-gel was first produced under
a controlled acid-catalysed condition prior to the heterocoagula-
tion with the modified kaolinite clay at 37°C. Subsequently the
firing processing was performed at an increasing heat-flux rate of
2 K/min to 873.15 K. The TiO,-K photocatalyst was eventually found
to exhibit exceptional potential in photoactivity, distinct and stable
physical structures, ease of downstream separation and extensive
catalyst lifespan [9].

2.2. Annular slurry photoreactor system

A stainless steel-lined ASP column was designed and built for
this study. An ultraviolet (UV) light of 11 W (Davis Ultraviolet, Aus-
tralia) for photonic activation of TiO,-K photocatalyst was placed
annularly inside a quartz thimble to allow effective UV transmis-
sion into the reaction zone while preventing the direct contact with
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Fig. 1. Experimental set-up for the annular slurry photoreactor system: (1) UV light,
(2) recirculation water line, (3) fresh cooling water line, (4) cooling water vessel,
(5) cooling water pump, (6) temperature meter, (7) compressed air supply line, (8)
compressed air regulation valve, (9) sampling ports, (10) pH meter, (11) dissolved
oxygen meter, and (12) photoreactor.

the reaction fluid. The ASP column was designed with a detachable
conical bottom for free of reaction dead zone, making it easy for
cleaning and maintenance. A 45-microns air sparger was fitted to
the reactor bottom to provide sufficient aeration and dissolved oxy-
gen by homogeneous bubble distribution. The ASP column has four
sampling ports for descending water level sampling and optional
base dosing. Measurement probes and meters for in situ data log-
ging of operational pH, dissolved oxygen (DO) and temperature
(TPS, Australia) were connected to the reactor during investigation.
A detailed design of the ASP system and the whole experimental
set up were shown in Fig. 1.

2.3. Experimental setup

Aqueous solution of CR with known concentration was prepared
and adjusted to the initial pH value using 2 M hydrochloric acid and
2 M sodium hydroxide, and further verify by the pH meter (TPS, Aus-
tralia). A relatively low aeration rate was allowed to run through
the ASP column to prevent rapid settling of TiO,-K photocatalyst
particles when the TiO,-K/CR mixture was being introduced. The
TiO,-K/CR mixture was remained bubble in the ASP column for a
0.5 hdarkadsorption and stabilisation period prior to UV irradiation
at t=0h. Samples were collected at a 1.0 h interval and centrifu-
gated at 5000 rpm for 10 min for solid TiO,-K separation. The top
supernatant aqueous layer was decanted and filtered using Millex
VX filter (Millipore 0.45 pwm). The CR concentrations of the filtered
samples were measured by an UV-Vis spectrophotometer (Helios
Gamma, England) at 496.5 nm. This spectrophotometric concen-
tration measurement technique was proven to correlate well to the
extent of mineralisation, expressed in terms of chemical oxygen
demand (i.e. mgL~1) in our previous study [10].

2.4. Design and analysis of orthogonal array Lg (3)*

Orthogonal array (OA) is a statistical DOE that is mostly applied
in the manufacturing quality control and rapid software testing for
faults detection. It was first functionalised by Dr Genichi Taguchi
in the 1950s and known as the Taguchi method, specifically for
the cost effective investigation on process optimisation with abun-
dant of systematic factors. Such arrays work in a way, where the
effective design of experiments can determine the most influential
factor while relaxing the least significant ones. This Taguchi method
was eventually carried on to optimise the different factors combi-
nation by reducing the variability associated within each chosen
combination [11]. When this Taguchi DOE was compared to the con-
ventional one-factor-at-a-time optimisation approach, it was found
that the OA-based test runs are uniformly dispersed throughout
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the experimental domain, whereas only a small region is covered
in the conventional approach. This greatly enhances the identifica-
tion of factor interactions and variability within the domain, while
inversely reducing the time and experimental efforts to achieve
similar outcomes.

The OA is a two-dimensional arrays of factors which possess
an interesting quality that by choosing any two columns, an even
distribution of all pair-wise combinations can be obtained [11]. The
followings are some basic terminology employed in the orthogonal
arrays [11,12].

e Runs: the number of rows in the orthogonal array and also the
number of study cases.

e Factors: the number of columns in the array, which directly trans-
lates to the maximum number of variables that can be handled
by this array.

