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ABSTRACT

Genetic programming (GP) is an orderly method based on natural evolution rules for
getting computers to regularly solve a problem. In the present study, GP is presented as a
novel approach for modeling the gas sparging assisted microfiltration of oil-in-water
emulsion process. The effects of gas flow rate (Qg), oil concentration (Coy), transmembrane
pressure (TMP), and liquid flow rate (Qp) on the permeate flux and oil rejection were
studied and the GP models were developed to predict the membrane performance. Co;
and TMP showed significant effects on both permeate flux and rejection. An interaction
between C,; and TMP was detected, at low C,; and high TMP, in which the permeate flux
increased considerably. It was found that Q; has a low effect on permeate flux, but its
impact on rejection was significant. Increasing Qy, from 0.5 to 2.75 L/min led to a consider-
able increment in rejection; however, further increase in the liquid flow rate decreased the
oil rejection. On the contrary, Qg showed a small effect on oil rejection, but its effect on per-
meate flux was notable. To determine the optimum conditions, the performance index was
maximized using the developed genetic algorithm. Under the obtained optimal conditions,
maximum permeate flux and rejection (%) were 121.6 (Lm*/h) and 93.0%, respectively.

Keywords: Oil-in-water emulsion; Microfiltration; Gas sparging; Genetic programming;
Optimization

1. Introduction

Nowadays, a large volume of wastewater pro-
duced from various industries such as oil, gas, petro-
chemical, food, transportation, and metallurgical
industries is discharged into the environment which
mostly contains oil-in-water emulsions [1,2]. It has
been shown in the recent decade that membrane tech-
nology can be successfully used to treat these kinds of
wastewaters [3,4]; however, fouling and concentration
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polarization have still remained as disadvantages of
these processes which should be overcome [5-7].
Different studies have been done to reduce fouling
and improve membrane performance including mod-
ule design, manipulating fluid flow hydrodynamics,
shear increase devices, improving membrane material
and hydrophobicity [8-13], gas sparging [14,15], etc.
Application of gas-liquid two-phase flow to enhance
permeate flux, particularly for MF and UF processes,
has been proven to be an efficient technique [16]. The
use of gas bubbling in membrane processes was
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reviewed by Cui et al. [14], and it is reported that the
gas sparging method may destroy the concentration
polarization layer thickness and increase the permeate
flux in most cases [16]. Many other works have been
done in recent years which have been extensively
reviewed in previous work [16].

Making reliable models to study industrial pro-
cesses is a useful tool which helps to control and opti-
mize the processes [17-19]. Mathematical modeling of
any process is possible by two different approaches:
(1) theoretical models that comprise basic principles of
processes and (2) empirical models that do not need
any knowledge of process and governing principles
[20].

The preference of empirical models over the theo-
retical models consists of the possibility to develop
rapidly the response function useful for process opti-
mization [17]. Genetic programming (GP) as a branch
of genetic algorithm (GA) has proved to be a powerful
tool capable of modeling highly complex and non-
linear systems in a wide variety of applications such
as engineering, medical, etc. [21-25]. Although GP is a
progressive technique for commonly generating non-
linear input-output empirical models (mathematical
expression) in any complex system, its application in
predicting membrane processes is limited.

Okhovat and Mousavi [26] used GP to model
nanofiltration (NF) process. They applied GP for
prediction of the membrane rejection of arsenic, chro-
mium, and cadmium ions in a NF pilot-scale system
with regards to the feed concentration and transmem-
brane pressure (TMP) as input parameters. The results
showed quite satisfactory accuracies of the proposed
models and nominated GP as a potential tool for
identifying the behavior of a membrane process. Suh
et al. [27] investigated the application of GP to con-
struct a model for prediction of membrane damage in
the membrane integrity test. They employed GP as a
novel approach to develop a model to predict the area
of membrane breach with other experimental condi-
tions (concentration of fluorescent nanoparticle, the
permeate water flux, and TMP). The developed GP
showed high capability of prediction of the area of the
membrane breach and, with the simple membrane
integrity test, the GP technique provided a practical
way for estimating the degree of membrane damage.

In previous work [28], treatment of oil-in-water
emulsion was experimentally investigated in a gas
sparging assisted MF process and a quadratic model
were proposed by response surface methodology
(RSM) to predict permeate flux and oil rejection.
Although the results were satisfactory, GP was used
in the current work to model the same process to
obtain easier and more accurate model for gas-sparged

19161

MF processes. Four different operating parameters
(including gas and liquid flow rates, oil concentration,
and TMP) were considered as the input variables of
GP. The model accuracy was then checked and
validated by the obtained experimental data and
discussed in detail.

