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Abstract

Reverse Osmosis (RO) has found extensive applications in industry as an efficient separation
process in comparison with thermal process. In this study, a one-dimensional distributed
model based on a wastewater treatment spiral-wound RO system is developed to simulate the
transport phenomena of solute and water through the membrane and describe the variation of
operating parameters along the x-axis of membrane. The distributed model is tested against
experimental data available in the literature derived from a chlorophenol rejection system
implemented on a pilot-scale cross-flow RO filtration system with an individual spiral-wound
membrane at different operating conditions. The proposed model is then used to carry out an
optimisation study using a Genetic Algorithm (GA). The GA is developed to solve a
formulated optimisation problem involving two objective functions of RO wastewater system
performance. The model code is written in MATLAB, and the optimisation problem is solved
using an optimisation platform written in C++. The objective function is to maximize the
solute rejection at different cases of feed concentration and minimize the operating pressure
to improve economic aspects. The operating feed flow rate, pressure and temperature are
considered as decision variables. The optimisation problem is subjected to a number of upper
and lower limits of decision variables, as recommended by the module’s manufacturer, and

the constraint of the pressure loss along the membrane length to be within the allowable
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value. The algorithm developed has yielded a low optimisation execution time and resulted in

improved unit performance based on a set of optimal operating conditions.

Keywords: Spiral-wound reverse osmosis; Wastewater treatment; One-dimensional

modelling;

Optimisation; Genetic algorithm.

1. Introduction

The use of Reverse Osmosis (RO) is becoming more and more popular in seawater and
wastewater treatment because of the low cost of water production and solute rejection
compared to other thermal processes [1]. A number of studies have been conducted to
maximize the performance of the system. Such studies have investigated the transport
phenomena of water and solute through the membrane by improving current mathematical
models and identifying the optimum set of operating variables. The optimisation of seawater
RO desalination system has been carried out using different methods including, global
optimisation algorithm [1], Sequential Quadratic Programming (SQP) [2], Mixed-Integer
Non-Linear Programming (MINLP) [3], Genetic Algorithm (GA) [4] and multi-objective
optimisation and genetic algorithm (MOO+GA\) [5]. In many applications, the use of GA has
yielded better results in optimisation in comparison to other conventional methods [6]. For
instance, GAs have been used extensively in different areas of chemical engineering process
design and operation, such as, distillation system [7], semi-batch reactor [8], multi-phase
catalytic reactor (hydrogenation reaction system) [9], microchannel reactor (emerged as a
novel technology for the synthesis of liquid hydrocarbons applications) [10] and steam
reforming of hydrocarbons for the generation of hydrogen and synthesis gas [11]. Also, Fang

et al. [12] have combined an integrated Neural Network (NN) dynamic model and GA
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approach to optimise the performance of a full-scale municipal wastewater treatment plant

with substantial influent fluctuations.

The use of GA to optimise the seawater RO desalination processes has already been
implemented in a number of studies. Guria et al. [5] used the multi-objective optimisation and
Non-dominated Sorting Genetic Algorithm (NSGA) technique for desalination of seawater
using a spiral-wound and tubular RO modules. The optimisation problem consisted two or
three objective functions of maximizing the water flux in addition to minimizing the
permeate concentration and cost of filtration of a real existing plant. Murthy and Vengal [4]
used a single objective genetic algorithm technique (SGA) to optimize the rejection of NaCl
in a laboratory scale RO desalination system of a disc-shaped flat cellulose acetate
membrane. The experiments were carried out by varying the inlet feed flow rate and the
overall water flux at constant feed concentration. In this study, the mechanism of water and
solute transport are measured using the Spiegler and Kedem model. Djebedjian et al. [13]
implemented GA with a solution-diffusion model to optimize the performance of a real RO
desalination plant predicted the best operating pressure difference across the membrane,
which enhances the water flux with low permeate concentration. Moreover, the modelling
and prediction of the membrane fouling rate in a micro-filtration (MF) pilot-scale drinking
water production system was achieved using the genetic programming by Lee et al. [14]. Park
et al. [15] used GA for analysing the performance of pilot-scale RO system. Finally,
Bourouni et al. [16] used GA to optimise the optimal configuration of a hybrid system of a

small RO unit coupled with renewable energy source (photovoltaic and wind).