¢ Levels: the maximum number of values that can be taken on by
any single factor.

e Strength: the number of columns, i.e. LevelsStrength possibilities.

Thus, the orthogonal array of Lg (3)4 in this study actually indi-
cated Lgyns (Levels)Factors The different permutations for the chosen
factors are fixed, and in this instance all the possible pair-wise factor
combinations were shown in Fig. 2. Fig. 2 show the design and anal-
ysis of Taguchi OA involved in, four experiment stages of orthogonal
design matrix, noise factor matrix, and performance characteristics
and statistics. Table 1 summarises the Lg (3)* orthogonal array used
for this study. After the completion of the array, a parallel noise fac-
tor matrix was required for subsequent analysis. When the output
responses for the array were defined, each factor combination test
run will generate the noise factor combinations based on the value
of u +./3/20, where i and o are the mean and standard deviation
of the output responses within each test run. With the noise fac-
tor matrix, four signal-to-noise (S/N) ratios will be estimated for
every test run. Depending on the expected performance statistic
of the ASP system, the S/N ratio for every test runs in the orthog-
onal array can be maximised or minimised. In this instance, the
S/N ratio for the ASP system is expected to be “the larger the bet-
ter”, where the S/N ratio was maximised according to Eq. (1) for
optimum photodegradation rate [11]:

S(k) = —10 log (;Zé) (1)

2.5. Kinetic model

A rate expression for a single-component heterogeneous pho-
tocatalytic reaction that involves the reaction of dye molecules on
the surface of a photocatalyst is described by the saturation kinetic
expression by Langmuir-Hinshelwood;

_dICR] _ KKqas[CR]

dt  ~ 14Kyl CR] 2)

where r is the rate of photodegradation for the dye molecules
(molL-1min~1), k is the rate constant (molL~! min~1), [CR] is the
dye concentration, and K4 is the dynamic Langmuir adsorption
constant (M~1). However, there are three assumptions if Eq. (2) is
applicable: (i) the reaction system is in dynamic equilibrium; (ii)
the reaction is surface mediated, and (iii) the competition for the
active surface sites by the intermediates and other reactive oxy-
gen species are not limiting. If all these assumptions are valid, the
reaction species in the ASP will only consist of the adsorption sur-
face sites, dye molecules and its intermediates, the electron-hole
pairs and the reactive oxygen species. The rate constant, k inter-
prets as the intrinsic reaction rate constant. This includes the rate
of OH* and O,*~ generation, a function of the absorbed photon

flux, Lps [O2 ]aqs, competition from intermediate products, and mass
transport effects. The Langmuir saturation term K,45[CR]/(1 +[CR])
in Eq. (2) represents the fraction of surface sites occupied by the
dye molecules.

The implicit solution for Eq. (2) is given as in Eq. (3);
in () + Kags ICRI ~ [CRlo) = Kt 3)

[CR]o
which can be solved explicitly for t by using discrete change in the
dye concentration [CR] from initial concentration to a zero point of
reference.

Eq. (3) can be applied to yield the exact solution for the pho-
todegradation of CR. When the CR concentration is low (i.e. in
milimoles), an apparent first order model (Eq. (4)) can usually be
assumed by combining both the rate constant k with the Langmuir
adsorption constant K4 to yield the apparent rate constant term,
k' (min—1).
r= —% = kKads[CR] = ](/[CR] (4)
Rearranging and integration of Eq. (4) yields the pseudo-first order
model in Egs. (5) and (6) and such models have been applied in
several photocatalysis studies to characterise the effects of different
experimental conditions on the photodegradation rate.

[CR] = [CR]pe™*" (5)

In ([[ng]o) = KKyt = —K't (6)
To evaluate the k and K4, a plot of the reaction rate at different CR
concentrations can be carried out. An equivalent expression for the
L-H model that can be applied for such evaluation is shown in Eq.
(7), where both k and K4, can be obtained from the intercept and
slope of the line formed when 1/r is plotted against 1/[CR]g

1 1 1
5 Tk kKq4s[CR]o

(7)

3. Results and discussion
3.1. Determination of apparent first order rate constant

The principal interest using Taguchi array is to determine
the optimal operational factors and their combinations, and to
identify the most influential factors on the CR degradation rate.
Table 1 shows the Lg (3)* orthogonal array design for this study.
Table 1 presents the distinct characteristic of the array in which
each chosen factor was combined in a pair-wise permutation
without repeating itself in any other combinations. Each factor
combinations, however, required an output response to convey
the variability effects between every factor combination. The
photodegradation profiles exhibited a surface saturation kinetic
prototype, where an equilibrated dye concentration-time profile
was reached. The apparent first order reaction rate (k') from the
L-H model was applied as the output response for the array.