2. Genetic programming

GP was introduced by Koza [29] for the first time as
a method to genetically develop mathematical relations
for prediction of a system behavior with even high
complexity. GP, which is based on the bio-inspired
technique, defined as an automatically defined function
that is able to automatically discover a computer pro-
gram that predicts a system or problem well [22]. Every
program in the GP is expressed as a tree function. An
example of a GP tree is illustrated in Fig. 1. The binary
arithmetic functions, “=”, “+”, and “*” each have two
sub-trees. The sub-tree on the right containing “*”, “y”

7 ]/ 7
and “z”, represents the mathematical expression

“y*z”. The tree as a whole represents f (w, x, y, z) =
Yy *z+w-cos(x). In Fig. 1, the connections points are
known as nodes. With regard to the position in GP tree,
these nodes are divided into two types as:(1) Internal
nodes are called as function (nonterminal); these func-
tion nodes use one or more input values and generate a
single output value (e.g. +, —, %, sin, cos, exp, etc.) and
provide the internal cells with expression trees; (2)
nodes at the end of trees (leaf nodes) are called terminal
and indicate input variables and zero augments.

Fig. 1. Sample of a GP tree.
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Fig. 2 is a flowchart of a GP modeling procedure.
The basic mechanism of GP for a specific problem that
requires finding a mathematical model is based on a
repetitive computational process. Based on the proce-
dure shown in Fig. 2, once the problem data is loaded,
the initial population of programs is created ran-
domly. In the next step, fitness value, which quantifies
how well the program solves the problem, for the
population evaluates. New generations of programs
are iteratively created by selecting parents based on
their fitness and breeding them via genetic operators
including crossover, mutation, and reproduction.
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Fig. 2. GP problem solving approach procedure.
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According to selecting better individuals and passing
their best characteristics to their offspring, the popula-
tion tends to improve in quality along successive
generations. This evolutionary process continues until
a termination criterion (maximum number of genera-
tion) is verified. Detailed descriptions of the GP proce-
dure are provided in our previous work [21]. This
study uses the GP method to find a mathematical
expression for prediction of permeate flux and oil
rejection of gas sparging assisted MF process. The
terminals are set as [Qg, Coi, TMP, and Qp], and
the functions are set as [+, —, ¥, /, sin, cos, tanh], and
the fitness function evaluates the root mean square
error (RMSE) between the value from original learning
data-set and that of each chromosome.

3. Experimental
3.1. Feed preparation and membrane

The oil-in-water emulsion was prepared by mixing
gas oil and surfactant in distilled water at a mixing rate
of 12,000 rpm for 30 min. The surfactant was used at a
concentration of 100 mg/L. A brief description about
feed and membrane properties is presented in Table 1.

3.2. Experimental setup

The stable emulsion feed was held in a 10-L tank.
A centrifugal recirculation pump controlled by an
inverter was used to deliver the feed to the membrane
module and also provided the required constant
operating pressure of the oil-in-water emulsion. A
flow meter, calibrated for the present experiments,
was utilized. The required air flow was supplied by a
25-L  compressor with adjustable gas velocity,
equipped with both regulator and flow meter. Gas
and liquid were mixed just before entering the mod-
ule. Permeate was collected and regularly returned to
the storage tank to guarantee a constant feed concen-
tration. The system was able to adjust and control the
important operating parameters, including operating
pressure, and liquid and gas velocity. The membrane
module was specifically designed and fabricated from
Plexiglas to observe gas-liquid two-phase flow
regimes, Fig. 3. A brief limitation of model variables
are reported in Table 2. More details about the module
and the experimental procedure have been given in
previous work [16].

Depending on gas and liquid velocities, four dis-
tinct flow patterns, from bubbling to churn flow, were
observed in the flat-sheet microfiltration module,
shown in Fig. 4. Sparse bubbles were observed at low
gas velocities which formed a dense uniform bubble
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Table 1
Physical properties of the feed and membrane
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Feed Properties

Oil type

Oil density at 15°C

Kinematic viscosity of oil at 37.8°C
Surfactant

Membrane Properties
Material

Mean pore size
Thickness

Porosity

Effective membrane area

Gas oil

845 kg/ m>

3.8 ¢St

Polyoxyethylene (80) Sorbitan Monooleate (Tween 80, Merck)

(PVDF, Millipore Co.)
0.45 um

125 pm

70%

50 cm?

Fig. 3. Membrane module.