In contrast, to the best of our knowledge, the optimisation of RO based wastewater treatment
using GA has been rarely used to find the optimal values of operation that can be achieved
within the manufacturer specification. Okhovat and Mousavi [18] used GA to model the

rejection of arsenic, chromium and cadmium ions as a function of transmembrane pressure
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and initial concentration of pollutants in a nanofiltration (NF) pilot-scale system. Soleimani et
al. [19] investigated the treatment of oily wastewaters with commercially polyacrylonitrile
(PAN) ultra-filtration (UF) membranes by using artificial neural networks (ANNSs) to predict
the permeation flux and fouling resistance. GA was then used to optimize the operating
conditions of trans-membrane pressure, cross-flow velocity, feed temperature and pH. The

objective was to maximize the permeation flux while minimizing the fouling behaviour.

To the best of author’s knowledge, there has not been any study that uses GA optimisation
technique for distributed model for optimising the removal of organic compound such as
chlorophenol using a spiral-wound RO process. Therefore, this paper aims to present a one-
dimensional model for the rejection of chlorophenol from aqueous solution of different
concentrations using a pilot-scale of an individual TFC Polyamide spiral-wound RO filtration
system. The distributed model is able to give an accurate picture of the transport across the
membrane. An optimisation study of chlorophenol rejection is subsequently implemented
using GA. The optimisation process is carried out by manipulating the inlet decision variables
of the feed pressure, flowrate and temperature for five different feed concentrations of
chlorophenol. The optimized rejections with a constraint of low pressure loss were

investigated to provide further evidence of the results.

2. Modelling and simulation of spiral-wound RO

The main objective of this section is to develop a one-dimensional distributed model that can
be used to predict accurately the variation of operating parameters along the x-axis of
membrane. It is important to understand the interaction between the transport theories
through the membrane in order to develop a numerical model that incorporates the spatial

variation in fluid properties.



2.1 Assumptions

The following assumptions are made to develop the proposed process model:

1. The solution-diffusion model is used for mass transport through the module.

2. The membrane characteristics and the channel geometries are assumed constant.

3. Validity of Darcy’s law where the friction parameter is used to characterize the
pressure drop in the feed channel.

4. Constant atmospheric pressure at the permeate channel.

5. A constant solute concentration is assumed in the permeate channel and the average
value will be calculated from the inlet and outlet permeate solute concentrations.

6. The underlying process is assumed to be isothermal.

2.2 Governing equations
The water Jw and solute Jsx) fluxes (m/s, kmol/m2 s) can be calculated using the solution-

diffusion model of Lonsdale et al. [20] (Assumption 1):
]w(x) =Ay, (APb(x) - A7-’-'s(x)) 1)

Jse)=Bs (Cwix) — Coan))

)
Where A, BS,APb(X) and Amy are solvent transport coefficient (m/atm s), solute

permeability coefficients of the membrane (m/s), pressure difference and osmotic pressure
difference at any point along the x-axis (atm) respectively. Also, Cyx) and Cpayy (kmol/md)

are the molar solute concentration on the membrane surface and the average permeate

concentration respectively.



The pressure difference between the feed and permeate channels at any point, APy (atm), is

related to the pressure in both the feed and permeate channels.
APy =Ppy — B, 3)

Where Py and P, (atm) are the feed at any point along the feed channel and constant

permeate pressure (Assumption 4) respectively.
The following two equations work well for solute flux and the difference of osmotic pressure:
]s(x) = ]W(x) Cp(av) 4)

Mgy = R Ty (Cowizy = Cpiav))

(5)

Amtgy = RT, (’Bﬂ) (6)

atm m?
K kmol

Where Rand T}, ( and K) are the gas constant and constant brine temperature

(Assumption 6) respectively. The combination of Egs. (4), (6) and (1) gives.

]W X c av
Juwey = Aw 8Py = R T 22202

(7) Re-arranging of Eq. (7) yields.

AWBSAPb(x) (8)
Bs+R TbAWCp(av)

]W(x) =
Eq. (8) can be simplified to:

Jwx) = 0 APy 9)

Ay B
Where 6 = w s
Bs+RTp Ay Cp(av)

(10)



Specifically, the total mass balance and solute balance in both channels can be written as:

Fp0) = Fpx) + Fp)

(11)

Fp0)Co(0) = Fbx) Cox) T Fp(x) Cp(av)

(12)

Fo), Fb» Fpxy (M¥s), Cpoy and Cy ) (kmol/m?) are feed flow rate at the entrance and at any

point in the feed channel, permeate flow rate, feed concentration at the entrance and at any
point along the x-axis respectively. Also, Darcy’s law can be used to describe the drop of

pressure in both channels in the feed channel (Assumption 3).

APpay) _
o = b
(13)

Where b (atm s/m?) is the feed channel friction parameter.

