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ABSTRACT

This paper discusses the response surface methodology (RSM) study on a recent direct contact
membrane distillation (DCMD) system. The DCMD system is reviewed due to its myriad attention
on desalination process, especially on water treatment of high salinity and reclamation of industrial
process water. The fundamental of DCMD, as well as the mass and heat transfer principles for mod-
elling the system, are firstly explained and compared with previous studies. Then, the researcher
highlighted the parameters involved in the modelling of DCMD process, such as feed temperature,
velocity, and concentration, simultaneously with common membrane properties in mass and heat
transfer models. The correlation of these frequently studied parameters with the conventional model
was included and summarised. Subsequently, RSM was performed for the model development of
the DCMD system, which included common design matrix applications, such as Box-Behnken,
central composite design, and full factorial design. Finally, this work reviews the most recent
application for the DCMD modelling of the model, comparing its experimental number runs, inde-
pendent input number, model levels, and accuracy for optimising the DCMD process using RSM.

Keywords: Response surface methodology; Membrane distillation; Desalination; Direct contact
membrane distillation; Modelling

1. Introduction

The increase in population, climate change, and pollu-
tion have all contributed to freshwater scarcity. As such,
the use of seawater desalination as a sustainable source of
drinking water is seen as a solution to address the afore-
mentioned issue. Desalination using membrane distillation

* Corresponding author.

is an emerging alternative to the conventional reverse
osmosis (RO) process in saline water treatment [1]. To date,
RO has been widely used in industrial plants for commer-
cial-scale desalination processes, which cover nearly 69%
of the world’s saline water [2,3]. This is attributed to the
main advantages of RO, which include high salt rejection
and high permeation. Despite its benefits, the RO process
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consumes nearly 4 kWh/m?® of electricity for its system,
requires high pressure (5.5-6.8 MPa), and has limitations
with high salinity feed [4-6]. As a result, there is a grow-
ing interest in membrane distillation-based desalination as
a potential alternative to provide nearly 100% rejection of
non-volatile compounds at moderate operating conditions
[7]. Membrane distillation (MD) technology is known to
be highly efficient, with lower energy consumption when
compared with RO, as well as its versatility and techno-
logical capacity, which allows the process to treat a wider
range of water and wastewater [8]. The current effort to
improve MD technology includes ease of operation, less
chemical usage, and low energy consumption, leading to its
growing acceptance in the industry [9,10].

However, these processes are still subject to a vari-
ety of constraints, such as temperature polarisation and
fouling issues, which result in lower desalination perfor-
mance [11-13]. The temperature polarisation often led to
a decrease in flux rejection in the MD process. Thus, this
situation necessitates an optimisation solution, which can
be achieved by employing various modelling approaches,
such as conventional mass and heat transfer modelling,
computational fluid dynamics (CFD), and response surface
methodology (RSM). The conventional method of system
optimisation requires numerous time-consuming experi-
ments, whereby this limitation is portrayed by the conven-
tional method, thus highlighting the importance of RSM
implementation in order to save time and cost through
reduced number of trials [14].

The MD process is commonly operated at low feed tem-
peratures ranging from 50°C to 80°C at atmospheric pres-
sure. In MD, the heated liquid feed/seawater is commonly
brought into contact with the membrane, with the cold-water
stream flowing on the other side of the membrane (perme-
ate side) [15]. The driving force for this process is attributed
to the temperature difference between the permeate and
feed stream, which creates a vapour pressure gradient that
moves the water molecule across hydrophobic membrane

Hot Feed Stream
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[15]. The evaporated water molecule is further condensed
at the other side of the membrane (permeate side), resulting
in a very pure drinkable water. Therefore, the MD process
is observed to have included both mass and heat transfer in
order to successfully drive pure water fluxes, leaving con-
taminants from the feed liquids, as illustrated in Fig. 1.
Membrane distillation is generally classified into four
types: direct contact membrane distillation (DCMD), vac-
uum membrane distillation (VMD), sweeping gas mem-
brane distillation and air-gap membrane distillation [16,17].
Among the numerous approaches to conducting membrane
distillation processes each has advantages and disadvan-
tages. However, this paper focuses on the DCMD type of
configuration because it is the most commonly used and
studied MD configuration due to its simplicity, as well
as its ability to reject all dissolved non-volatile species in
water [15,18,19]. For instance, when compared with the
VMD, as shown in Figs. 2 and 3, the DCMD’s operation at
atmospheric pressure and ability to treat a saline feed with
various concentrations while eliminating the need for an
additional external condenser make DCMD an appealing
system to further study and optimise [20,21]. Though there
is a requirement for the feed/permeate pump to provide ade-
quate turbulence in mitigating the concentration and tem-
perature polarisation issues commonly associated with the
MD system [22], the pumps used in the DCMD process can
be fabricated with low-cost plastics due to the low pressure
operation [10]. Despite these advantages, industrial com-
mercialisation of DCMD remains limited due to a variety of
technical issues, most notably material efficiency, module
design, and maintenance cost [23,24]. The need for external
energy supply can be substituted by using solar panels, as
shown in the study by Bamasag et al. [25] and Lee et al. [26].
Furthermore, the application of this solar panel has been
studied by Soomro and Kim for the 111-MWe SPT plants
integrated with the DCMD system in Abu Dhabi, United
Arab Emirates, as specified in Fig. 4. The study results in a
low-cost value for energy and water production per meter,