Table 2

Limitation of variables used for GP models construction
Variables Range
Input variables

Qg (L/min) 0.2-2.1
Q. (L/min) 0.8-3.2
Reynolds Number 125-1,350
Coi (mg/L) 100-10,900
TMP (bar) 0.9-2.1
Ratio of Qg/QL 0.8-2
Output variables

Flux (Lm?/h) 42-174.22
Rejection (%) 66.4-95.1

flow as the gas velocity increased, Fig. 4(a) and (b).
Then, slug flow pattern appeared at intermediate gas
velocities, Fig. 4(c). Churn flow regime was observed
at higher gas velocities (Qg =2 L/min), Fig. 4(d). At
higher gas velocities, the gas flow became dominant
which resulted in annular flow being undesirable.

4. Results and discussion
4.1. Permeate flux and oil rejection modeling

Experimental data from previous work [28] were
used in order to investigate the effect of gas flow rate
ranging from 0.2 to 2.1 L/min, feed concentration,
(100-10,900 mg/L), TMP (0.9, 1, 1.5, 2, and 2.1 bar),
and feed flow rate ranging from 0.8 to 3.2 L/min on
the permeate flux and rejection of oil. For more
descriptions about experimental part, readers are
referred to previous work [28]. The data used for GP
modeling can be seen in Appendix 1. 90% of all the
experimental data were used for training and valida-
tion of the model and the remaining were used as the
test data. The performance of finding a good estima-
tion model with low error was not improved over 250
generations and 200 populations. The optimum tree
depth was 6. The fitness function evaluates RMSE of
each individual among the experimental values and
that is returned by the individual. The best GP models
obtained after satisfying the termination criteria are:

y1 = 3.01xy + 38.28 cos(cos(x2)) — 2106.0 cos(sin(x3))
+ 41.56 tanh(exp(x1)) + 38.28 sin(sin(x1))
+ 17.33 tanh(x3 — 0.629 exp(sin(x1))
+ sin(sin(sin(x2)))) + 251.4 sin(3.084x1)
— 41.56 sin(sin(sin(x7))) — 0.0028x3(x; — x4
+ tanh(x1 + x3)%(x2 + x3 — x4 — sin(x7) + sin(xz)
—3.051)) + 1407.0
(1)
y2 = 0.001696 x; — 22.54 x5 — 0.001696 tanh(exp(x3) (x;
+x2)) + 726.1 exp(sin(tanh(exp(x3))))
+ 5.027 exp(tanh(cos(xpx3))) — 0.001696 cos(cos(x3)
— sin(x3)) — 1.6 sin(exp(xg) — cos(2x2) — x4
— tanh(x3(x1 + x4)) + 7.195) + 0.04065 x1 (x;
+7.625) + 3.091 sin(sin(x3 — 7.452)) tanh(tanh(x3
—x4)) + 0.01498 x1 exp(x1) + 3.052 x5 sin(x7)
—1582.0

¥l
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Fig. 4. Gas-liquid two-phase flow patterns in the flat-sheet microfiltration module for Q; =1L/min and different gas
flow rates: (a) sparse bubble Qg = 0.25 L/min, (b) dense bubble Qg = 0.5 L/min, (c) slug Qg = 0.75 L/min and (d) churn

flow Qg =2 L/min.

where x1, x5, x3, and x4 denote the Qg, Coy, TMP, and
Qu, respectively, y; and y, are the permeate flux and
oil rejection, respectively.

The performance of GP models is illustrated in
Figs. 5 and 6. The predicted permeate flux and oil
rejection are plotted vs. experimental results for train-
ing data in Fig. 5(a) and (b). Fig. 6(a) and (b) shows
the GP model results for the test data. As shown in
this figure, GP model provided good agreement
between experimental and predicted data for both
permeate flux and oil rejection. Obtained R* are 0.945
and 0.981 for permeate flux and oil rejection, respec-
tively. As it can be seen from Figs. 5 and 6, the GP
models successfully predicted the process performance
with a great agreement to the experimental data. Also,
as shown in Figs. 5(b) and 6(b), GP performance for
test data (those which were not used for model devel-
opment) was evaluated in the range of data which
was used for construction of models. Therefore, it
should be noted that, GP modeling results are well for
prediction of system behavior in the range of operat-
ing condition used for model training. Although GP
has been used for extrapolation with an acceptable
error in some previous studies [30], in the present
study there was no need for extrapolation, and
approximately, the whole range of operating condition
for MF process was considered experimentally.