While, the derivation of Eq. (11) with the x-axis, gives:

AFpy _  dFpmy _
= e = Wi
(14)

Where, W (m) is the width of membrane. Dividing Egs. (13) and (14) gives:

dPp(x) _ b Fp(x)
de(x) w ]w(x)

(15)

Finally, the re-arrangement and integration of Eq. (15) yields the specific equations of the

model used for simulation as follows:



The feed flow rate Fy (M3/s) at any point along the x-axis is calculated as:

Fpeo =
o~ woxaro)+ (o b (£) Ruo)+  (wob (52 (5) (@h -
APb(O))>} (16)

Where x is the coordinate of the x-axis under consideration. The feed pressure Py (atm)
and pressure difference APy (atm) at any point along the x-axis are calculated by Egs. (17)

and (18):
Pb(x):{Pb(O) _ (bbu(O))+<b wo (%) (APb(x))>- 02 w6 (2) Fooy) -

o (52)” () (#0210

(17)

0.5
APy = APyo) = (b x Fyo)) = [(WTG) bx (4Pyx) — APb(O))]
(18)

The pressure loss (atm) along the membrane length is calculated using Eq. (19).

Pioss = Ppoy = Pry

(19)
The water flux Jwx) (m/sec) depicts in the counter of Eq. (20).

oy =6 {[8Psoy = (bx Fo)] = [(52)" b x (4Pagey — BP0}

(20)



Eq. (20) illustrates that increasing applied pressure APy, would increase the water flux
through the membrane. Also, it is usual expectation that increasing inlet feed concentration
would increase the diffusivity, density and viscosity parameters (Appendix A), which reduces
the flux of water.-However, this would also increase the concentration polarization impact
that causes an increase in wall membrane concentration and increases of osmotic pressure.
More often than not, increasing inlet feed temperature will decrease the viscosity and density
parameters and increases the diffusivity parameter that increases the mass transfer coefficient

and lifts up the water flux.
Eq. (21) is used to calculate the feed concentration Cy (kmol/m3) along the x-axis.

_ Fp(x-1)(Cbx-1)—Cp(av))
Coixy = Form + Cp(av)

(21)
While the permeate solute concentration Cpay) (kmol/m?3) is calculated using Eq. (22) by

taking the average of the inlet and outlet permetate concentrations C,oy and outlet Cp,

(kmol/m?3) as can be shown in Eqgs. (23) and (24) (Assumption 5) [21].

_ Sp@tCpw)
Coay == 5
(22)
]W(O)
_ Bs Chp e M
CP(O) =— ° Tw(0) (23)

Jw(o)+Bs e KO

Jw(L)
c.. =B owe®
p(L) — Tw(L)

Jw(ry+Bs e ko)

(24)

Then, the permeate flow rate Fyx) (m3/s) is calculated by:

XZ
FoGey) = Foo) + (W X 0 APy ) = lW b <7> Fb(o)l -



[W 0b (%) (WT@)O'5 (4Pyny — APb(O))]
(25)

The mass transfer coefficient k) (m/s) is a function of pressure, concentration, flow rate and
temperature, which means that it will vary with the membrane length. k, along the feed
channel side has been found experimentally and calculated from Eq. (26) [22] as follows:

kex dep = 147.4 Dy Repiy Repls® Cois®

(26)

C,, is a dimensionless solute concentration and can be calculated by.

_ %
Cm(x) N Pw

(27)

Where, p,, is the molal density of water (55.56 kmol/m?).

The feed velocity Uy (m/s) is calculated using Eq. (28).

The concentration at the wall membrane Cyx) (kmol/m3) is calculated using Eq. (29).

Cwe~Cpan) _ (Jw(x)>
Cbx)~Cp(av) K(x)

(29)

Finally, Eqgs (30) and (31) are used to calculate the solute rejection (dimensionless) [22] and

total water recovery (dimensionless).

Rej = MXIOO
Ch(L)

(30)
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F
Rec = 22 %100
Fp(o)

(31)

The model equations presented have been solved within MATLAB, where the filtration
channel is divided into a number of segments of equal intervals (Ax). For a given inlet feed
flow rate, pressure, solute concentration and temperature, the proposed model can be used to
predict the longitudinal variation of all parameters in the feed and permeate channels in the x-

axis by using the estimated values of membrane transport parameters.

2.3 The physical properties equations

This study covers the experimental work of dilute chlorophenol aqueous solutions on spiral-
wound module, so the physical properties equations of the solution has been conceived as
identical to water equations proposed by Koroneos [23]. The set of physical properties

equations is presented in Appendix A.