Cold Permeate Stream

Fig. 1. Schematic representation of heat and mass transfer across the membrane in the DCMD system [15].
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Fig. 2. Schematic diagram of VMD operation [28].
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Fig. 3. Schematic diagram of DCMD operation [15].

indicating that the system is economically feasible. Its imple-
mentation would significantly overcome the freshwater
crisis and electricity unavailability globally [27].

2. Fundamental of DCMD

In DCMD configuration, the heat and mass transfer fol-
low the basic MD principle. Fig. 5 shows the DCMD sche-
matic diagram with temperature variation along hydro-
phobic membrane with the hot solution (feed) is in direct
contact with one side of the membrane surface. The hot
solution (feed) is in direct contact with one side of the mem-
brane surface. Evaporation occurs on the feed side, and
water vapour movement into the membrane (gas phase only)

FT2

PT1: Feed inletl pressure transmitter
PT2: Feed outlet pressure transmitter
PT3: Cold inlet pressure transmitter
FT4: Cold outlet pressure transmitter

V1! Fead pump prassura reliaf valve
V2: Feed by-pass valve

V3 Feed low pressure control valve

V4 Feed high pressure control valve
V5. Feed tank drain valve

CT1: Feed inlet conductivityftemperature transmitter vg: Cald tank drain valve
CT2: Remote conductivity'temperature transmitter

VT Cold low-pressure control valve

towards the permeate side is caused by the pressure differ-
ence between the hot feed and the permeate stream [29,30].
Water vapour condenses into water droplets in the permeate
stream once it reaches the cold-permeate side of the mem-
brane. Because the configuration involves direct contact
between the membrane surface and the permeate liquid
phase, heat is quickly transferred from the feed side into the
permeate stream, favouring temperature polarisation. This
significant temperature difference may result in heat conduc-
tion loss, thereby possibly reducing the overall thermal effi-
ciency. Notably, the temperature difference has had a signifi-
cantly impacted on the efficiency of membrane distillation
[31]. In recent years, a number of studies involving the mod-
ification of DCMD have been conducted, involving both the
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Fig. 5. DCMD diagram with temperature variation along hydro-
phobic membrane [37].

operating conditions and membrane properties modifica-
tion, such as in the [32-36] study with the various objective/
input parameters being studied. Optimisation is required
to obtain the most efficient condition or highest quality of
fabricated membrane for DCMD application. Table 4 sum-
marises numerous studies that have implemented a design
matrix for RSM application, which show deviations in the
range of 0.5%-5% deviations. The optimisation predicts
the best operating condition for the DCMD process, with a
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slight deviation from the experimental data. The following
section discusses the DCMD processes that are modelled
using conventional mass and heat transfer and RSM.

3. Model for DCMD

This section discusses the appropriate model (i.e., mass
and heat transfer model) and RSM for the DCMD process
based on a literature search.

3.1. Mass and heat transfer model

Mass transfer in the DCMD unit acquires the permeate
solution temperature lower than the feed solution, forcing
the vapour molecule transfer through the membrane pores
and condensation at the permeate side [38]. When the feed
solution reaches the evaporation limit, vapour is formed
at the membrane boundary layer, and the mass transfer
begins. It can be seen that mass transfer across the mem-
brane is primarily determined by the difference in vapour
partial pressure between the two sides of the membrane,
as shown in Eq. (1):

J(T)=B(T)(P,(T)~ P, (T)) (1)

where J(T) is the permeate flux (kg/m? s); and P_(T) and
p_(T) are the interfacial pressure along membrane bound-
aries between feed solution and permeate solution, respec-
tively. In most cases, the flow pattern in the membrane is
a mix of Knudsen diffusion and ordinary molecular diffu-
sion [39]. The membrane mass transfer coefficient, B(T), of
the process can be expressed in Eq. (2):