In order to investigate the reliability of the devel-
oped GP models, some statistical analyses were done
and the results are given in Table 3. The results show
that the developed models are significant and the
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Fig. 5. GP performance for training data (a) permeate flux
and (b) oil rejection.

predicted data are in great agreement with the experi-
mental ones. The “R*” value of near to unity for the pre-
sented GP models showed that the results are fitted to
the experimental data very well. Other statistical
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Fig. 6. GP applicability for test data (a) permeate flux and
(b) oil rejection.

parameter values also showed that it has some insignifi-
cant errors in the prediction of the experimental results.
In addition, the analysis of variance (ANOVA) has been
employed for test data in order to validate statistically
the constructed GP models and the ANOVA results are
summarized in Table 4. According to this statistical test,
the F-values (ratio of variances) are quite high (3,560.8
and 40,339.67) and the p-values (probability value in
statistical significance testing) are smaller than 0.0001
which confirm the model validity. All these statistical
estimators reveal that the constructed GP models are
statistically valid for the prediction of the responses in
the region of experimentation.

4.2. Effects of operating parameters

The developed GP model was applied to plot 2D
diagrams showing the interaction of two variables on
the permeate flux and oil rejection.
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Fig. 7(a) shows the influence of the gas flow rate
(Qc) and the feed flow rate (Qr) on the permeate flux.
As can be seen from Fig. 7(a), increasing Qg leads to
an enhancement of permeate flux, whereas the influ-
ence of Qp on permeate flux is insignificant. The
effects of Qg and Qp on the oil rejection have also
been illustrated in Fig. 7(b). As shown in Fig. 7(b), Qg
has little effect on the oil rejection, and increasing the
Qr until 2.75 L/min leads to increase in oil rejection
and furthermore increment in Q; leads to decrease in
oil rejection.

Fig. 8(a) shows the effects of the feed concentration
(Coi) and TMP on the permeate flux. As it was
expected, on decreasing the C,; and increasing the
TMP, permeate flux tends to increase. An interaction
effect between C,; and TMP was detected. For exam-
ple, at low values of Cy; and a high value of TMP,
permeate flux increases considerably due to the syner-
getic effect between these two input variables. The
influence of Co;; and TMP on the oil rejection has been
illustrated in Fig. 8(b). The feed concentration has a
direct effect on the oil rejection, as feed concentration
increases, oil rejection increases, but TMP has an
inverse effect, as TMP increases, oil rejection tends to
decrease.

4.3. Process optimization

The optimization should be done based on the
performance index (the oil rejection factor times the
permeate flux) as done by Khayet and Cojocaru [31].
Therefore, the constructed GP models have been used
to optimize the gas sparging assisted MF process. GA
was employed for optimization. The computed opti-
mum conditions given by the GP models are summa-
rized in Table 5. It is shown that the GP results are
more accurate than those obtained by RSM reported
in previous work [28].

4.4. Parameter analysis

As mentioned in Section 4.1, the effect of operat-
ing condition on the permeate flux and oil rejection
was considered for modeling. It is also important to

Table 3
Statistical parameters for training and test data
. R? SSE MSE RMSE NB%
Statistical parameter
PR OR PF OR PF OR PF OR PF OR
Training data 0.999 0.98 124.21 67.374 2.484 1.367 1.576 1.169 —0.004 —0.001
Test data 0.945 0.981 7.361 14.255 0.92 1.782 0.959 1.335 —0.004 0.001
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Fig. 7. The effects of Qg and Qp on the gas sparging
assisted MF process performance for Co;=1,000mg/ L
and TMP = 1 bar (a) permeate flux and (b) oil rejection.

know significant parameters. Since constructed GP
models are mathematical expressions, its derivative
can be calculated simply, to this end, derivative of
process performance function; Eq. (1) times Eq. (2),
in the optimum point is calculated and reported in

Table 5

Optimal value for gas sparging assisted MF process

Qg Coil T™MP Q. Flux Rejection
(L/min) (mg/L) (bar) (L/min) (L/min) (%)

1.73 5860.64 1.102 296 121.59 93.02
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Fig. 8. The effects of Co; and TMP on the gas sparging
assisted MF process performance for Qg = 1.5 L/min and
QL =2 L/min (a) permeate flux and (b) oil rejection.

Table 6. As it is seen, TMP is the most significant
parameter and oil concentration has an intermediate
effect on the process performance. Other remaining
factors have an equal importance, approximately.
This type of analysis is useful to economically
process optimization.