3. Validation of the developed RO model

3.1 Experimental apparatus and procedure

A pilot-scale experiment has been set and consists of a cross-flow RO filtration system of one

commercial thin film composite RO membrane packed into a spiral-wound module of
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aqueous feed solutions of chlorophenol of specific concentration. The module was from the
lon Exchange Ltd. Company of India and used by Sundaramoorthy et al. [22]. The
characteristics of the spiral-wound module and the transport parameters of this model
(A, Bs and b) were given in Table 1. The feed was pumped in three different flow rates of
2.166E-4, 2.33E-4 and 2.583E-4 m*/s. Also, for each feed flow rate, the solute concentrations
vary from 0.778E-3 to 6.226E-3 kmol/m® with a set of pressures varying from 5.83 to 13.58

atm for each feed concentration.

Table 1. Membrane characteristics and geometry (lon Exchange, India)

Property Value
Membrane material TFC Polyamide
Module configuration Spiral wound
Number of turns 30
Feed spacer thickness (tf) 0.8 mm
Permeate channel thickness (t,) 0.5 mm
Module length (L) 0.934m
Module width (W) 8.4m
Module diameter 3.25 inches
* atm s
b 8520.45 (22°)
Ay * 9.5188E-7 (——)
atm s
B; (chlorophenol) * 8.468E-8 (2)
S

* Calculated by Sundaramoorthy et al. [22]

3.2 Model validation

Figs. 1 and 2 depict the comparison of outlet chlorophenol concentration, average permeate
concentration, chlorophenol rejection, outlet feed flow, outlet permeate flowrate and outlet
feed pressure between the experimental results and the model predictions for three sets of
inlet feed flow rate. Generally, the predicted values of the model are in a good agreement
with experimental ones over the ranges of pressure and concentration. However, the
assumption of constant values of the friction factor, water and solute permeability
coefficients for all the experiments had a negative impact on estimating the solute

concentrations in both channels. This, in turn leads to reduce the consistency of experimental
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and mathematical chlorophenol rejection results (R* = 0.85). This has provided the prompt to
implement a GA platform on the model code for further optimisation as reported in the next

section.
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4. Optimisation of Reverse Osmosis

4.1 Problem description and formulation
The optimisation of the chlorophenol rejection given the lower pressure drop constraint
across the membrane with a lower than recommended value is chosen as the objective
function for this part of the research. The optimisation technique is based on a GA for the
pilot-scale RO wastewater system as used by Sundaramoorthy et al. [22]. The experimental
data show that the higher achieved rejection of chlorophenol is 83% at inlet concentration
(6.226E-3 kmol/m3) with a pressure loss of 1.93 atm. This exceeds the maximum
recommended manufacturer value of the selected module. The objective of this optimisation
is to find the optimum solute rejection of chlorophenol for each inlet feed concentration (five
cases) within the restricted operating conditions of inlet feed flow rate, pressure and
temperature. Also, the constraints of 1.38 atm as a maximum overall pressure loss across the
membrane length (as declared by the lon Exchange Ltd. Company, India) has been
considered to represent the relative power consumption of each run. The optimisation
iteration is individually carried out for five feed concentration of chlorophenol used in the
experiments, which varies from 0.778E-3 to 6.226E-3 kmol/m®. The model transport
parameters (4,,, B and b) have been considered constant along the optimisation procedure.
The optimisation problem is represented mathematically as follows:
Problem 1:

Max Rej

Fy0y Pooy Tn
Subject to:

Ploss < Plossd
Foo)' < Fpoy < Fo)’
Poy" < Pooy < Pogoy’

T,h<T1, <T,Y

16



The model equation and the physical properties are given in Section 2

The choice of the objective function is to achieve high chlorophenol rejection within the
constraints of the decision variables. The limits of the decision variables of the inlet feed flow
rate, pressure and temperature and the recommended value of the pressure loss are reported in
Section 5.
In line with economic aspects of low energy consumption, Problem 2 is formulated as
follows:
Problem 2:

Max Rej

Fy0y Pooys T

Min Pb(O)
Fy0y Pooy Tn

Subject to:
Pioss < Ploss®
Foy" < Foy < Fo’
Pyoy" < Poioy < Pooy’
T,h<T1, <T,Y
The model equation and the physical properties are given in Section 2
The choice of the first objective function is to secure the optimal chlorophenol rejection,
while the contribution of the second objective function is to maintain the process of filtration
within an accepted consumption of energy (lower operating pressure).
There are two objectives in this problem and the following penalty function is used to balance
both objectives and transfer the problem into a single objective optimisation problem as

follows:
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L=W1xR€]— WZbe(O)

(32)

Weight factors W, and W, are used to balance the contributions of each objective. Then, the
original problem will be changed as:

Max L
Fy0y Pooy T

Subject to:
Pioss < Plogs®
Foo)" < Fpoy < Foy’
Py < Pooy < Py’
T,h<T1, <T,W
4.2 Genetic Algorithm

Genetic algorithm (GA) was originally proposed by Holland [6] and is a stochastic and
population-based optimisation technique constructed on the perceptions of natural evolution
and the biological principles of natural selection. GAs have been successfully applied in
various engineering optimisation problems [24] and [25].