Since the k and K 45 were unknown, a graphical estimation was
required prior to the determination of the k’. The k and K45 could be
then estimated from the intercept and slope of the reciprocal plot
of CR photodegradation rate against the CR concentrations, respec-
tively. From the 9 array test runs, the initial rate (rg) was found to
be in the range of 7.15 x 1078 t0 2.14 x 10~7 mol L-! min~!, with ini-
tial CR concentrations of 2.70 x 10~ to 8.89 x 10~> molL-!. Fig. 3
shows the L-H fitted kinetic profiles for each test runs with the
inset being the plot of 1/ry against 1/[CR]. The k was calculated as
412 x 10~ mol L~1 min~! as the K4, varied from 2.55 x 103 L mol~!
t0 8.40 x 103 Lmol~'. Thus the K for each test run was determined
to be in the range of 1.05 x 10~2 min~! to 3.46 x 10~2 min~!. These
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Fig. 2. Lo (3)* Taguchi orthogonal array design of experiment and the associated interpretation and analysis flow diagram.
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Table 1

The Lg (3)* orthogonal array design for the optimisation of factors influencing the photodegradation of Congo Red in the APR system.

Test no. (matrix) Factors Output response
(A) TiO,-K (g/dm?) (B) pH (C) Aeration rate (dm?/min) (D) CR concentration (mg/dm?) Si

1 Al 4 B1 5.0 C1 5 D1 20 0.0112

2 Al 4 B2 7.0 c2 7.5 D2 40 0.0242

3 Al 4 B3 10.0 c3 10 D3 60 0.0346

4 A2 6 B1 5.0 C2 7.5 D3 60 0.0329

5 A2 6 B2 7.0 c 10 D1 20 0.0105

6 A2 6 B3 10.0 C1 5 D2 40 0.0240

7 A3 8 B1 5.0 Cc3 10 D2 40 0.0240

8 A3 8 B2 7.0 C1 5 D3 60 0.0317

9 A3 8 B3 10.0 c2 7.5 D1 20 0.0110

values were assigned as the output responses for each of the Taguchi
array test run as discussed in Section 3.2. Therefore, the optimum
operating factor level and their combinations within the four fac-
tors of TiO,-Kloading, pH, aeration rate and initial CR concentration
were determined at three different levels in the ASP system.

3.2. Interpretation of Taguchi array and analysis of variance
(ANOVA)

Since the L-H apparent first order reaction rate constants were
used as the output responses for the Lg (3)* orthogonal arrays, the

3.50E-02 - —+ Runt -=-Run 2 —Run3
= a— ﬁ* -a- Run 4 —Run 5 -+ Run 6
3.00E-02 /_,/ - ——Run7 = Run8 —Run9
£ - 1.60E+07 -
£ 250B0724 . . . .
‘_'_l /’ Ip;f"— 4 . 3 d o 1.40E+07 -
S e /1 1.20E+07 -
% . 1.00E+07 |
= £ g.00E+06 -
D b o
§ 1.50E-02 - 6.00E+06
4,00E+06 -
< e e
5 1.00EM 2.00E+06 -
2 0.00E+00 . ; , ;
« 0.00E+ 1.00E+ 2.00E+ 3.00E+ 4.00E+
5.00E-03 - 00 04 04 04 04
1/[CR]
—8-00E+00—
=100 0 100 200 300

Reaction Time, t (min)

Fig. 3. Langmuir-Hinshelwood profiles for the Taguchi OA standard test runs. (Inset: plot of 1/ry against 1/[CR].)
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Fig. 4. Effects of TiO,-K loading, pH, aeration rate and initial CR concentration on the photodegradation rate of CR in APR.