B(T) = ! @

@ P RT 3%5(8M )"
¢ PD M 2er\ nRT
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where ¢, r, T and 0 are the porosity, tortuosity, pore radius,
and membrane thickness, while P is the total pressure
inside the pore, and D is the water diffusion coefficient.
P /P, are partial water vapour pressure on feed or per-
meate sides, respectively, which can be calculated by using
Egs. (3) and (4) [39]:

P =(1- x)(l ~0.5x~10x) P° 3)

mf/mp

The P? in the equation above is the water vapour pres-
sure, while x is the salt molar fraction in either feed or
permeate sides. Thus, the P’ can be calculated according
to Eq. (4), where T in the equation represents the solution
temperature.

4)

P = exp(23.1964 - 3"816'44J

T-46.13

The heat transfer model in the membrane distillation
process is generally described and quantified based on
the heat transfer occurring in the membrane by predict-
ing the membrane interface temperature [18]. Some of the
parameter values generated by the heat transfer model are
essential to complete the mass transfer model. The combi-
nation of both of these models allows the output, which is
often water flux, to be predicted. The heat transfer model
is divided into four different parts based on the region
of the membrane; heat transfer from the feed bulk to the
membrane interface, heat flux through the membrane,
heat transfer due to evaporated water flux, and heat trans-
fer from the permeate membrane interface to the bulk of
the permeate side [18,40]. Moreover, it is noteworthy that
in an equilibrated MD module, the heat flux in the water
channel and membrane must be equal according to the
conservation of energy and mass law in the thermodynam-
ics [38], which applies to different regions in the DCMD
process, as specified in Fig. 6.

The total heat transferred from the feed solution through
the membrane and permeate sides are calculated using
Egs. (5) and (6). The K  is the average membrane thermal
conductivity; Vf and Vp are the convective heat transfer
coefficient on feed and permeates solution, respectively;
and A is the membrane area.

Q,=AV, (Tf - Tmf) ()
Q= AVp(Tmp —Tp) (6)
Q, =%(Tmf7Tmp)+A](T)H(T) @)

m

The H(T) in Eq. (8) represents the latent heat of
evaporation, which can be expressed as per Eq. (8):

H(T)=2,500.8 —2.36T +0.0016T* — 0.00006T" (8)
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Fig. 6. Heat and mass transfer through the membrane [41].
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The energy balance equation for the DCMD process
can be concluded as in Eq. (9) [37,42]:

AV (T, - T, )= A—k'"(Tmf ~T,,)+AJ(T)H(T)
= A\”/;(Tmp -T,) ©)

3.2. Response surface methodology model

Response surface methodology is an optimisation
method that combines empirical statistical and mathemat-
ical techniques to model a specific system and provide
quantitative analysis for the experimental, focusing pri-
marily on the parameter to develop an optimised regres-
sion model [28,43]. Response surface methodology is
implemented in a particular experiment by developing a
linear or quadratic polynomial function that adjusts the
output/response of the experiment based on the input
parameter, such as operating conditions. The RSM can
be designed using a variety of design methods, includ-
ing Box-Behnken design, full factorial design (FFD), and
central composite design (CCD), in which each has their
own advantages and disadvantages [44]. However, a
specific design method selection is normally dependent
on the experimental points numbers for the number of
variables and number of executions.

It is widely acknowledged that RSM has a few limita-
tions, such as untrustworthy polynomials when extrapo-
lated beyond the experimental region and intricate analysis
when the number of experiments is too large. However, the
benefits of using RSM outweigh the drawbacks of the tra-
ditional method. RSM is usually conducted with one fac-
tor at a time while keeping other factors constant, and is
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favoured for optimisation compared with the conventional
method. This conventional method serves to optimise the
system but it is time-consuming and is high in experimen-
tal cost. Furthermore, conventional method implemen-
tation lacks in considering the interaction effect between
different experimental parameters, which are achievable
when RSM is used as the optimisation approach [28,45].
However, the researcher needs to sincerely acknowledge
model development alongside the steps to conduct the RSM
analysis, and they are further discussed in the next part
of this paper.