The procedure of a GA is shown in Fig. 3. Initially, a population, which consists of a number

of individuals, is randomly generated within the lower and upper limits of decision variables.
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Begin
t=10;
Imitialize Gi(r);
Evaluate G(1);
while (not termination condition) do
Select Gir+1):
Crossover (1 + 1)

Mutate (¢ + 1)
Evaluate Gr + 1)
t=1+1;

end {whale)

end

Fig. 3. GA structure.

There are two typical ways of representing individuals in GA context. Traditionally, an
individual was represented as a chromosome, i.e. as a bit string. This method took idea of
stems from the work of DNA and fits well suitable for integer decision variables. However,
more and more researchers prefer a nature representation, i.e. one they are based on float
numbers. In this paper, an individual is therefore presented as a vector of real numbers of

decision variables.

1. 1. The concept of selection is used to select individuals from the current generations
and copy them to formulate a new generation based on their fitness. Usually, an
individual with a higher fitness will have a large probability to survive in the next
generation. In this paper, a roulette-wheel method is used to select individuals from the

19



current population. Supposing that F; is the fitness of individuals i, its probability of

being selected can be calculated as:

F:
P, = -t
l Z:?;101 Fj
(33)

Where N, is the population size. An example of the roulette-wheel selection is shown
in Fig. 4. A proportion of a wheel is assigned to each individual based on their fitness
or selected probability. A random number between [0,360] is generated to determine
how many angle the wheel will rotate and the individual pointed by the arrow will be
selected and copied to the next generation until N,, individuals have been selected. Fig.
4 also shows that an individual with higher fitness will occur more area and then has

higher possibility to be selected.

Fig. 4. Roulette-Wheel Selection

2. The concept of crossover is to use to select parents from the new formulated population
to generate off springs with a probability of P.. The crossover method depends on the
representation of individuals. For example, if individuals are represented as
chromosomes (i.e. a string of bites), the crossover method could be one-point or two-

points crossover. In this paper, since individuals are represented as a vector of real

20



numbers, the crossovers are performed as intermediate recombination, so that the
offspring O of a randomly chosen parent S and T is expressed as follows:

Xo = xr + U(xg — x7)

(34)

Where U is a uniformly distributed random number over [0, 1].

3. The concept of mutation is used to allow a randomly chosen individual to move to a
new position with a probability of P,,. The parent selection method is similar to the
one of selecting parents for crossover. Supposing a parent has been selected, a random
number, j, between 1 and m (the dimension of decision variables), the corresponding

variable will be mutated by using the following uniform mutation will be applied.

XJ'/ =% + R(x}‘ - xj!)
(35)
Where R is a uniformly distributed random number over [-1, 1] and x}‘,x} are the
upper and lower limits respectively of variable j.
Interestingly, one of the most important characteristics of GAs is to generate a number of
different solutions for the specified problem at the end of each iteration as opposed to a single
solution. This is carried out without requiring good initial guesses for the decision variables
[5]. This approach will give a wide area to choose the desired optimised chlorophenol
rejection for each input data of operation. GAs are considered to be global optimisation
methods, while gradient-based methods can only find a local solution. For the above reasons,

the GA technique has been applied to maximize the rejection of wastewater treatment RO

system and this is described in more detail in the next section.
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5. Numerical Results

5.1 Inlet feed concentration problem

The optimisation study focuses on using genetic algorithms to locate the best operating
parameters for the optimum rejection of chlorophenol using a single spiral-wound RO
membrane element. The optimisation technique will be implemented in the actual
experiments as carried out by Sundaramoorthy et al. [22] using five cases of different inlet
feed concentration 0.778E-3, 1.556E-3, 2.335E-3, 3.891E-3 and 6.226E-3 kmol/m? with the
following operating specification of maximum and minimum inlet feed flow rate, pressure
and temperature of 1E-4 — 1E-3 m3/s, 4 — 24.77 atm and 15 — 40 °C respectively. Also, this
optimisation will be committed with a constraint of an allowable pressure drop (P,,s* ) across
the membrane length of 1.38 atm. The specified bounds of operating parameters are as

recommended by the manufacturer of the membrane.

5.2 Parameter settings

The RO model was coded in Matlab and solved using the modelling and optimisation
system®. The system can readily be implemented using Matlab and Excel to build complex
optimisation models. The GA parameters used to explore optimal solutions are given in Table

2.