optimal operating factors and their combinations in the ASP can be
determined. The statistic values of S, designated as S to Sg have
been permuted according to the Taguchi analysis (Fig. 4) [11-13].
These S-values represent the S/Nratio of Taguchi analysis, where the
signal corresponds to the photodegradation rate in the ASP through
the k’-values interpretation and noise refers to other systematic
factors. These systematic factors might deviate the actual output
responses from their average nominal values. Fig. 4 shows the rela-
tive S-values against each operational factor of TiO,-K loading, pH,
aeration rate and initial CR concentrations. It can be concluded that
the factor combination at its corresponding optimal levels were
A3B1C,D;. These indicate that the optimal operating conditions
for the photodegradation of 40 ppm (D) of CR occurred at TiO,-
Kloading 8 gdm? (As3), pH 5 (B;) and aeration rate of 7.5 dm3 min~!
(&3]

We used analysis of variance (ANOVA) on the output S/N ratio
associated with every test run to identify the distinct characteris-
tic between the control or signal factors. Control factors are factors
that give a more significant effects on the S/N ratio, while the sig-
nal factors is the one with the smallest effect and usually can be
relaxed [14]. In order to achieve a better control of the variability,
the S/N ratio was maximised according to Eq. (1), to yield a high
photodegradation rate [15]. Since the variability is inversely pro-
portional to the S/N ratio, the experiment with maximum S/N ratio
is thus considered as optimum.

This study also employed different response surface models to
evaluate their suitability in simulating the output responses for the
CR photodegradation in the ASP system [16]. The general form of
the polynomial model and its related coefficients were calculated
using Eq. (8):

N N N N
Y=bo+» bXi+ Y bX2+ > > bXiX; (8)
i=1 i=1

ii<j j

where Y was the predicted output responses of the L-H apparent
first order rate constant (min~!), and i, j were linear, quadratic
coefficients, respectively. In this instance, the signal factors were
made as the linear term while the noise factors were the quadratic

terms. The parameters of b and N were regression coefficient and
the number of factors studied in the experiment, respectively.
Statistical results from the response surface simulations showed
that the output responses can be best represented by the linear
form of response surface model. The Fisher’s F-distribution test on
the output responses resulted in an F-value of 74.16, which indi-
cated that the linear terms is more significant compared to any
other response surface models. From Table 2, the p-value for the
linear model was estimated to be 0.005. This implies that there
was only a 0.05% chance that the linear model F-value can occur
in this study. Furthermore, the predicted R? values using different
response surface models were compared with their adjusted R? val-
ues for model accuracy. It was found that the predicted R? value of
0.9346 for the linear model gives the most reliable approximation
to the adjusted R? value of 0.9734. Since the significance of the F-
value was tested in the addition of linear terms to the intercept and
block effects, a small p-value (Probability > F) actually indicates that
the addition of interaction terms can improve the model. When the
2-factor interaction was evaluated, however, it was found that its
addition to the linear terms does not improve the significance of the
model used. The F-value decreased to 66.22, with p-value of 0.0943
when the interaction terms were accounted. Among the possible
interaction terms from the Taguchi DOE in this study, it was found
that the TiO,-K loading (A) has a positive synergistic effects when
being coupled with the aeration rate (C) only. Detrimental effects
on the overall DOE output responses were generated by other pos-
sible interaction terms between TiO,-K loading with pH (AB) and
pH with aeration rate (BC). Fig. 5 shows the interaction between
the studied factors. All these prove that the linear response sur-
face model can be used to simulate the output responses. All the
subsequent ANOVA analyses were based on the linear model.
Table 2 shows the estimated results from the ANOVA on the
output responses in this study. Apart from the S/N ratio of the ASP
system, ANOVA can also be used to identify which factors would sig-
nificantly affect the quality characteristic of the output responses or
which factors that can be relaxed. Specifically, the operational fac-
tors that significantly affect the photodegradation rate in the ASP
system can be numerically compared. In Table 2, the term SS repre-
sents the sum of square for each factor, df is the degree of freedom,
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Table 2
ANOVA for Taguchi OA output responses using linear response surface model.