3.2.1. Steps in conducting RSM

A few essential steps must be followed in order to suc-
cessfully conduct RSM for optimisation, which include
screening and analysis in order to select the primary input
required to initiate the optimisation. Concurrently, the steps
include eliminating any input variables that contribute
less to the response [46]. The selection of input variables is
important to decide the number of experiments to run for
optimisation purposes. The next step is to choose the most
suitable experiment design, such as Box-Behnken design,
central composite design, or full factorial design, based on
the experiment suitability. The suitability of the models is
primarily determined by the experimental condition limits,
which are highly dependent on the input parameters; this is
further elaborated in Section 2.3. Following the selection of
DOE, the number of experiments (N) is calculated with the
specific DOE formula and is further specified in Section 2.3.1-
Section 2.3.3. Generating the number of experiments allows
the optimisation to be initiated using any suitable software
for RSM, mainly Minitab and Design Expert. The regres-
sion equation, analysis of variance (ANOVA), and opti-
mised points in the experiments were generated after the

optimisation was performed using the software. The opti-
mised points obtained from the optimisation model were
validated by experimentation with the optimised parame-
ter value [43,47]. However, if the optimisation points in the
model generate highly deviated results, another model of
the experimental equation and experimental design is pre-
ferred. Therefore, to finalise the RSM results, a graphical
representation in three-dimensional (3D) surface model-
ling may be generated to facilitate studying the interactions
between the various inputs and the response. The steps for
conducting the RSM is summarised in Fig. 7.

3.2.2. Basis for model development

To understand the basis for the model development
based on the design of the experiment method selected, it
is essential to fully acknowledge the experimental parame-
ter with its mathematical model, which measures the values
of responses and the optimised results. Therefore, steps for
screening and analysing input parameters in Section 2.2.1
is crucial in predicting the response parameter of interest
(R) value. The R-value depends on the level of quantitative
input variables X, X, ... X, and is expressed as [46]:

R=f(X,X,....X,) (10)

The relationship between the response parameter of
interest (R) and the selected levels of quantitative input
variables (X) can be either a linear or factorial model and
can also be adjusted to second or third-order expression
[46]. A first-order expression is implemented if the response
can be defined with a linear function of an independent
factor with the equation specified below.
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Fig. 7. Summary of steps to conduct RSM.
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R=P, +B,X, +B,X, +¢ (11)

Meanwhile, the highly structured second-order expres-
sion model is expressed as:

R = B[l + B1)(] + BZXZ + Bllxlzl + B12)(52 + B12X1X2 +e (12)

In this equation, (3, is the model constant; while {3,, 3,
are the model coefficients; X is the independent variables;
k is the number of independent variables; and ¢ is a statis-
tical error. The X in Eq. (12) represents the main effect for
each input; X, X, represent the interactions between the
input factor; and X refers to the quadratic components for
the input factor. The response surface can portray the rela-
tionship between response and level of factors. However,
the level of each factor required is three for estimating the
curvature of the response surface. The quadratic term is
unable to be estimated if the centre point with two-level
design is implemented adequately.

3.3. Types of common models
3.3.1. Box—Behnken design

Box-Behnken design (BBD) is one of the methods
used in RSM experiment design. The BBD is an exciting
model that allows the modelling of first and second-order
response surface generation in contrast to three-level full
factorial design, which requires three-levels for each input
factor [48]. This advantage results in a more cost-effective
modelling because of the fewer experimental runs required
for the optimisation phase. The BBD offers response sur-
face modelling without axial points and a significant num-
ber of continuous tests, with factors ranging from 3 to 7
[49]. Box-Behnken design requires three-levels per factor.
However, to fit a second-order equation, twelve middle
edge nodes and three centre nodes are required [50]. Fig. 8
shows that the Box-Behnken design acquires the points at
the midpoints of cubical edges.

To obtain the number of experiments to be conducted
using Box-Behnken design, Eq. (13) is applied:

Fig. 8. Box-Behnken design matrix.

N =2(k(k-1))+C (13)
The k represents the number of input parameters of the
same factor, while coefficient (k(k — 1)) represents the constant
that considers the min and max of other parameter levels.
The coefficient C represents the centre points in the BBD.

3.3.2. Central composite design

The central composite design is one of the most imple-
mented designs aside from the Box-Behnken design
[19,28]. The central composite design of the experiment
comprises a factorial design with a central point extended
with a group of axial points [46]. The central composite
design combines Box-Behnken design and Box-Wilson
design comprising the points at the centre of the experi-
ment domain and star points outside the domain, as shown
in Fig. 9. There are three basic types of central composite
designs, which are central composite face-centred (CCEF),
central composite circumscribed (CCC), and central com-
posite inscribed (CCI). Table 1 summarises the difference
between these various CCD methods.