Table 2. GA Parameters

Parameter no.
Maximum generation, Nge, 500
Population size, Nyqp 50

Crossover probability, P, 0.6
Mutation probability, P, 0.1

! http://www.scholarpark.co.uk/mos (A modelling and optimisation platform developed by researchers).
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5.3 Effects of GA parameters
There are several GA parameters including weight factors, number of generations and
crossover and mutation probabilities. This section assesses the performance of GA used to

solve different cases of RO optimisation by analysing the effects of parameters used.

The inlet feed concentration of 6.226E-3 kmol/m? in Problem 2 is chosen to analyse the GA
performances and to identify the best parameter settings for solving the developed RO

optimisation problems.

5.3.1 Effects of weight factor
There are two weight factors W; and W, as shown in Eq. (45), where W, is always set to 1 to

simplify the analysis, as the maximum value of Rejection is 1 and the maximum value of Pby
is about 25. When, W, = % = 0.04, both objectives are of the same importance. The results

of Table 3 show that a value of 0.04 for W, offers high chlorophenol rejection with economic
operating pressure and allowable temperature. While, any further reduction in W, slightly
increases the rejection parameter and requires higher operating pressure. Moreover, an
increase of W, of a value larger than 0.04 has no significant impact, and the output results of
optimum rejection and decision variables remain the same. This is because the operating
pressure has reached the lower limit. The increase of W, cannot increase the contribution of

the pressure to the objective function.

Table 3. The influence of the weight factor on GA results

W,  Rej Fby Pby Thb
0.001 0.95 2.3698E-4 21.43 40
0.005 0.92 2.0418E-4 11.18 40
0.01 090 19235E-4 7.57 40
0.04 090 1.9224E-4 753 40
0.08 090 1.9224e-4 7,53 40

0.1 090 1.9224E-4 753 40

0.2 090 19224E-4 753 40

Where P, = 1.38 atm
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5.3.2 Effects of generations

Table 4 shows the influence of using different numbers of generations with a population size
of 50 at the optimum weight W, of 0.04. As expected, the larger the generation, the easier the
GA will identify the solution. This is because there are more chances to explore the space and
more fitness evaluations are therefore needed. It is observed that any generation between 80
and 200 can offer an optimum solution for the problem within the recommended decision

variables.

This observation can be applied to the effect of population size. The larger the population
size, the easier will find a solution and more fitness evaluations are required. Generally, if a
small population size is used, a larger generation is required; while when a large population
size is applied, a small generation is needed. In this example, the combination of those two

parameters is that the population size is 50 and the minimum generation is 80.

Table 4. The influence of the generation number on GA results

Generation Rej  Pjs Fby Pb, Tb
10 0.87 0.82 1.2387E-4 753 38.1
20 0.89 0.70 1.0700E-4 7.53 40
50 0.90 1.36 1.8933E-4 7.53 40
80 0.90 1.38 1.9224E-4 7.53 40
100 0.90 1.38 1.9224E-4 753 40
200 0.90 1.38 19224E-4 753 40

5.3.3 Effects of crossover probability and mutation probability

Table 5 shows the influence of the crossover probability varied between 0.1 and 0.5 at a
mutation probability (B,,) of 0.1 for W, of 0.04, 100 generation and a population size of 50 on
the output results of GA. It is observed that an increase in the crossover probability has no
influence. Furthermore, the impact of mutation probability variation is insignificant as can be

shown in Table 6, where it is varied between 0.01 and 0.5 with constant values of crossover
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probability of 0.4. Nevertheless, it is affordable to use B,, between 0.01 and 0.02 in order to

achieve a lower pressure drop than the other tested values.

Table 5. The influence of the crossover probability on GA results

P. Rej Fbg Pby Thb

0.1 0.90 1.9224e-4 7.53 40

0.2 0.90 1.9224e-4 7.53 40

0.3 0.90 1.9224e-4 7.56 40

04 090 1.9224E-4 7.53 40

0.5 090 1.9224E-4 7.53 40
Where P, = 1.38 atm

Table 6. The influence of the mutation probability on GA results

P REJ P|035 Fbo Pbo Tb
0.01 090 1.37 1.9139E-4 7.53 40
0.02 090 1.36 1.8990E-4 7.53 40
0.05 090 1.38 1.9221E-4 7.56 40
04 090 1.38 1.9224E-4 753 40
05 090 1.38 1.9224E-4 753 40

The above results of investigating the impact of GA computational parameters show the
applicability of obtaining a number of different results, which offers a number of solutions

for a specific optimisation problem, especially for the case of altering the weight factor W,.