ANOVA for response surface linear model

Source Sum of squares (SS) df Mean square (MS) F-value p-value Prob>F
Model 7.42E-04 4 1.85E-04 74.16 0.0005
A-TiO,-K loading 1.78E-06 1 1.78E-06 0.7129 0.4460
B-pH 5.36E—-07 1 5.36E—-07 0.2144 0.6674
C-aeration rate 8.66E-07 1 8.66E—07 0.3465 0.5877
D-initial [CR] 7.38E-04 1 7.38E-04 295.37 <0.0001
Residual 1.00E-05 4 2.50E-06
Correlation total 7.52E-04 8

and MS is the mean square for each factor. The F-value for factor
D (CR concentration) was found to be the highest, with value of
Fp=295.37 and p<0.0001. This indicated that any changes in the
initial CR concentration will lead to the most significant influence
on the CR degradation rate. The F-values for other factors of TiO,-K
loading (Fa), pH (Fg) and aeration rate (Fc) were also estimated. It
was found that the F-values for F4, Fg and F- were quite insignificant,
corresponding to p-values of 0.4460, 0.6674 and 0.5877, respec-
tively. The method of pooling for insignificant factors to an error
term is usually applied when the degree of freedom is low [14,15].
However, this was found to be redundant in this case. From all the
estimated F-values, it can be concluded that the sequence of factor
influence on a descending rank for each of the studied factors was
D>A>C>B.

Further statistical analyses were performed to determine the
predictive accuracy of the linear response surface model in the
interpretation of the output responses. Fig. 6a shows the normal
plot of residuals, where the normal percentage of probability was
plotted against the internally studentized residuals (ISR). These
residuals are the number of standard deviations that separate the
actual and predicted output responses, and can be estimated from
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the residual divided by the estimated standard deviation of the
residual [17]. Thus, this normal plot indicates whether the residu-
als will follow a normal distribution, which is a straight line in this
case.Itcan be seen that the estimated ISR from the output responses
approximately fitted to a straight line. Another plot for the model
prediction against the actual output responses (Fig. 7a) indicate that
the linear response surface model can be described very well as
a straight line. Furthermore, a conventional Box-Cox (B-C) power
plot was graphed (Fig. 8) to determine the most appropriate power
transformation to idealise the slight deviation between the model
prediction and actual output responses [18]. Most power trans-
formation function can be described by the standard equation of
o =function (u%), where o is the standard deviation, i is the mean,
« is the power, and A is (1 — &) in all cases [18]. The power origin of
the linear response surface model has unity power transformation
with A = 1. From Fig. 8, the minimum point in the B-C plot represents
the A value, resulting in a minimal residual sum of squares for the
corresponding output responses. The A-values at 95% confidence
interval for the current power transformation could be calculated
from the, B-C plot in order to determine the acceptable range of
A-values for the current output responses. Results showed that the
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Fig. 5. Response surface plots for 2-factor interaction during the photodegradation of CR in the ASP; (a) TiO,-K: pH; (b) TiO,-K: aeration rate; (c) pH: aeration rate.
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95% confidence interval for A = 1.27-2.16, with optimal power trans-
formation at A =1.72. This implies that a 1.72-power transformed
linear response surface model can perfectly interpret the output
responses of the Taguchi OA for optimal S/N ratio. Therefore, a
comparison was made to evaluate the differences for the ANOVA
outcomes at A =1 and 1.72, respectively.

Table 3 shows the ANOVA and other statistical analyses out-
comes when the A\ is power-transformed by the value of 1.72.
When the F-values for both A =1 and 1.72 was compared, the power
transformed model yielded a statistically significant result with an
F-value enhancement factor of 5-folds. The p-value of the trans-
formed model further validated its application reliability with a

Table 3

Comparison for power transformed response surface model with different A-values.
Summary A=1 A=172
Model F-value 74.16 419.78
p-value (Prob>F) 0.0005 <0.0001
Standard deviation 1.58E-03 7.27E-05
Mean 2.27E-02 1.64E-03
CV.% 6.97 4.45
PRESS 4.91E-05 1.40E-07
R? 0.9867 0.9976
Adjusted R? 0.9734 0.9952
Predicted R* 0.9346 0.9842
S/N ratio 20.07 48.80
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Fig. 7. Plot of predicted versus actual value of response outputs (prediction
model = linear response surface model) (i) A=1; (ii) A =1.72.

value of 0.0001%, indicating that the entire Taguchi DOE used has
0.0001% chance that it will be affected by the noise factors. The
appropriateness of the power transformed model can also be found
from the small deviation between the predicted R? values to the
adjusted R? value as shown in Table 3. Other comparisons can also
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Fig. 8. Box-Cox plot for output responses using linear response surface model.
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be made from both Figs. 6b and 7b with its predecessor when A was
transformed to 1.72. Further proof comes from the S/N ratio, where
the significantly high S/N ratio from the power transformed model
indicated an adequate model signal to navigate the current study
domain. It should be noted that for the power transformed model,
the A changes do not affect the Taguchi analyses and can only pro-
vide a more reliable model for data support and interpretation, and
its subsequent optimality study.