These design types vary based on selecting experi-
mental points, several variables, and executions [46]. For
the CCF and CCI, the design can be run at 5 levels: +a,
-0, central point, +1, -1 [52]. Few elements are crucial in
determining the experimental points number of levels each
for variables and its execution which are o-value, factor
number (k), replicate number (C ). a-value is the distance
of each star points from the centre of CCD, where this
value depending on the number of variables and can be
calculated using Eq. (14).

. (Zk )0.25 (14)

The o-value for a specific CCD model would indicate
the axial point location outside or inside the cube, a-value
less than 1 portrays the location of the axial point as a cubic
shape, while for o-value greater than 1, the axial points
located outside the cube [47]. The ability to acknowledge
the a-value for a specific model would suggest the type for
CCD design, whether it is CCF, CCI, or CCC. The number

Fig. 9. Generation of central composite design.
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Table 1
Difference between three types of central composite design [51]

Type of central composite design Difference Experimental
Central composite circumscribed (CCC)  Requires 5 level per factor.

Star points are located outside of the initial experimental domain. e
Composite face-centred (CCF) Requires 3 level per factor.

Star points are located on the experimental domain face.
Central composite inscribed (CCI) Requires 5 level per factor. -

Implemented if it is not possible to leave the experimental domain.
The CCC are reduced to fit this domain.

]

ccl

of the experiment is indicated in Eq. (15), where k is the
factor number, and C, is the central point replicate number
[46,53].

N=k*+2k+C, (15)

3.3.3. Full factorial model

A full factorial model is a technique in modelling that
enables the study of multiple independent variables with
multiple levels for a dependent variable. This approach
is used widely due to its efficiency in experimental runs,
straightforward analysis, and ease in designing [54,55].
It is considered one of the effective methodologies in design-
ing experiments that involve multiple factors with different
outcomes value and involves design matrix with two levels
of input parameters: lower bound and upper bound, which
represents two levels for this design approach. The high
and low combinations of low input factors are required to
plan the experimental runs for both experiments and mod-
elling. There are two known types of full factorial mod-
els. The two-level full factorial model is more suitable for
the screening process, whilst the three-level full factorial
model is more suitable for optimisation problems. The
two-level full factorial model number of experimental tri-
als is calculated in Eq. (16), where k represents the num-
ber of variables and L is the level of the variables. Fig. 10
illustrates a two-level full factorial design matrix illustration.

N=2f (16)

Nevertheless, a two-level full factorial design is not
suitable for optimisation purposes. This type of design
matrix only allows the modelling of first-order response
surfaces attributed to their levels for each independent
input factor. It requires 3-5 levels of independent input fac-
tor for optimisation purposes, which can only be achieved
using a three-level full factorial model. The three-level
full factorial design number of experimental trials can be
calculated by Eq. (17).

N =2* 17)

X2 (-1,+1,+1) (+1,+1,+1)

N\

(-1,+1,-1) (+1,+1,-1)

(-1,-1,+1) (+1,-1,+1)

X3

N

(-1,-1,-1) (+1,-1,-1)

e

Fig. 10. Illustration of two-level full factorial design matrix with
three independent inputs [48].

Nonetheless, the three-level full factorial design often
relies on many experiments required compared with CCD
and BBD designs, which in return makes it most costly to
be run. Recently, it has been observed that the full factorial
approach is widely applied in medical research, such as in
[49,55]. However, it is less common in membrane science,
where full factorial design is often used as a screening
design to select the most important input factors and dis-
card the less significant factors [55]. Nevertheless, despite
their rare application in the membrane science field,
recent research by Ebadi et al. [61] has successfully imple-
mented the full factorial design to optimise the DCMD
operational conditions at Esfahan Oil Refining Company
(EORC) in Iran, as specified in Section 3.3.

Subsequently, Table 2 specifies and summarises each
model of the experiment trials formula and factor levels
that best suit each model. Hence, based on the three mod-
els portrayed in the review, the comparison for the number
of experiments with different factors is further tabulated
in Table 3. The three-level full factorial design results in a
higher number of experiments that need to be run for an
optimisation to be conducted compared with the central
composite and Box-Behnken model. The central composite
design, which requires more experiments than BBD, is due
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to the repetitions of centre points applied in the design of
experiment limits. Despite its lower number of experiments,
the BBD design needs to be conducted with a factor less

Table 2
Summary for models experiments trials formula and level of
factors

Design of experiments ~ Experiments Level Factors
[48]
Full factorial (2-Level) N=2¢ 2 2<k<5
Full factorial (3-Level) N=3 3 2<k
Box-Behnken N=2k(k-1)+C 3 3<k<5
Central composite N=k+2k+C, 5 2k<5

Table 3

than 4, which is an advantage for this model; however, it
was eliminated when runs with more than 4.