25



5.3.4 Summaries of effects of parameters

Conclusion, in order to find the global solution of a RO problem, if the population size is set
as 50, the minimum generation should be 80. Of course, the larger generation is good for a
GA to explore global solutions. Crossover and mutation probability has little influence on the
performances for this problem. This means any crossover and mutation probability can be
used in those problems.

Weight factors have a big influence on the optimal result. In the above case, if W;is set as 1,
that W, = 0.04 means that both objectives are the same important and have the same
contribution of the system objective. If chlorophenol rejection is important, W, should be a

small number, or it should be a larger number.

5.4 Discussion of results

The optimisation problems of one and two objective functions were solved using the
proposed GA described in Section 4 and linked with the proposed model of Section 2.

The optimisation results of Problem 1 for each inlet feed concentration and the optimized
decision variables obtained are given in Table 7. The GA optimisation results show that a
maximum chlorophenol rejection for all five cases can be achieved within operating
parameters of inlet feed flow rate, pressure and temperature of 1.046 — 1E-4 m?/s, 24.7717 —
16.09 atm and 15 — 40 °C respectively. It can be observed that the removal efficiency of
chlorophenol can be increased within the maximum allowable pressure. However, lower
values of the operating feed flow rate are required to ensure lower pressure loss along the
membrane length, which enhances the flux of water through the membrane and reduces the
permeate concentration. Also, the lower feed flow rate can secure the full rejection of
chlorophenol from its aqueous solution by maintaining the solution for a longer resident time

inside the unit. In contrast to case 1 with higher concentration, the optimisation results of

26



medium and low concentrations (cases 2 to 5) are within a low feed temperature. One of the
key outcomes of this is the optimizer can use such decision variables in cold areas.

At medium and low feed concentration, it appears that there are competitive impacts of
pressure, flow rate and temperature, which determine the chlorophenol rejection. The
elevating of temperature has two different impacts regarding the rejection parameter of the
RO wastewater treatment. The first one is to enhance water flux by decreasing the viscosity
parameter and thermal expansion of the membrane [26], and at the same time increasing the
organic solute diffusion and absorption through the membrane. This can readily plug the
pores of membrane [27] and deteriorates the rejection. However, the combined impact of feed
pressure and flow rate has been used in this research to elevate the rejection at lower
temperature. Also, for these cases, the Matlab code has been used to test the rejection
parameter at higher temperature, and the results show a clear increase in solute flux and a
decrease in chlorophenol rejection. From the results of Table 7, the problem appears
multimodal problem i.e. with the possibility of more than one solution. This is why for some
cases, the temperature is near the upper limits and sometimes, the proposed GA finds a

solution, in which the temperature is near the lower limit.

Table 7. Optimal values for Problem 1

Feed Rej Experimental Decision variables
Case conc. (Max.) Ploss: GA GA Iston vart
o) x10%,  Sundaramoorthy  Sundaramoorthy Rej P)oss Fb Pb T
kmol/m3 etal. [22] etal. [22] © ©) b
1 6.226 0.83 1.93 0.98 0.42 1.0464E-4 24.77 40
2 3.891 0.77 1.89 0.99 0.39 1E-4 21.64 15
3 2.335 0.75 1.84 0.99 0.39 1E-4 18.87 15
4 1.556 0.72 1.79 0.99 0.39 1E-4 17.48 15
5 0.778 0.66 1.74 0.99 0.39 1E-4 16.09 15
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For a better understanding of the temperature influence at high feed concentration, case 1 is
used to analyse the impact of varying the temperatures. Table 8 shows that the chlorophenol

rejection has slightly dropped with the decrease of the up limit of temperatures.

Table 8. The up limit of temperature on results for case 1 of Problem 1

Up limit of GA GA Decision variables
Temperature Rej P)oss Fbe Pb Ty
40 0.98 0.42 1.0464E-4 24.77 40
39 0.97 0.43 1.0597E-4 24.77 39
38 0.96 0.45 1.0749E-4 24.77 38
37 0.94 0.46 1.0925E-4 24.77 37
36 0.95 0.41 1E-4 24.77 15
35 0.95 0.41 1E-4 24.77 15
34 0.95 0.41 1E-4 24,77 15

The optimisation results of the Problem 2 for each inlet feed concentration and the optimized
decision variables obtained are given in Table 9. The GA optimisation results show that a
maximum chlorophenol rejection for all five cases can be achieved within the operating
parameters of inlet feed flow rate, pressure and temperature of 1.922 — 1.945E-4 m?3/s, 7.32 —
7.53 atm and 40 °C respectively. This is comparable to the optimisation results of Problem 1.
Here, GA optimisation increases the chlorophenol rejection of five cases by 8.54, 15.25, 16.2,
19.59, 26.57% respectively, at the same time keeping an allowable pressure drop constraint.
It also appears that considering the pressure drop as a constraint actually deviates the
optimisation process to raise the rejection parameter by using a lower feed flow rate but at a
higher temperature. Table 9 shows that for each case, the temperature has achieved its up
limits and the pressure has moved to the lower limits in order to achieve the two objective
functions of the problem. This is considered as a positive result when considering
comparative results of raising the operating pressure — a well-known key parameter of raising

rejection.