3.3. Comparisons of Taguchi method with conventional method

Previous studies using the conventional one-factor-at-a-time
approach rarely investigated the factors interaction and its simul-
taneous operational level change during the process optimisation.
An optimum sequenced factor combination was usually yielded
after a series of 12 experiments with no knowledge on the random
pair-wise factor interactions. From our previous study, the opti-
mal factor combination using conventional optimisation approach
with the same experimental domain was found to be TiO,-K load-
ing of 6 gdm?3 at pH< 9.5, aeration rate of 7.5 dm3 min~! and initial
CR concentration of 40 ppm [19]. This optimal factor combination,
however, is impractical for alarge-scale operation as it does not con-
vey useful information when any of the studied factors are varied
in a random manner.

With the aid of Design Expert® 7.1.3 software, a series of optimal
factor combinations was obtained from the computer-aided simu-
lation. A substantial set of 39 optimal factor combinations were
yielded to maximise the L-H apparent first order rate constant
for the CR photodegradation in the ASP system. From the 39 opti-
mal solutions, 19 combinations have unity desirability. The set of
optimal solutions together with their corresponding factor levels,
predicted L-H apparent first order rate constant and desirability
(i.e. possibility to occur) were calculated. It was observed that an
optimal solution could not be found out when all of the studied
factors were sequentially determined to be optimum. Other fac-
tor combinations were possible, when one factor offsets another
during the randomized operational level change. With these opti-
mal combinations, an empirical correlation model was established
using multiple regression analysis to predict the ASP operational
performance within the study domain (i.e. Eq. (9)) [20].

Y = 1.13 x 107% — 2.73 x 10~%(TiO,-K Loading)
+1.19 x 10~4(pH) + 1.52 x 10~%(Aeration Rate)
+5.55 x 10~%(Initial CR Concentration) 9)

If the constraints for the study domain were found to be inadequate
to obtain a new design scope, the proposed study can be expanded
and repeated using the proposed statistical methods to achieve a
better accuracy. The robustness of such statistical methods can also
be expanded to incorporate with the water qualities by introduc-
ing a fractional correction factor, and taking the photodegradation
of single component, such as CR, as the base case. Using these statis-
tical methods, a robust combinatorial optimisation approach could
be introduced to optimise and model TiO, photocatalysis process.

4. Conclusion

This work has demonstrated a new approach to use efficient DOE
and other complementary statistical methods to successfully iden-
tify the optimal factor combinations and their interactions within
the ASP system. As a result of Taguchi interpretation, the maxi-
mum photodegradation rate of CR could be achieved under the
optimised operation conditions with TiO,-K loading of 8 gdm? and
initial CR concentration of 40 mgdm? at pH 5 and aeration rate
of 7.5dm3 min~!. From ANOVA, the initial CR concentration was

found to be the most significant factor that affects the overall pho-
tocatalytic performance within the ASP system, followed by TiO,-K
loading and aeration rate. The pH variation in the range of 5-10
appeared to have less significant impact on the photodegradation
rate. It was also found that the addition of factor interaction terms
to the linear response surface model does not improve the signifi-
cance of the model. Conversely the accuracy of the linear response
surface model could be enhanced from a A-power transformed
of 1.72/1.00. With this DOE-statistical approach, a multiple factor
combinations were obtained through the computer-aided numer-
ical simulation. These factor combinations could provide a useful
approach to comparison and standardisation of similar studies,
and an insight into optimisation and modelling of the ASP sys-
tem.

The statistical model developed in this study can be further
expanded to incorporate different water sources and TiO, photo-
catalysts used. Application of this combined DOE and statistical
methods is found to be not only time effective but a useful tool
to determine the interactions between all operational factors, level
optimality, sensitivity analysis, and to provide an empirical statis-
tical modelling. This study introduced a relatively new approach
for optimisation and predictive modelling of a TiO, photocatalytic
process for water treatment.
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