3.4. Correlations between RSM-based model
with mass and heat transfer model

As discussed in the section before, the mass and heat
transfer model includes various parameters in the DCMD
process, including membrane properties such as tortuosity
and membrane pores. With various factors included in the
mass and heat transfer model, the researcher may encoun-
ter problems in which factors to be studied for optimisa-
tion purposes. The independent factors for a study, on the
other hand, are commonly chosen based on evaluating the
most significant operational factor [56]. Table 4 summarises

Comparison for central composite design, Box-Behnken design, and three-level full factorial design number of experiments for the

optimisation process

Number of Factors Central composite design

Box-Behnken design Full factorial design (3-Level)

2 13 (5 Centre point repetition) - 9

3 20 (6 Centre point repetition) 15 27

4 30 (6 Centre point repetition) 27 81

5 52 (full factorial) 46 243
Table 4

Common studied factors for optimisation of DCMD system

Reference ~ Membrane Input Response
configuration

[57] DCMD Feed inlet temperature (40°C-80°C) Average permeate flux
Permeate inlet temperature (15°C-35°C) Water productivity per unit volume of module
Flow velocity of feed solution (6-54 m/min) Water production per unit energy consumption
Module packing density (5%—45%) Comprehensive index
Length-diameter ratio of module (3.3-16.7)

[58] DCMD Initial feed concentration (30-25 wt.%) Feed concentration increase
Feed inlet temperature (65°C-55°C) Transmembrane water flux
Distillate inlet temperature (30°C-20°C)
Feed and distillate flow rates (1-0.4 L/min)

[15] DCMD Feed temperature (50°C-80°C) Permeate flux
Permeate temperature (20°C) Heat transfer rate
Feed and distillate flowrate (0.2-0.8 LPM) Temperature and concentration polarisation effect
Pore Size (0.1-0.4 uM) Temperature profile and energy efficiency

[66] DCMD Feed temperature (295-332.5 K) Mass flux
Feed flowrate (1.75-3.8 m/s)
Feed concentration (10-90 g/L)
Membrane thickness (0-350 pm)
Porosity (-15%-15%)

[49] DCMD Flowrate of feed solution (0.4-0.9 L/min) Water flux
Flowrate of draw solution (0.3-0.7 L/min) Salt reverse flux
Concentration of draw solution (3-5 M)

[14] DCMD Stirring rate (786.8-150 RPM) Permeate flux

Feed inlet temperature (50°C-22.3°C)
Feed concentration (2.193-0.2 M)
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factors that are commonly studied for the optimisation of
DCMD in recent years. The most studied input parameters
were found to be feed and permeate inlet temperatures,
feed inlet concentration, and feed and permeate flowrate.
Meanwhile, it is uncommon to find factors involving mem-
brane properties, for example, pore size, membrane thick-
ness and module packing density.

The DCMD process is heavily reliant on water vapour
pressure as the driving force, emphasising the significance
of increasing feed temperature in terms of improving flux
permeation in the DCMD system [57,58]. Hence, for an effi-
cient DCMD process, the temperature differential between
the feed and permeates sides must be as large as possible
within the system limit in order to aid in higher flux [59].
The significance of the feed temperature is also portrayed
in the literature [60,61]. Furthermore, as demonstrated in
previous studies [62,63], feed flowrate can affect DCMD
performance by lowering the temperature and concentration
polarisation on the membrane surface. Under ideal condi-
tions, increasing the feed flowrate simultaneously increases
the thermal efficiency, thus resulting in a rise in flux.

In contrast to the RO process, feed concentration is an
interesting parameter in the case of a DCMD system due
to its suitability for high salinity water treatment. On the
other hand, the effect of the feed temperature and flowrate
contribute more to the DCMD process as demonstrated in
the previous study [61]. Membrane properties have been
shown to increase permeate flux by increasing pore size and
porosity while decreasing pore tortuosity and membrane
thickness [64,65].

4. Current application of design matrix in modelling
DCMD system

4.1. Box—Behnken design

Guillen-Burrieza et al. [56] demonstrated the use of
BBD to optimise or model the DCMD system under various
operating conditions in order to understand the operational
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parameter effects on the wetting phenomena [56]. In their
study, the BBD model proposed 22 experiments to model
the system. The research group highlights that the BBD
design was used because it has fewer design points and
thus takes less time to conduct the experiments. Four oper-
ational parameters were included: feed and permeate flow-
rates, permeate flux, wetting rate, and time when wetting
was detected. The BBD model used in the study assumes a
linear relationship between factors and response, with the
results demonstrating a high R-value (0.953). Besides that,
the results included a structural analysis to show which
factors had a significant impact on the response itself.
They discovered that the temperature of the feed and per-
meate were more important than the flow rate of the per-
meate. On the other hand, lower feed and permeate tem-
peratures result in early wetting.