Table 6
Percentage of importance of operating parameters on the
process performance

Qa Coil p Qu
12.26 18.50 58.29 10.95
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5. Conclusions

An important objective of this work was to obtain a
GP model to predict the membrane performance in a gas
sparging assisted microfiltration of oil-in-water emulsion
process. The effects of operating parameters including
gas and liquid flow rates, oil concentration and TMP on
the permeate flux and oil rejection (%) were studied. It
was shown that the developed GP model was able to
predict the process with an excellent accuracy. The most
significant and effective parameters on the permeate flux
were found to be oil concentration, Qg and TMP. Also
there were some interactions between the following
input variables: (i) interaction between oil concentration
(Coi) and TMP in permeate flux and oil rejection; (ii)
moderate interaction between gas flow rate (Qg) and lig-
uid flow rate (Qp) in oil rejection. Based on the devel-
oped GP models, the process performance index was
optimized using GA method. The obtained optimal solu-
tion represents the best process operating conditions
(Qc =173 L/min, Coy = 5,860.6 mg/L, TMP = 1.10 bar,
QL =2.96 L/min) with a maximum performance index
(11,310.69 Lm?/h), in which the permeate flux and oil
rejection were found to be 121.59 Lm?/h and 93.0%,
respectively. Obtained optimal condition using GP
model showed 20% increase in process performance in
comparison to the obtained results from RSM in previ-
ous work [16], also the accuracy of the present model is
higher than response surface method.
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Test number Q¢ (L/min) Cou (mg/L) P (bar) Qr (L/min) Permeate flux (Lm?/h) Rejection (%)
1 0.75 10,000 2 3 89.8 79.9
2 0.25 10,000 2 3 74.2 83.2
3 0.75 1,000 2 3 170.34 70.3
4 0.25 1,000 2 3 146.72 66.4
5 0.75 10,000 1 3 63.12 93.2
6 0.25 10,000 1 3 52.73 91.1
7 0.75 1,000 1 3 96.34 85.3
8 0.25 1,000 1 3 82.65 874
9 0.75 10,000 2 1 83.54 82.3
10 0.25 10,000 2 1 68.37 81.9
11 0.75 1,000 2 1 160.86 67.8
12 0.25 1,000 2 1 140.01 70.2
13 0.75 10,000 1 1 58.24 90.2
14 0.25 10,000 1 1 48.53 89.3
15 0.75 1,000 1 1 94.28 85.3
16 0.25 1,000 1 1 80.12 83.2
17 0.8 5,500 1.5 2 55.83 92.1
18 0.2 5,500 15 2 42 90.7
19 0.5 10,900 1.5 2 51.23 88.9
20 0.5 100 1.5 2 120.13 78.4
21 0.5 5,500 2.1 2 105.21 74.1
22 0.5 5,500 0.9 2 50.02 88.5
23 0.5 5,500 15 3.2 53.99 90.6
24 0.5 5,500 15 0.8 43.14 91.1
25 0.5 5,500 1.5 2 489 93.2
26 0.5 5,500 15 2 51.43 915
27 0.5 5,500 15 2 50.32 93.3

(Continued)
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Table A1 (Continued)
Test number Q¢ (L/min) Cou (mg/L) P (bar) Qr (L/min) Permeate flux (Lm?/h) Rejection (%)

28 0.5 5,500 1.5 2 50.83 93.8
29 0.5 5,500 1.5 2 51.53 924
30 2 10,000 2 3 91.01 81.6
31 1 10,000 2 3 89.96 84.7
32 2 1,000 2 3 174.22 68.6
33 1 1,000 2 3 172.06 67.3
34 2 10,000 1 3 66.88 95.1
35 1 10,000 1 3 65.73 90.2
36 2 1,000 1 3 100.43 86.6
37 1 1,000 1 3 99.74 87.2
38 2 10,000 2 1 84.85 84.4
39 1 10,000 2 1 85.03 82.5
40 2 1,000 2 1 165.11 66.9
41 1 1,000 2 1 165.89 68.3
42 2 10,000 1 1 59.43 88.9
43 1 10,000 1 1 58.35 89.3
44 2 1,000 1 1 95.23 85.9
45 1 1,000 1 1 92.43 82.2
46 2.1 5,500 1.5 2 59.66 93.5
47 0.9 5,500 1.5 2 57.95 92.5
48 1.5 10,900 1.5 2 56.11 90.3
49 1.5 100 1.5 2 128.23 76

50 1.5 5,500 2.1 2 121.23 79.3
51 1.5 5,500 0.9 2 60.73 90.6
52 1.5 5,500 1.5 32 61.27 92

53 1.5 5,500 1.5 0.8 56.88 91.9
54 1.5 5,500 1.5 2 60.52 92.3
55 1.5 5,500 1.5 2 59.23 93

56 1.5 5,500 1.5 2 58.87 94.4
57 1.5 5,500 1.5 2 59.09 94.7
58 1.5 5,500 1.5 2 58.73 92.9
59 0.2 100 0.9 0.8 42 66.4
60 2.1 10,900 2.1 32 174.22 95.1
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