Table 9. Optimal values for Problem 2

Feed conc. Rej Experimental

Coo) X10°, (Max.) P, GA Decision variables

Case
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kmol/m3 Sundaramoorthy ~ Sundaramoorthy Rej

etal. [22] etal. [22] Fbo) Pbg T
1 6.226 0.83 193 090 19224364 7.53 40
2 3.801 0.77 1.89 089  193143E-4 747 40
3 2335 0.75 1.84 0.88  193036E-4 7.45 40
4 1556 0.72 1.79 0.87  194295E-4 7.41 40
5 0.778 0.66 174 0.84  104572E-4 7.32 40

Where GA Py = 1.38 atm

The temperature influence is given in Table 10 for high feed concentration (Case 1).
Interestingly, Table 10 shows that the chlorophenol rejection drops with the decrease of the
up limit of temperatures. This is due to choosing a minimum operating pressure as an
objective function. This might cancelled its impact and results in a reduction in a rejection
parameter due to decrease in temperature. This should be compared to using a higher

operating pressure as the case of Table 8, which slightly affects the rejection parameter.

Table 10. The up limit of temperature on results for case 1 of Problem 2

Up limit of GA Decision variables
Temperature Rej Fb Pbg Tb
40 0.90 1.9224E-4 753 40
39 0.89 1.9199E-4 753 39
38 0.88 1.9172E-4 753 38
37 0.87 1.9142E-4 753 37
36 0.86 1.9110E-4 753 36
35 0.84 1.9076E-4 753 35
34 0.83 1.9039E-4 753 34

Where GA Py = 1.38 atm

6. Conclusions

In this study, optimisation of chlorophenol rejection from wastewater is considered using
model based techniques. A one-dimensional mathematical model for the prediction of the

performance of wastewater spiral-wound RO process is developed and implemented. The

29



consistency of the proposed model is tested against actual experimental data of chlorophenol
rejection from the literature using a pilot-scale RO system with a single spiral-wound
membrane element. The model is then augmented with a novel genetic algorithm platform
involving two objective functions of maximizing chlorophenol rejection and minimizing the
operating pressure for a set of five different feed concentration while maintaining the
treatment operation within an allowable pressure loss i.e. with significant energy savings. The
results show that the rejection parameter of chlorophenol can be optimized up to 26.57% for
the set of five inlet feed concentration and all within the allowable constraint of pressure
drop. The results clearly show that RO problems are very complex and multimodal with the
net inference that many global solutions may exist. Such other global solutions will be

explored in further related research.
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Appendix A

The diffusivity of brine and permeate Dy, and Dy, () (M?/s) are given by the relations.

2513
Dy(x) = 6.725E — 6 exp {0.154613 — 3 Cyx) X18.01253 — m}

(1)

Dp(x) = 6.725E — 6 exp {0.15465 ~ 3 Cp(ap) 18.01253 — A}

Tp(x)+273-15

()

While the viscosity of brine and permeate py,x) and ) (kg/m s) are given by the relations.

1965
Uy = 1.234E — 6 exp {0.02125 — 3 Cyry X18.0153 + m} 3)

1965
Up(r) = 1.234E — 6 exp {0.02125 — 3 Cp(ar) ¥18.0153 + W} (4)

The density of brine and permeate py,x) and py(x) (kg/m?) are given by the equations below:

Pp(x) = 498.4 mp(y) + \/[248400 m]%(x) + 752.4 Mex) Cpx) x18.0153] (5)
Ppx) = 498.4 My + J [248400 m2 ) + 752.4 My(xy Cpiavy ¥18.0153] (6)

Where:

M) = 1.0069 — 2.757E — 4 Ty

(")

Mpy = 1.0069 — 2.757E — 4 Ty

(8)
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The Reynolds number along the feed and permeate channels

Repx) and Rey, () (dimensionless) can be calculated from:

dep F
Reb(x) — Pb(x) A€b F'b(x) (9)
b W lp(x)
_ Pp) depJwx)
Repy =—"———

Hp(x)
(10)
Where de;, and de, (m) are the equivalent diameters of the feed and permeate channels

respectively.

deb = th (11)
de, = 2t,
(12)

trand t, (m) are the heights of feed and permeate channels.
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