The Box-Behnken design matrix was used in a study by
Zhou et al. [49] to study the forward osmosis—-membrane
distillation (FO-MD) process. The study also adopted RSM
in optimising the FO-MD process. Feed flow rate, perme-
ate flow rate, and permeate solution concentration were
included as independent variables in modelling the system.
The response includes maximising water flux and pollut-
ants removal efficiency, and minimising salt reverse flux.
The BBD was used to design three-factor and three-level
experiments, resulting in a total of 17 experiments to be car-
ried out. Meanwhile, under optimal conditions, the regres-
sion coefficient obtained for the system feed temperature
is 0.9875, indicating a great correlation between the regres-
sion equation and the deviation data in the study and is sig-
nificant to the MD process, as shown in Fig. 11.

4.2. Central composite design

The central composite design is one of the most popu-
lar approaches in modelling membrane distillation sys-
tems, mainly due to its suitability to caters for more than
two factors while still providing high accuracy in optimis-
ation results. In a study by Hubaidillah et al. [63]; a central
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composite design of the experiment was applied to model
and optimise the DCMD system, using a cost-effective,
green ceramic hollow fiber membrane for desalination. This
green ceramic hollow fiber membrane was made from rice
husk waste, making membrane production more cost-effec-
tive. The study optimised feed temperature, permeate tem-
perature and feed flowrate as inputs, and permeate flux as
a response [63]. To optimise the green membrane’s DCMD
process, 32 experiments and 3 replicate points were per-
formed using central composite design as DOE. From the
ANOVA results obtained by the CCD model, the feed flow
rate is highly significant compared with the feed tempera-
ture, as shown in Fig. 12a. Meanwhile, Fig. 12b demon-
strates that the permeate temperature and the feed flowrate
did not have a significant effect of salt rejection.

Meanwhile, Abdelkader et al. [64] optimised the DCMD
desalination process by investigating temperature differ-
ence, feed velocity, salt concentration and glucose concentra-
tion with permeate flux as a response. Both input and the
response were modelled by 5 levels of central composite
design. The simulated model demonstrated a high degree
of correlation between the predicted and experimental val-
ues. According to the author, the model’s R level is 0.967,
indicating that it can explain 96.7% of data deviation. From
the ANOVA results, the temperature difference and feed
velocity have the most significant effect on the DCMD
response. Meanwhile, the salt concentration appears to
have a less significant positive effect on the permeate flux
response, as shown in Fig. 13. This is due to the fact that
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Salt rejection
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Salt rejection

B: Permeate 1250
Temperature
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increasing the feed flowrate and velocity decreases the dif-
ferential temperature between the two sides of the mem-
brane. Consequently, this condition has an effect on the feed
stream viscosity and, as a result, increases the permeate
flux.

4.3. Full factorial design

In a study by Ebadi et al. [61], the full factorial design
was applied to optimise the desalination process at Esfahan
Oil Refining Company (EORC), as shown in Fig. 14. The
process involved using DCMD to implement polytetra-
fluoroethylene (PTFE) membrane for the rejected stream
of RO system. The optimisation involved three-level fac-
torials in the DOE. The optimisation focused mainly on
DCMD operating parameter such as feed temperature,
feed flow rate and permeate temperature, with permeate
flux as the system corresponding response. Here, 32 sets of
tests were proposed by the Design Expert Software. From
the surface plot and regression equation, the author con-
cludes that the permeate flux increased with increasing feed
temperature and feed flowrate, and decreasing permeate
temperature.

Rashid et al. [49] used the full factorial design matrix in
their study for optimising the PVDF-co-HFP hollow fiber
membrane with a 15-cm effective length for the DCMD sys-
tem. The study introduced four operating parameters: feed
temperature, feed flow rate, feed concentration, and polyvi-
nylpyrrolidone (PVP) content. The study used second-order

C: Feed Flow
Rate

=

Feed Flow
Rate

Fig. 12. Three-dimensional (3D) response surface plot of salt rejection as a function of operating factors: (a) feed temperature vs. feed

flow rate and (b) permeate temperature vs. feed flow rate [61].
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full factorial design matrix, which resulted in 16 times of
experimentation. From the optimisation results, the signif-
icance level is PVP dope > feed temperature > feed flow-
rate > feed concentration, with a coefficient of determination
(R?) of 97.56%, indicating that the model depicted 97.56% of
the data deviation. Fig. 15 depicts the surface plot from their
study, which shows that flux increases with increasing feed
temperature but nearly reaches a plateau with increasing feed
flowrate.
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5. Optimisation accuracy and most suitable model for
optimisation of DCMD

Table 4 summarises the optimisation conditions for each
study based on the current modelling application in the
DCMD system in Section 3.0. By comparing the optimisa-
tion using the CCD design matrix (Table 5), it can be seen
that as the number of experimental runs increases, with
3 to 4 independent variables, the deviation between the

(b)

20
Jp
(Lim2.h)__
30
0 Y /720 NaCl
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60

Fig. 13. Response surface plots as a function of (a) temperature difference vs. feed flowrate and (b) temperature difference vs. NaCl

concentration [62].
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Fig. 14. (a and b) Graphical illustration of variable interactions for the proposed DCMD desalination at EORC refinery [61].
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simulation value and the real experiment value decreases.
On the other hand, it can be observed that for the same
experiment run times, which is 32 for both CCD and full fac-
torial design, and the same amount of input factor, the full
factorial design has a higher percentage deviation from the
experiments, with 3.5%, compared with 0.5% for the CCD
design. This condition is attributed to the CCD design imple-
mentation, which used 5 levels per factor for modelling,
while the full factorial design used three-level per factor.

Moreover, for the same DOE method, CCD, with the
same number of input factors [59,63], slight differences in
the number of experiments run resulted in a higher devi-
ation from the experimental value. The CCC design and
CCF design matrix application is identified with 5 levels
and 3 levels per factor, respectively [62,58]. Even with 5
level implementations, the CCC design matrix produces a
higher deviation than the CCF design. The nature of CCC
design which includes the generation of new extremes
for each input that is outside of the range, explains the
deviation of the optimisation from the CCF design. The
BBD model, which has the fewest experimental runs,
still achieved a comparable experimental value for its
optimisation. However, due to the lack of recent imple-
mentation of the BBD model for the DCMD system, its
optimisation suitability by RSM cannot be fully concluded
in this review and requires further research.

From all of the models discussed in this paper, the
majority of the models, BBD, full factorial, and CCD, pro-
vide nearly the same range of deviation 0%-5% from the
experimental condition. In comparison with the full factorial
model, the CCD model is recommended for an input fac-
tor of 3. It can be observed that the temperature and flow-
rate of feed and permeate are mainly investigated to model
the DCMD system. Meanwhile, other operating parame-
ters such as the membrane area and DMCD configuration,
among others, should also be taken into consideration
to generate optimum condition.

6. Conclusion and future directions

Membrane distillation has gained an increasing amount
of interest over the year, whether it’s for modelling, applica-
tions or testing parameters. The MD technologies are suit-
able for removal of different contaminants such as heavy
metals, organics and inorganic salt. The fundamentals of
DCMD were briefly discussed in this review, as well as
models used to optimise operating conditions in the sys-
tem. This review identified the most important parame-
ters that most researchers have focused on in recent years:
feed temperature, velocity, and concentration all of which
can affect the efficiency of the DCMD process. Although
multiple parameters play an important role in the DCMD
process, conventional optimisation still falls short of cor-
relating the impact/significance of the parameters to each
other. In contrast, optimisation using response surface
methodology has recently been implemented in a study.
With proper design matrix selection, its deviation from the
experimental value is minimal.

A proper selection of design matrix may require imple-
menting screening method using the 2-level factorial method,
before proceeding with optimisation of the identified

parameter. The CCD model was the most commonly used for
DCMD, with the researchers specifying a range of 3-4 inde-
pendent input variables. In comparison to the full factorial
model and the BBD, the CCD model with the highest number
of experiments has the lowest deviation when a similar range
of input is used. However, for a BBD model, future studies
must be conducted to validate its suitability for the DCMD
process, as there is a lack of study that specifically outlines
its optimisation deviation from experimentation value, in
which it cannot be concluded clearly in this review.

The level of each DOE implements in studying the DCMD
system is important in obtaining the optimum results.
Designs that may include the generation of new extremes
values necessitate further investigation by researchers.
Finally, with technological advancements increasing the
efficiency of the DCMD process by the day, optimisation
study may need to focus on commercial application to over-
come the limitations of these optimisation techniques that
commonly subjected to lab-scale applications. Other than
CCD, BBD, and FFD, there are many other models that
may be suitable for the optimisation process that are not
mentioned in this review.
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